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Abstract
In this paper, we generate conceptual engineering
designs of electric vertical take-off and landing
(eVTOL) aircraft. We follow the paradigm of
simulation-based inference (SBI), whereby we
look to learn a posterior distribution over the full
eVTOL design space. To learn this distribution,
we sample over discrete aircraft configurations
(topologies) and their corresponding set of con-
tinuous parameters. Therefore, we introduce a
hierarchical probabilistic model consisting of two
diffusion models. The first model leverages recent
work on Riemannian Diffusion Language Model-
ing (RDLM) and Unified World Models (UWMs)
to enable us to sample topologies from a discrete
and continuous space. For the second model we
introduce a masked diffusion approach to sample
the corresponding parameters conditioned on the
topology. Our approach rediscovers known trends
and governing physical laws in aircraft design,
while significantly accelerating design generation.

1. Introduction
Conceptual aircraft design is a complex engineering de-
sign problem that involves numerous multi-physics interac-
tions between components (Raymer, 2012). During this ex-
ploratory phase, domain experts must utilize the high degree
of design freedom to meet performance goals and adhere to
constraints. Therefore, one of the key challenges is the nar-
rowing down of the degrees of freedom while meeting the
objectives and requirements for the aircraft. To meet these
desired objectives, designers must run many simulations
while optimizing inputs and observing outputs. To make
this approach more efficient, simulation-based inference
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(SBI) addresses this by ‘inverting’ simulators, amortizing
their cost, and using the resulting model to sample input
parameters (Lueckmann et al., 2021). For electric vertical
take-off and landing (eVTOL) design, there are multiple
challenges to using SBI directly. Firstly, discrete changes
in the topology alter the number of parameters required to
define an aircraft. For example, a single-winged aircraft
needs no parameters for a second wing. Secondly, our de-
sign problem consists of 144 discrete aircraft configurations,
where each has a maximum of 136 parameters to infer. This
real-world, high-dimensional posterior exceeds the com-
plexity of existing SBI benchmark tasks (Lueckmann et al.,
2021). Finally, we face the challenge of representing de-
signs with varying numbers of components. We address this
by encoding each design as a vectorizable tree structure.

In this paper, we successfully use SBI for the design of
eVTOL aircraft. We introduce a new hierarchical sampling
approach that cascades two diffusion models to sample eV-
TOL designs conditioned on their desired performance met-
rics. These performance metrics include values such as
mass, lift, and drag. The first diffusion model, the Mixed
Diffusion Transformer (MixeDiT), enables joint sampling
of discrete design topologies and continuous observations.
This model enables conditioning on the observations and
sampling the topologies. The second stage diffusion model,
which we call a Masked Diffusion Transformer (MaskeDiT),
is conditioned on an aircraft topology and samples the joint
of the observations and the parameters. This enables sam-
pling the input parameters conditioned on a topology and an
observation. Overall the MixeDiT-MaskeDiT architecture
enables sampling of a full eVTOL design.

To evaluate our eVTOL designs, we use SUAVE (Lukaczyk
et al., 2015), a modular open-source tool for conceptual
aircraft analysis. As part of our approach, we generate data
via a probabilistic program that samples tree-structured rep-
resentations of the design. We also implement our own
CAD-based interference checks and structural checks. Us-
ing SUAVE, we evaluate our MixeDiT-MaskeDiT model
with quantitative analyses leveraging distributional mea-
sures and posterior predictive checks. Importantly, we also
include qualitative analyses, where we look at multiple case
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studies and explore whether known hypotheses are captured
by our modeling approach.

Contributions. This work introduces several advances to
simulation-based inference (SBI), and demonstrates its use
for a real aerospace design problem:

• Our MixeDiT-MaskeDiT architecture enables SBI over a
design space of discrete and continuous parameters.

• MixeDiT introduces a diffusion-based architecture that
jointly samples discrete and continuous parameters.

• MaskeDiT’s topology-conditioned masking supports in-
ference over variable-dimensional design spaces, ex-
tending SBI beyond fixed-structure simulators.

• Our approach is the first to address the full conceptual
aerospace design pipeline, a realistic, large-scale, tightly
coupled multidisciplinary setting whose design space ex-
ceeds the dimensionality considered in prior SBI re-
search (144 aircraft topologies, each with up to 136 con-
tinuous parameters).

• We include a comprehensive dataset of 30;276 eVTOL
aircraft designs that span multiple configurations. This
complements the existing open-source simulation engine,
SUAVE (Lukaczyk et al., 2015).1

2. Related Work
Machine Learning for Design. Previous works in machine
learning for engineering design have often focused on build-
ing benchmark datasets (Cobb et al., 2023; Elrefaie et al.,
2024; Hong et al., 2025; Sung et al., 2025; Regenwetter
et al., 2025; Karri et al., 2025), or modeling specific com-
ponents of a larger cyber-physical system, such as the CFD
analysis of a wing (Bonnet et al., 2022; Shen & Alonso,
2025) or propeller design (Vardhan et al., 2024; Smart &
Alonso, 2023). In this paper, we address additional chal-
lenges that arise from using multi-physics simulators to
design eVTOL aircraft. Unlike prior work, our approach
makes topological changes to the aircraft design that affect
the total number of design parameters.

Simulation-Based Inference. Conceptual design is inher-
ently different from direct optimization. During the early
stages of design, we search for multiple options that meet
the desired criteria and not just a single ‘optimal’ design.
As such, SBI is an ideal choice for design problems as it per-
forms Bayesian inference to learn distributions of designs
rather than point estimates (Cranmer et al., 2015). Recent
success in SBI has come from neural-based approaches,
where each approach looks to compensate for the miss-
ing analytical likelihood, by either directly estimating the
likelihood (Papamakarios et al., 2019b), directly modeling
the posterior (Papamakarios & Murray, 2016), or model-

1The code is available at: http://github.com/
SRI-CSL/mixed-masked-diffusion

ing the ratio two likelihood functions (Cranmer et al., 2015;
Thomas et al., 2022; Hermans et al., 2020; Cobb et al., 2024).
For design, we require conditioning on multiple subsets of
parameters, and not just the traditional choice of the obser-
vations. For example, we may condition on a certain wing
span (input) and a coefficient of drag (output). As such,
we look to the Simformer architecture of Gloeckler et al.
(2024), a diffusion-based SBI approach that learns the full
joint distribution and allows conditioning on any subset of
parameters at inference time. We therefore focus on the use
of diffusion-based SBI with two additional challenges. First,
unlike the Simformer’s use-cases, our eVTOL designs can
vary in their number of parameters and therefore we must
introduce a new masking scheme. Second, during the first
stage of our design hierarchy, we need to sample topologies
that are encoded as discrete parameters.

We thus extend on current SBI approaches in order to per-
form mixed continuous and discrete sampling. Scaling SBI
to such high-dimensional simulators remains difficult, with
typical benchmark problems near D = 10 (Lueckmann
et al., 2017) and only a few larger cases (Dax et al., 2025;
Deistler et al., 2025). Here, we push diffusion-based SBI to
D = 136.

Discrete Sampling and Discrete Diffusion. While some
prior works have explored SBI with discrete parameters
(Greenberg et al., 2019), and discrete outputs (Boelts et al.,
2022), none have done so to the extent that we explore
in this paper. In order to be able to sample from discrete
distributions, we look to discrete diffusion models. Usually
focused on language modeling, the majority of prior works
on discrete diffusion operate directly on discrete states by
introducing a forward process that leverages a transition
matrix (Austin et al., 2021; Lou et al., 2024; Shi et al.,
2024; Sahoo et al., 2024). The task of the reverse process
is to then sequentially unmask tokens to sample from the
data distribution. However, when sampling discrete and
continuous parameters for design there would seem to be an
advantage to jointly sampling in the same continuous space.
As such, a recent work by Jo & Hwang (2026) proposed a
continuous diffusion model for language modeling that can
outperform discrete diffusion on language for moderate data
sizes. Therefore, we combine this approach with the work of
Zhu et al. (2025) that couples actions and observations. We
use this latter approach to couple discrete and continuous
parameters for design.

3. Data Generation: Conceptual Aircraft
Design in SUAVE

Simulation using SUAVE. SUAVE is a flexible aerody-
namics and flight dynamics simulation tool, which is often
used for early-stage conceptual aircraft design (Lukaczyk
et al., 2015). SUAVE ingests an aircraft design and a mission
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Figure 1. The left shows the tree of components for an aircraft with 1 main wing, two forward propellers and four lifting rotors. The
middle shows the outputs from SUAVE, which is the design performance x, for this aircraft. The right plot shows the CAD rendering of
the same design as depicted in the tree. Refer to App. E, Fig. 19 for a more detailed image.

(�ight path), and then performs three key coupled analyses
sequentially: stability, aerodynamics and propulsion. After
the analysis, SUAVE produces a large array of �ne-grained
aircraft statistics that can vary across the �ight path, such as
state-of-charge and angle of attack through different phases
of �ight. In this work, we will focus on a subset of ten sum-
mary statistics, including Cruise Average Drag CD , Cruise
Average Lift CL , Cruise Angle of Attack� , and state of
chargeSoC. As a conceptual design tool, SUAVE relies
on traditional mass-regression models (Raymer, 2012) and
does not screen out structurally infeasible designs, so we
build three modules. (1) A modi�ed mass-estimation in-
terface that supplies individual component masses to the
simulation. (2) A CAD-based veri�cation tool that detects
propeller–wing or propeller–fuselage intersections. (3) A
simple structural �lter that rejects clearly infeasible con�g-
urations (e.g. wingspans over 50m). Additional details on
SUAVE appear in App. E.

Design Representation and Generation. We generate
a large design dataset by modeling eVTOLs as trees and
using a custom tree-based probabilistic program. This prob-
abilistic program plays the role of the general prior over all
possible eVTOL designs. Starting from the root, each tree
branches into propulsion, structural, aerodynamic, energy
storage, and avionics subsystems. Each subsystem is further
re�ned into concrete components, such as airframe members
and wings, subcomponents, such as propeller rotors, until
reaching atomic parameters, such as geometric dimensions
and masses. This tree forms a typed, hierarchical JSON
schema that functions like a generative grammar. An exam-
ple of such a tree is shown in Fig. 1, with a full example
shown in Fig. 19. Note that all designs include at least one
wing, have one fuselage, and at least one forward propeller.
We provide further details of our symbolic generative prior
in App. E.

Design Stochasticity and Pre-Processing. The design
space is constrained by capping the number of components:
up to two wings, one horizontal stabilizer, one vertical stabi-
lizer, two clusters of four lifting rotors per wing, two forward
propellers per wing, and optionally a single nose-mounted
propeller. Any combination of these elements is permitted,

resulting in 144 possible con�gurations. The �nal design
representation for the machine-learning models is obtained
by removing internal fuselage and wing cross-sections from
the maximal design tree and �attening the remainder into a
vector. Missing components (e.g., a second wing) are left
blank in this vector, with a corresponding mask included in
the dataset. We move the generation of internal fuselage and
wing cross-sections to the run-time simulation, introducing
stochasticity when decoding a pre-processed design. As a
result, each design will have different internal fuselage and
wing geometries for every SUAVE evaluation, while the key
high-level parameters provided to the SBI model, such as
total wingspan and fuselage length, remain �xed.

Dataset. Following the outlined data generation pipeline
of this section, we initially generate a dataset of300;000
eVTOL aircraft using our probabilistic program. We then
run all designs through our SUAVE evaluation pipeline and
�lter out designs according structural checks, aircraft stabil-
ity, and convergence of the SUAVE simulation. This results
in a �nal dataset of 30; 276 valid designs.

4. Hierarchical Mixed Diffusion

Notation. We de�neT to be the set of all possible UAV
topologies, where� 2 T de�nes all the discrete design
choices for a particular aircraft. Example choices include
number of wings, and the number of lifting rotors per wing.
Our data includes144distinct eVTOL topologies. All ob-
servations are denoted asx, wherex 2 R D x andD x = 10.
Example observations include reported lift and drag coef-
�cient. All continuous input parameters are denoted as
� 2 R D � . Note that the dimension of� is dependent on the
topology. The maximum size ofD � across all topologies
is 126. For example, a two-winged eVTOL will require
two sets of wing geometry parameters compared to a single-
winged design. An overall design is given by � = f�; � g.

4.1. Overall Hierarchy

A key question in our design challenge is how to sample
both a design topology and its corresponding set of param-
eters. Speci�cally, for a given topology� i , we have a set
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Figure 2. MixeDiT–MaskeDiT architecture. Left: overview of MixeDiT, which couples a discrete diffusion model over� with a
continuous diffusion model overx . Middle: MaskeDiT, which uses topology masksm i and designx to infer consistent design parameters.
Right: full pipeline, where MixeDiT samples � from x, and MaskeDiT predicts � from (� ; x).

of parameters� i of dimensionD � i which is not necessarily
the same size as for a different topology� j . As such, a nat-
ural hierarchy emerges whereby one samples the topology
�rst, followed by the corresponding parameters. Since our
interest lies in the posterior over designs, we can formally
write our hierarchal model as

p(�jx) = p(�j� ; x)p(� jx): (1)

An advantage of this hierarchy is that for a given topol-
ogy, the dimension of the distribution,p(�j� ; x) , is �xed.
This conditioning will facilitate the use of diffusion models
without the need to account for variations in the size of
the denoising process. We assumex is a �xed dimension,
independent of the topology, wherex includes high-level
design observations such as the coef�cients of lift and drag.
Fig. 2 provides a summary of our approach.

4.2. MixeDiT: Distribution over the UAV Topology

To generate samples fromp(� jx) , we use two modeling
paradigms, RDLM (Jo & Hwang, 2026) and UWMs (Zhu
et al., 2025), which enable joint sampling of topologies and
observations. Our model learns to predict the denoising
score of the observations,� !

x t
, and the time indexed proba-

bility of the topology,p �
� t

. We therefore de�ne our model
as(p �

� t
; � �

x t
) = s � (� t � ; x t x ; t � ; tx ), which we call a Mixed

Diffusion Transformer (MixeDiT).

Discrete Sampling in the Continuous Space. Our �rst
step towards MixeDiT is to introduce the component re-
sponsible for the discrete sampling of the topology. We
use RDLM to enable sampling using a continuous diffu-
sion model. The RDLM models discrete diffusion via the
continuous �ow on a hypersphere. A categorical distribu-
tion is de�ned by its continuous probability simplex. Then
the statistical manifold of the distribution corresponds to
� d�1 = f(p 1; :::; pd) 2 R d j

P
i pi = 1; p i � 0g and is

equipped with a Fisher-Rao metric. From this statistical
manifold, the RDLM uses an existing diffeomorphism to go

from � d�1 to the positive orphant of a(d � 1) -dimensional
sphere, on which distances are measured using the geodesic
distance. The RDLM model, then uses prior work on Rie-
mannian diffusion processes (Jo & Hwang, 2024) to build
a diffusion model on this manifold. We leverage this ap-
proach due to the reported improved performance in dis-
crete diffusion modeling. We also highlight the unexplored
possibility of jointly sampling discrete and continuous pa-
rameters using the same continuous diffusion machinery,
which is not possible with prior discrete diffusion models
that restrict themselves to discrete Markov chains (see Sec.
2). This observation is one of our key contributions to en-
abling MixeDiT. Therefore, referring back to our new model
de�nition, we introduce the RDLM importance sampled
cross-entropy loss for the discrete head of our model:

L RD (�) = E p(� 1 )p(� t j� 1 ;� 0 )q(t � )

�
�

1
q(t� )

loghp�
� t

; � 1i
�

;

(2)
whereh�; �i indicates inner product, and� 1 is a sample from
the data distribution, where� 1 � p(� ) and de�nes a one-
hot encoding of the topology. We use the superscript to
emphasize the end point of the diffusion. The distribution
over the interpolant,p(� t j� 1; � 0), leverages the simulation-
free approximation (App. B.1)). Note thatp �

� t
is a function

of � t . We use the stepped importance weight for the time
q(t), which focuses on up-weighting the middle region of
the diffusion (see App. B.1).

Coupling discrete and continuous diffusion. To connect
the discrete and continuous diffusion components, we take
inspiration from Zhu et al. (2025), where they integrated
two independent continuous diffusion processes. Instead,
we integrate a discrete diffusion process for the eVTOL
topology, and a continuous diffusion for the observations.
We �rst introduce the noise-prediction form of the condi-
tional denoising score matching loss that we use for the
observations:

L CSM (�) = E p(x k )p(t x )p(�)
�
jj� �

x t
� �jj 2

2

�
: (3)
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and then we introduce the MixeDiT Loss as a weighted
combination of the discrete and continuous losses,

L MixeDiT (�) = 
L RD (�) + (1 � 
)L CSM (�); (4)

where
 2 [0; 1] is the loss weighting parameter. To evaluate
the loss,L MixeDiT (�) , the expectation is taken with respect
to the data distribution,p(� ; �) , the two independent time
distributions,p(tx ), andq(t� ), the noisep(�) , and the dis-
crete interpolantp(� t jek ; t) . The full training algorithm is
given in Alg. 1, App. A.

Sampling eVTOL Topologies. We can use our model to
sample from the marginal distribution of topologiesp(� ) by
setting the observation timesteptx = 0 , and performing the
geodesic random walk using the RDLM head:

� t+�t = exp � t

�
� � �t + � t

p
�tw

�
; w � N (0; I d);

(5)
where� � is the parameterization of the drift term on the Rie-
mannian manifold (see App. B.1, Eq.(8)) and is a function
of p �

� t
, and� t . The function,exp� , is the exponential map

to the statistical manifold. At the end of the sampling, where
t � = 1 , we implement the argmax to get the corresponding
1-hot representation of the topology,� 1. For conditional
sampling,p(� jx) , based on a speci�c observation,x � , we
settx = 1 and run the same sampling scheme as in Eq.(5).
(See Alg. 2.)

4.3. MaskeDiT: Topology-Conditioned Sampling

For each design topology� i we sample, we have an addi-
tional � i 2 RD � i . This conditionally varying dimension
presents itself as a challenge to traditional SBI approaches
in the literature. To enable SBI over a high dimensional
space, we leverage the Simformer architecture (Gloeckler
et al., 2024), which directly models the joint distribution
p(�; x) via a score-based diffusion model, where the score
is learned using a transformer. Unlike the original Sim-
former, which has a �xed variable structure, we introduce
a Masked Diffusion Transformer (MaskeDiT) architecture.
Our objective is to construct a model capable of represent-
ing a broad class of aircraft topologies, including arbitrary
numbers and arrangements of components, parameterized
by � 2 R D � , where the dimension, D� , is allowed to vary.

Diffusion Model Architecture. In Simformer, both the
likelihoodp(xj�) and posteriorp(�jx) are obtained by con-
ditioning. Each data point is encoded as a sequence of
tokens, where each token2 Rh , where h is the token di-
mension, corresponds to a parameter� or outputx, and is
formed by concatenating an identity embedding, the feature
value, and a condition-state embedding. Positional encod-
ings are applied to the identity and condition-state vectors.
Conditioning is enforced through two mechanisms: each

token is augmented with the aforementioned condition-state
embedding indicating whether it is observed, and the same
mask is applied inside the attention layers to suppress any
attention edges that would transmit information from un-
observed to observed values (or vice-versa). We call this
condition maskM C , with the condition denoted asC. Ran-
domly sampled condition masks train the model across a
family of conditional distributions. Further details are in
App. C.

Masking Components: MaskeDiT. While the Simformer
operates on a �xed-size token sequence� 2 R dmax �h that
allocates a slot for every possible component in the design
space (dmax = 136), this �xed-sized graph prevents us from
being able to varyD � according to the topology. Therefore
we introduce a topology masking scheme, where a topology
is encoded by a binary maskM � 2 f0; 1g dmax . M � ;i = 1
indicates that componenti is present andM � ;i = 0 indicates
that it is absent. During both attention and feed-forward
computation, the mask suppresses nonexistent components
by zeroing out their corresponding token embeddings, en-
suring that only indices withM � ;i = 1 participate in the
model's computation and training.

Training MaskeDiT. The topology enters the model in
two ways. First, we applyM � 
 M � as an attention mask
to restrict attention to existing components, where
 is
the outer product. Second, in the diffusion loss, terms
with M � ;i = 0 are omitted, yielding a normalized lossP

i ` i M � ;i =jfi : M � ;i 6= 0gj. Conditioning acts similarly,
with masked components applying in attention and in the
loss, alongside the aforementioned conditional tokenizing.
The condition masks used in training are changed in ev-
ery iteration as in Gloeckler et al. (2024), with a uniform
probability of choosing a mask corresponding to the joint,
likelihood, posterior, random Bernoulli withp = 0:3 or
random Bernoulli withp = 0:7. We therefore de�ne a com-
bined maskM = (1 � M C )M � . For training the diffusion
model, instead of using the score matching loss, as origi-
nally proposed in Gloeckler et al. (2024), we found that the
noise matching loss was more stable. Therefore, the loss for
the MaskeDiT architecture is

L MaskeDiT (!) =
M(� ; C)jj� ! (� � ;C

t ; xC
t ) � �jj 2

2P
i M i (� ; C)

(6)

The noising function is a gaussian probability path that is
variance preserving (as in DDPM (Ho et al., 2020)). We
use the exponential moving average (EMA) on the model
parameters during training to increase training stability and
sample quality (Ho et al., 2020; Brotons et al., 2024). We
ues an EMA decay rate of 0.999. The algorithm is described
in Alg. 3, App. A and further details are in App. C.
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Sampling from p(�j� ; x) The sampling process involves
integrating the learned reverse-time SDE using the Euler-
Maruyama integration scheme. Sampling begins by drawing
from a Gaussian distributionx0 � N (0; I) . At each step,
the learned noise is converted to a score estimate by

s! (t) �
� ! (� � ;C

t ; xC
t )

�(t)
(7)

where�(t) is the standard deviation of the noising process.
The full algorithm is in Alg. 4, App. A. As in Gloeckler
et al. (2024), known values immediately overwrite the cor-
respondingx values at each step of the denoising process to
ensure exact conditioning. The conditionC and topology�
are �xed throughout sampling, and are user-de�ned inputs.
Note that though we do not use guidance for conditioning
here, guidance could be used as shown in Gloeckler et al.
(2024).

5. Results

We �rst evaluate each individual diffusion model separately,
before evaluating their joint performance in Section 5.3.

5.1. MixeDiT: Sampling eVTOL Topologies

Marginal Sampling. We �rst quantify MixeDiT perfor-
mance by comparing the test data's marginal distribution
pD (� ) , with marginal samples generated via the sampling
procedure of Eq.(5) with tx = 0 . Fig. 3 plots these two em-
pirical distributions on the log probability scale across the
full vocab size of UAV topologies (144). MixeDiT achieves
a KL-divergence ofDKL (pD (� )jjp � (� )) = 0:0505 , show-
ing strong performance in capturing the marginal distri-
bution. For comparison,DKL (pD (� )jjU(� )) = 1:4607 ,
highlighting the complexity of the distribution.

Figure 3. Comparison of the marginal test distribution of the
topologies vs. the marginal samples generated by MixeDiT. The
log scale highlights the performance on low-probability topologies.

Posterior Sampling. For conceptual design, we want to pro-
pose eVTOL topologies conditioned on design objectives.
As such, we now implement the sampling procedure of Eq.
(5) with tx = 1 , andx set to a desired value. Fig. 4 high-

lights two conditioning scenarios, as well as the data and
MixeDiT marginal distributions. The graph highlights sum-
mary statistics of the eVTOL topologies, such as whether a
second wing is present. For the conditioning scenarios, we
compare a “high mass” example with a “low mass” exam-
ple. For the high mass example, we set the mass observation
to be two standard deviations greater than the data mean
(xmass = � mass + 2� mass ). For the low mass example we
reduce the mass to two standard deviations below the mean
(xmass = � mass � 2� mass ). All other observations are set
to the data mean (x=mass = � D=mass ). One of the key out-
comes is that91:6%of the samples that were conditioned
on the higher mass contained a second wing (green bar).
This compares to the0:4%of two-winged designs for the
lower mass samples (red bar). This result agrees with the
expected behavior that increasing the mass of our designs
should lead to additional wings, which add both weight and
lift.

5.2. MaskeDiT: Likelihood over Parameters
Conditioned on Topology

Table 1. Likelihood comparison between generated samples
p� (xj�) and test datapD (xj�) . Average is taken over10 topolo-
gies with more than 200 samples in the test dataset.

METRIC MASKEDIT NLE

MMD VALUE 0:004 � 0:001 0:002 � 0:001
JOINT C2ST 0:777 � 0:040 0:744 � 0:023
MEAN MARG. C2ST 0:614 � 0:016 0:596 � 0:010
MAX MARG. C2ST 0:770 � 0:076 0:818 � 0:043

Metrics. We evaluate our approaches using two metrics.
The �rst metric is the maximum mean discrepancy (MMD)
(Gretton et al., 2012), which we aim to minimize. The sec-
ond metric, classi�er two-sample test (C2ST) (Lopez-Paz &
Oquab, 2017), trains a binary classi�er to distinguish real
from generated samples, where a score of 0.5 indicates in-
distinguishable distributions. We report C2ST for both joint
and marginal distributions (Tab. 1). We remove strongly
correlated observation variables whose samples collapse
onto a near-linear relationship, as C2ST is not informative
in these cases. We use a Pearson correlation of greater than
0.9 to exclude these from the C2ST computation.

Analysis. Tab. 1 compares MaskeDiT with Neural Likeli-
hood Estimation (NLE) (Papamakarios et al., 2019a), using
the implementation from thesbi package (Tejero-Cantero
et al., 2020). Because NLE trains a separate model for
each topology, it can specialize and achieve lower MMD
on individual topologies, but it cannot scale across the
144 topologies in our design space. On the other hand,
MaskeDiT must generalize across all topologies with a sin-
gle model, learning over a substantially larger mixed dis-
crete–continuous space. Although NLE achieves a lower
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Figure 4. Summary statistics of generated samples using MixeDiT. The original data distribution (blue) closely matches the MixeDiT
marginal generated samples (orange). Conditioning on higher mass designs (green,+2� mass ) signi�cantly increased the number of
two-winged designs, while conditioning on a low mass design dramatically reduces the number of two-winged designs (red,�2� mass ).

average MMD, MaskeDiT maintains a similarly low MMD
while attaining comparable C2ST scores, demonstrating
strong multi-topology generalization with only a modest
tradeoff in per-topology �delity. Max marginal C2ST fur-
ther shows that MaskeDiT maintains more uniform per-
formance across variables, achieving a lower worst-case
marginal discrepancy than NLE. The full table of metrics is
provided in App. H.

Fig. 5 provides a comparison of metrics across-topologies,
including rare topologies. NLE degrades sharply when
trained on very small datasets, producing NaN MMD values
and C2ST scores of 1.0, whereas MaskeDiT remains stable
even for rare topologies. For topologies with roughly 400
to 1500 training samples, the two methods achieve simi-
lar C2ST values, while MaskeDiT exhibits more uniform
performance across variables (lower worst-case marginal
C2ST). Overall, these results reinforce that MaskeDiT pro-
vides strong multi-topology generalization with only a mod-
est tradeoff in per-topology �delity, while enabling condi-
tional �exibility and scalability that NLE cannot support.

Figure 5. Per-topology MMD and joint C2ST scores for nine rep-
resentative topologies, illustrating performance variation under the
varying per-topology frequency of the training set. NLE becomes
unstable at topologies with very small training sizes, whereas
MaskeDiT maintains consistent performance across the full range.

5.3. Full Pipeline

5.3.1. POSTERIOR PREDICTIVE PERFORMANCE

In order to verify the posterior performance, we sample the
topology using MixeDiT, conditioned on �xedx values. We
then sample the corresponding continuous parameters us-
ing MaskeDiT. After generating these designs, we simulate
them using SUAVE, where the distributions of observations
from the simulator can be contrasted to the inputx values.
Conditioning on the meanx = � , as well asx = � � � ,
Fig. 6 shows that in all cases the posterior distribution's
mean agrees closely to the input observed value. Further
details are presented in App. F.

MixeDiT-MaskeDiT vs. SUAVE Simulation. The wall-
clock time of the full MixeDiT-MaskeDiT pipeline for un-
conditional sampling is� 10� versus running the SUAVE
simulation for 100 samples. The speedup is more signi�cant
for larger batch sizes. A description of the hardware is in
App. G.

5.3.2. TESTING KNOWN DESIGN HYPOTHESES ACROSS

TOPOLOGIES

We now include multiple case studies to explore the gen-
erated samples from the MixeDiT-MaskeDit distributions.
Additional analysis for each study is included in App. D.

Case Study A: Higher weight for a �xed topology, �xed
state of charge and �xed drag.

Hypothesis. Increasing the weight requires the pro-
duction of more lift, while constraining state of charge
requires the aircraft to remain ef�cient. This could
manifest in a greater wingspan, which would lead to
decreased induced drag and an increase in wing area.
We would also expect the battery mass to increase in
order to power the larger aircraft.
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