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Abstract

Early-stage distributed electric propulsion (DEP) aircraft design requires simultaneous treatment of geome-
try, propulsion layout, battery topology, and mission variables while retaining diverse candidate families for
later assessment. This paper formulates DEP parameter synthesis as a mixed-variable, physics-constrained
distribution-learning problem. An analysis-supervised differentiable physical-response model is embedded
into a continuous/categorical adversarial generator through engineering constraints, soft performance prefer-
ences, and diversity regularization. On grouped validation and held-out test splits, the selected three-member
physical-response ensemble achieves R* ranges of 0.9345-0.9891 and 0.9174-0.9884, respectively. In a
10000-sample audit, the selected generator produces 9956 designs satisfying the model-based feasibility
screen, with a mean constraint loss of 1.97 x 10~ and broad discrete support, including propeller blade counts
from 2 to 10. Representative generated families show compact, dense-propulsion, long-range, low-noise,
high-altitude, and alternate-configuration characteristics. The results suggest that differentiable physical guid-
ance and explicit distributional regularization can support DEP concept generation while exposing the trade-off
between predicted performance and design diversity.

Keywords: Distributed electric propulsion; generative design; physics-constrained generative model; multi-
disciplinary optimization; design diversity

1. Introduction

Distributed electric propulsion (DEP) aircraft integrate propulsion, lift augmentation, energy man-
agement, and noise control within a single aircraft-level design problem. Flight-scale DEP studies
indicate that distributed propulsors should be treated as elements of an integrated aircraft concept
rather than as isolated propulsion components [d]. Propulsor placement and operating condition can
also act as aerodynamic design variables through aero-propulsive interaction, especially in high-lift
configurations [?]. DEP design is therefore more than propulsion sizing: it involves continuous and
discrete decisions across aircraft geometry, propulsion layout, energy storage, and mission defini-
tion. Many combinations that satisfy simple bounds can still become low-performing or infeasible
after multidisciplinary evaluation.

The system-level nature of this challenge is also evident in electric and hybrid-electric aircraft stud-
ies. Architecture selection, component modeling, propulsion-airframe coupling, and mission anal-
ysis are tightly connected in fixed-wing electric-propulsion concepts [3]. Energy storage, electrical
conversion, thermal management, and motor sizing further couple the aircraft-level performance and
feasibility margins [4]. Battery specific energy and pack-level mass remain central constraints on mis-
sion range and reserve for all-electric aircraft [5], while propulsor number and arrangement influence
aerodynamic, structural, reliability, and energy behavior [B]. These factors suggest that early-stage
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DEP synthesis is better formulated as a mixed-variable system-design problem than as a sequence
of separate aerodynamic, propulsion, and battery-sizing tasks.

Multidisciplinary design analysis and optimization (MDAO) provides an established way to organize
such coupled aircraft-design problems. For unconventional civil-aircraft concepts, recurring chal-
lenges include system-level integration, early geometry definition, and credible low-to-high-fidelity
analysis [7]. Collaborative MDAO workflows further indicate that distributed disciplinary execution
and consistent data exchange are important for coupled wing and nacelle design tasks [8]. In aero-
dynamic shape optimization, data-driven response models can reduce repeated evaluation cost, al-
though accuracy and extrapolation remain important concerns [9]. For DEP aircraft, these concerns
become more pronounced because categorical choices such as propulsor count, blade count, airfoil
family, and battery topology interact with continuous geometry and mission variables.

Generative modeling provides a complementary perspective to conventional optimization because it
seeks a distribution of candidate designs rather than a single solution. Adversarial generative mod-
eling formulates distribution learning through coupled generator—discriminator training [10]. Wasser-
stein objectives can improve the stability of adversarial training [11], and gradient-penalty regular-
ization further constrains the critic during this process [12]. In aerodynamic design, Xie et al. [13]
developed parametric generative schemes with geometric constraints for airfoil synthesis. Wang
et al. [14] proposed a conditional generative inverse-design method for supercritical airfoils. Jin et
al. [15] applied conditional generative modeling to aerodynamic and stealth-oriented airfoil design.
Wada et al. [18] introduced physics-guided training for airfoil synthesis.

Recent work has begun to extend generative methods beyond isolated two-dimensional shapes. Shu
et al. [17] investigated three-dimensional generative design with physics-based validation. Nobari et
al. [18] studied range-constrained generative synthesis for bounded design spaces. Sisk and Du [19]
developed physics-constrained generative Al for aircraft takeoff trajectory design. However, DEP air-
craft parameter synthesis poses a broader mixed-variable requirement: a generator must coordinate
aircraft geometry, propulsion categories, battery topology, and mission variables while remaining sen-
sitive to multidisciplinary responses. This requirement is only partly covered by methods that focus
mainly on a single geometric object, a prescribed design family, or a narrow operating task.

The above literature motivates two methodological requirements for DEP generative design. First,
feasibility should be evaluated through response quantities such as lift-to-drag ratio, trim behavior,
battery reserve, thermal response, and noise, rather than only through variable bounds. Second,
physical guidance should be balanced with distributional diversity, because a generator that collapses
to one predicted high-performing family provides limited value for early-stage concept exploration.
The central question considered in this paper is therefore whether a generator can learn a broad DEP
design distribution while being guided toward physically reasonable regions of the design space.
This study develops a workflow for DEP aircraft parameter synthesis around this question. A differen-
tiable multi-task physical-response model is learned from curated analysis data and embedded into
the generative objective, so that candidate designs receive multidisciplinary guidance during distri-
bution learning. The generator, critic, constraint module, and physical objective are coupled during
training, while generated designs are examined through parameter decoding, response prediction,
and geometric assessment. The intent is not to replace final independent verification, but to provide
a structured way to generate, screen, and interpret candidate families before expensive downstream
refinement.

The contributions of the work are summarized as follows.

* A mixed-variable DEP representation that jointly describes aircraft geometry, propulsion layout,
energy storage, and mission variables under explicit engineering constraints.

» An analysis-supervised differentiable physical-response model that provides aerodynamic, trim,
battery, acoustic, and constraint guidance inside generative training.

A diversity-aware generative strategy that combines categorical distribution matching, entropy
regularization, model-based screening, and geometric consistency assessment to examine the
performance-diversity trade-off.
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2. Method
2.1 Problem formulation and design representation

The method is organized around three requirements that are specific to DEP aircraft synthesis. First,
the design representation should contain heterogeneous decisions: continuous geometry variables,
discrete propulsion and battery choices, airfoil categories, and mission variables. Second, the gener-
ator benefits from physical guidance during training, because simple variable bounds cannot express
whether a coupled aircraft-propulsion-energy configuration is useful. Third, the learned distribution
should remain diverse, because a generative model that collapses to one high-scoring family provides
limited value for early-stage aircraft design.

The workflow, summarized in Figure M, follows these requirements in five ordered steps. First, a
mixed-variable DEP design schema defines the admissible aircraft, propulsion, battery, and mission
parameters. Second, multidisciplinary analyses provide supervised response labels for feasible sam-
ples, so that the learning problem is tied to physically evaluated aircraft rather than to geometry alone.
Third, an end-to-end physical-response model approximates the response map in differentiable form.
Fourth, a mixed continuous/categorical adversarial generator uses this response model, together
with explicit constraint and diversity losses, to learn a design distribution. Finally, generated samples
are decoded and assessed with a fixed evaluation protocol. This ordering makes four roles explicit:
the design schema defines what may be generated, the physical-response model supplies differen-
tiable guidance, the generator defines a candidate distribution, and the downstream audit checks the
decoded designs.

1.Design Space 2. Generative Adversarial Network 3. Physics Surrogate Model
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Figure 1 — Physics-constrained generative-design workflow and model architecture.

Each sample is represented as a structured parameter record. Throughout the paper, bold lower-
case symbols denote vectors, calligraphic symbols denote sets or loss families, hats denote model
predictions, and tildes denote generated encoded samples. The design record is partitioned into
continuous aircraft and propulsion variables x.., discrete categories x,, and explicit mission variables
m. Including mission variables in the design record is important for DEP aircraft because the same
geometry can have substantially different battery and acoustic responses when range, altitude, or
cruise speed changes. The mission variables are treated as part of the generated design condition
rather than as hidden operating assumptions.

Table @ lists the independent design variables used in the present schema. The schema is inten-
tionally mixed-variable. Propulsor count, blade count, airfoil identity, and battery topology are kept
as discrete choices because rounding them after continuous generation would create ambiguous or
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physically unintended designs. In contrast, wing shape, propulsor position, diameter, thrust setting,
and mission variables are represented as bounded continuous quantities. In the table, o/, and
denote screened internal- and tip-propeller airfoil subsets drawn from the UIUC Airfoil Coordinates
Database. The screening removes records that do not satisfy the propeller-section requirements
used in this study, including complete coordinate availability, non-degenerate geometry, and com-
patibility with the propeller geometry generator. Propeller airfoil names are categorical variables;
their CST coefficients are deterministic attributes of the selected airfoil records and are written to
the analysis files, but they are not counted as separate independent variables. Categorical variables
are encoded as one-hot groups during training and decoded back to valid engineering categories for
design realization.

Table 1 — Independent design variables.

Group Variables Admissible domain

Propulsion layout Configuration mode ¢,,; number of propulsors per side N cm € {0,1}; Ny € {2,3,4,5}

Internal propulsors Longitudinal, lateral, and vertical locations x;,y;,z; lateral spacing x; €[1.5,2.8] m, y; €0.2,1.5] m,
Ay;; diameter D;; design thrust T;; hub radius r, ;; design angular Ay; €[0.6,1.8] m, z; € [0.6,1.3] m,
velocity a; design lift coefficient C#¢*; blade count B;; airfoil category D; € [0.4,2.0] m, T; € [200, 1800] N,
a; ’ i € [0.12,0.30] m, @; € [250,350]

rad/s, C¥ € [0.5,0.9],
Bi€{2,...,10}, a; € & C Sy

Tip propulsors Longitudinal, lateral, and vertical locations x;,y;,z; diameter D;; X €[2.0,2.5] m, y, € [4.0,5.2] m,
design thrust 7;; hub radius ry,,; design angular velocity w;; design lift z € [0.9,1.2] m, D, € [0.4,1.7] m,
coefficient C;{f“; blade count B,; airfoil category a, T; € [500,750] N, rj,, € [0.10,0.25] m,

o € [280,380] rad/s, C¥¢* € [0.5,0.9],
B, e {2,...,10}, a € o, C Hye
Wing planform Projected span b; root and tip chords c,,c,; inboard twist, dihedral, b [10.8,11.8] m, ¢, € [1.35,1.55] m,
and quarter-chord sweep 6;,,I;,, Ajy; outboard span station, twist, ¢ € [0.85,1.00] m; 6;, € [1.0,4.0]°,
root-chord ratio, dihedral, and sweep 1,,6,,%,,s,A,; Winglet span T, € [-1.0,1.0]°, A;, € [-2.0,2.0]°;
station, twist, root-chord ratio, dihedral, and sweep n,,, 6, kv, [y, Ay; Mo € [0.45,0.65], 6, € [0.5,3.5]°,
tip twist and root-chord ratio 6;;,, ;ip K, €[0.70,0.95], T, € [—1.0,1.0]°,
Ao € [2.0,2.0]°; 1,y € [0.96,0.99],
6, € [-1.0,2.0]°, &, € [0.50,0.75],
T, € [65,85]°, Ay, € [25,40]°;
Biip € [—1.0,1.0°, K € [0.08,0.20]
Wing airfoils CST upper and lower coefficients A;"k,AiAk for Upper: 0.1463, 0.2361, 0.1602,
s € {inboard, outboard, winglet} and k = 0,...,4 [P0] 0.3201, 0.0649; lower:
-0.1198, -0.0818, -0.1610,
-0.0359, 0.0384; all +0.12

Battery topology Battery module count M,,; series count Ny,,; parallel count N, My €{6,...,12}, Nyr € {12,...,24},
Npar €{25,...,50}
Mission Cruise distance R; cruise altitude #; cruise speed V R € [8,200] nmi, € [5000,12000] ft,

V € [110,135] mph

In Table f, the configuration mode ¢, is a binary propulsion-layout topology variable. When ¢,, = 0,
all N, propulsors on each side are treated as internal distributed propulsors. When ¢,, = 1, each
side contains N — 1 internal propulsors and one tip propulsor, so the tip-propulsor position, diameter,
blade, and airfoil variables become active in the decoded layout.

Rather than solving a deterministic single-design optimization problem, the method learns a feasible
design distribution. The engineering-feasible set, denoted by Q, is defined over the full mixed-variable
domain in Table @ and includes geometric compatibility, propulsion operating limits, battery-pack
limits, and mission-consistency requirements. Constraint residuals are written so that non-positive
values indicate satisfaction, and their positive parts are aggregated into differentiable penalties during
training. This design choice makes the constraints active during distribution learning, instead of using
them only to discard samples after generation.

The multidisciplinary quality measure combines lift-to-drag ratio, trim behavior, battery temperature
rise, final state of charge (SOC), and acoustic response. The final SOC is computed from the nor-
malized initial value and the predicted change in SOC; thus a negative ASOC represents battery
depletion, and SOCy denotes the remaining normalized charge at the end of the mission. The desired
generated distribution is encouraged to remain close to the analysis-labeled design distribution, shift
probability mass toward favorable feasible regions, and retain sufficient entropy to avoid collapse to
a single design family. In practice, this means that the method does not seek one numerically top-
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ranked aircraft. It seeks a population of aircraft that remains plausible under the design schema while
being biased toward useful multidisciplinary behavior.

For each accepted multidisciplinary analysis case, the supervised response vector contains six la-
bels: mission-averaged lift-to-drag ratio L/D, average angle of attack @, battery temperature change
AT, battery SOC change ASOC, maximum sound pressure level SPL,.x, and average sound pres-
sure level SPL. These labels cover the main couplings needed in the present study: aerodynamic
performance, trim consistency, energy usage, thermal response, and noise. They are used only as
response labels for model training and evaluation, not as input design variables.

The workflow distinguishes training-time differentiable guidance from evaluation-time assessment.
During training, constraints and physical-response losses provide gradients to the generator. During
evaluation, generated records are decoded from the declared schema and passed through the same
analysis and geometry-realization loaders. This separation is important because a differentiable
model can guide sampling efficiently, whereas final interpretation still requires decoded engineering
records and independent audit quantities.

2.2 Differentiable physical-response model

The physical-response model provides the differentiable link between a generated design and its
expected multidisciplinary behavior. Direct analysis inside every generator update would be com-
putationally inefficient and non-differentiable with respect to the generator parameters. The model
learns the analysis-label-scale response map from curated samples and is then embedded as a
fixed evaluator during generator training. lts role is guidance and screening, not replacement of final
engineering verification.

The model maps the encoded design vector e to the six predicted responses denoted by y. Con-
tinuous variables are normalized using schema bounds. Categorical variables are represented by
one-hot vectors for supervised training and by soft Gumbel-Softmax vectors when the model is called
inside the generator [21], P2]. The architecture uses a differentiable engineering-feature layer, layer
normalization, residual multi-layer perceptron blocks, and multiple response heads. The multiple-
head structure allows shared low-level representation while preserving target-specific response be-
havior. When ensemble guidance is used, F.,s denotes the average prediction of K independently
initialized physical-response models; the value of K is reported with the model results.

The residual tabular blocks use layer normalization, expansion to twice the hidden width, GELU
activation, dropout, projection back to the original width, and residual addition. The engineering-
feature layer includes differentiable proxies for propeller disk loading, tip Mach number, advance
ratio, blade-passing frequency, battery voltage, energy capacity, shaft-power demand, C-rate, wing
loading, and acoustic loading. For example, disk loading is derived from thrust divided by propeller
disk area, tip Mach number is derived from angular velocity, diameter, and local speed of sound, and
pack-level energy and voltage are derived from module, series, and parallel counts. These quantities
are not substituted for analysis outputs. They act as differentiable inductive biases that help the
neural model learn the analysis response mapping.

The physics model is trained only against analysis labels. Numerically sensitive outputs are trans-
formed before applying the weighted multi-task regression loss:

2

+ 2fsmooth ||VeyH% + A'monogmonm (1 )
2

Ij—t;

6
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where j indexes the six response targets, w; is the target weight, t; = g;(y;) is the transformed target,
i; is the corresponding transformed prediction, g; is a target-specific numerical transform, s; is a scale
factor, € prevents division by zero, V.y is the response Jacobian with respect to the encoded input,
and Agmooth @nd Amono Weight the smoothness and monotonicity penalties. The first term fits the su-
pervised labels, the smoothness term discourages unrealistically sharp local response changes, and
Zmono Weakly encourages physically plausible monotonic trends for battery and acoustic quantities.
The reported R? values are computed in original physical units.
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2.3 Physics-constrained generative model

The generative model is constructed as a constrained distribution learner. The generator maps Gaus-
sian latent vectors to encoded mixed-variable design records. Continuous variables are decoded
through bounded sigmoid mappings using the schema limits in Table Al. Categorical variables use a
Gumbel-Softmax relaxation during training and are decoded to valid discrete categories during de-
sign realization. This construction keeps the generator differentiable while ensuring that exported
records remain within the declared schema.

Training combines an adversarial distribution-matching term with engineering and physical objectives.
The adversarial component is the Wasserstein generative adversarial network with gradient penalty
(WGAN-GP) [12]:

L = Bepg Dy (&)] ~ Berpyu, [Dy ()] + Agpe [(|VeDy (B)]]2 — 1)7]. @)

Here .#p is the critic loss, Dy, is the critic with trainable parameters vy, pg is the generated encoded-
design distribution, pg.. is the encoded training-data distribution, € is sampled along straight-line
interpolations between real and generated encoded designs, and A, is the gradient-penalty weight.
This term encourages generated samples to remain statistically close to the analysis-labeled design
population.

The constraint module then restricts the adversarial sampler to engineering-plausible regions. It
imposes differentiable penalties on aircraft geometry, propeller operating point, battery pack, and
mission consistency. For example, propeller disk loading and battery constraints are written as

2

2
DL, —DL DL — DL
gDL — [ min :| + [ max:| , (3)
SDL + SDL +
-’%at = K(Upack; Umim Umax) +€(Ecap;EmimEmax) + g(pE;pmim pmax) +£(C;Cmimcmax)a (4)

where [x]; = max(x,0), DLy, and DL« are lower and upper disk-loading limits, and sp; is a disk-
loading scale. The function ¢(q;qmin,gmax) = [(gmin — q)/s4)% + [(¢ — qmax) /543 is @ squared interval
penalty with scale s,. In Equation (8), Uni, and Unax bound pack voltage, Eni, and Ey.x bound pack
energy capacity, pg is a mission energy ratio with limits ppin and pmax, and C is a C-rate proxy with
limits Crin and Ciax. Blade counts are allowed in the range 2—10. These penalties give the generator
continuous feedback near constraint boundaries, which is more informative than a binary accept-or-
reject rule.

The generator evaluates the fixed analysis-supervised physical-response ensemble inside the gener-
ator loss. Thus § in the generator objective is the differentiable ensemble prediction of the generated
design response, not a newly evaluated independent-analysis label. The physical-performance term
combines feasibility and soft optimization,

Lpert = Y [max (0, g(§))]* —n_7 (§), (5)
k

where g, (¥) < 0 denotes satisfaction of response-level feasibility condition &, @y is the corresponding
penalty weight, n controls the strength of quality-oriented optimization inside the feasible region,
and ¢ is a scalar utility that encourages higher lift-to-drag ratio L/D, reasonable angle of attack,
lower battery temperature rise, appropriate final SOC, and lower acoustic levels. The utility term
is deliberately soft: it biases the distribution toward better predicted aircraft while avoiding a hard
selection of only the numerically top-ranked samples.

Because large physical-objective weights can compress a generator toward a narrow family, diversity
is treated as an explicit part of the method. To discourage categorical mode collapse, the generator
includes a categorical marginal and entropy loss,

1 & H(ﬁgk)
Lo =— Y |Pox— Paarar |3 +1— —C 6
cat Kc = HpG,k Pdata k Hz + IOg |Qk| , ( )

where %, is the categorical regularization loss, K. is the number of categorical groups, pg« and
Paata Are the generated and training-batch categorical marginals for group &, || - |2 is the Euclidean
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norm, € is the support observed in training, p;; . is the generated marginal restricted to that support,
H(-) is Shannon entropy, and log || normalizes entropy by the maximum possible value for group
k. The marginal-matching term keeps generated discrete choices aligned with the labeled design
population, while the entropy term prevents one category from dominating a group when several
categories remain plausible.

The final generator objective is

gG = D%dv + 2'c-=%constraint + lpgperf + lmgmument + Afdivgdiv + Acatogi'at- (7)

Here .4 is the generator loss, %4, is the adversarial term derived from the critic, -Z.onsirains COllECts
differentiable engineering-constraint penalties, %,.omens Matches selected first- and second-order mo-
ments of the generated and training distributions, .%;;,, promotes sample diversity, and A., A,, A,
Aaiv, @nd Ao, Weight the corresponding modules. The objective combines four complementary sig-
nals: distributional realism from the critic, local engineering feasibility from the constraint module,
multidisciplinary preference from the physical-response model, and design-family coverage from the
diversity terms. The resulting objective treats generation as constrained distribution learning rather
than sequential sample generation followed by filtering.

3. Results

3.1 Experimental setup

The reported experiments use multidisciplinary response labels generated with an aircraft-analysis
workflow. The final cleaned physics-model dataset contains 24590 analysis-labeled rows after metric-
domain filtering. Rows with missing responses or physically invalid metric ranges are excluded before
splitting, and no response metric is used as an input feature. The grouped split used for the selected
ensemble contains 17969 training rows, 3001 validation rows, and 3620 held-out test rows. The
encoded design dimension is 323, consisting of 68 continuous dimensions and categorical one-hot
groups. The grouped split reduces the likelihood that near-duplicate variants appear in both training
and validation/test subsets.

The aircraft-analysis workflow is implemented with RCAIDE, the Research Community Aircraft In-
terdisciplinary Design Environment. RCAIDE provides an open, object-oriented aircraft analysis
framework for conceptual design and flight simulation, with coupled vehicle, mission, aerodynam-
ics, propulsion, energy, and noise analyses suitable for multidisciplinary studies [23]. In this work,
RCAIDE is used to generate independent response labels for sampled DEP configurations; these
labels supervise the differentiable physical-response model but are not exposed as generator input
variables. Each configuration is evaluated with its decoded cruise range, altitude, and speed, and
the recorded responses are reduced to mission-averaged aerodynamic, trim, battery, and acoustic
quantities. Acoustic labels are obtained from a frequency-domain buildup calculation on a reduced
hemispherical microphone grid with 20 x 28 observer points, six time samples, and a five-point stencil.
Representative decoded geometries are visualized with OpenVSP in the geometric inspection stage.
The selected physics model is a three-member ensemble. Its network structure, together with the
generator, critic, and differentiable loss coupling, is summarized in Fig. M. The physical-response
model uses a shared residual trunk followed by six target heads. The generator uses a residual
sampler with separate continuous and categorical output heads, and the critic operates in the same
encoded design space as the generator output. The selected implementation uses a 96-dimensional
latent input for the generator, a 1024-wide physical-response trunk with five residual blocks, and
512-wide generator and critic trunks with four residual blocks.

For visual and geometric inspection, a grouped gallery is selected from the generated audit set.
The audit set is partitioned into design families using propulsor count, internal/tip propeller diameter,
blade-count category, mission range, acoustic level, mission altitude, and configuration mode. Two
representative samples from each family are materialized geometrically and accompanied by their
decoded parameters and physics-model audit values.

3.2 Generated aircraft families
The family gallery in Figure P and Tables B3 makes the generated distribution inspectable at the air-
craft level. The eight families are post-training analysis groups formed from the generated audit set,
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not additional training labels. They separate compact low-blade propulsors, large tip-propeller lay-
outs, dense distributed propulsion, high-blade electric propulsion, long-range high-L/D candidates,
low-noise candidates, high-altitude mission variants, and an alternate configuration mode. Two sam-
ples are drawn from each family, giving 16 representative designs. In Table B, N, is the number
of propulsors per side, B;/B, and D;/D, denote internal/tip blade counts and diameters, and battery
topology is reported as module/series/parallel count. In Table B, hatted quantities are predictions from
the physical-response ensemble and the constraint column is the differentiable aggregate constraint
loss.

Compact Large-tip

gdr_07345 gdr_08565 gdr_01998 gdr_02359

Dense

gdr_07007 gdr_06344 gdr_04370 gdr_04916

Long-range Low-noise

gdr_06537 gdr_05934 gdr_01834 gdr 05741

High-alt. Alt-config

gdr_08955 gdr_01804 gdr_00455 gdr_05107
Figure 2 — Representative generated DEP aircraft families.

The parameter spread in Table B indicates that the generated set is not limited to small perturba-
tions of one baseline aircraft. The selected family samples cover two configuration modes, propulsor
counts from two to five per side, blade-count combinations from 2/2 to 10/7 and 9/10, internal diam-
eters from 0.77 m to 1.13 m, tip diameters from 0.48 m to 1.60 m, and mission ranges from 91.3 nmi
to 149.7 nmi. Battery topology also varies: the module count ranges from 6 to 12, the series count
from 14 to 24, and the parallel count from 26 to 50.

The compact low-blade family uses two propulsors per side and low blade counts. Its representative
samples maintain moderate diameters and compact ranges near 104—110 nmi, with predicted L/D
values of 17.19-17.45 and final SOC values of 0.539—-0.565. This family can be interpreted as a
balanced short-to-medium-range region: it is not the highest-efficiency group in the audit set, but it
preserves battery reserve while keeping the propulsion layout relatively simple.

The large-tip family isolates the effect of large tip propellers. The tip diameter reaches approximately
1.60 m, while the internal diameter remains near 0.89—1.07 m. The two samples have different
blade-count patterns: one remains at 2/2, whereas the other uses 10/7. The 10/7 case increases
predicted L/D from 16.43 to 17.59 but also raises both acoustic indicators. This comparison suggests
a local trade-off: larger and more heavily bladed tip propulsion can improve predicted aerodynamic

8



PHYSICS-CONSTRAINED DEP GENERATIVE DESIGN

Table 2 — Representative family parameters.

Family Sample  Mode Ns B;/B; D;/D; (m) Span (m) Battery Range Alt. Speed

M/S/P (nmi) (kft) (mph)
2/2 1.05/0.84 11.30 11/17/26 104.0 11.3 126.6
3/2 0.88/0.92 11.15 6/19/47 109.5 7.1 119.4
2/2 1.07/1.60 11.69 12/15/28 1029 7.5 119.4
10/7 0.89/1.59 11.19 8/24/36 1176 7.5 125.3
7/5 0.77/1.04 11.27 12/15/40 106.3 8.7 121.2
3/3 0.84/1.02 11.39 11/14/44 1169 7.6 122.7
9/10 0.92/1.28 11.64 6/22/39 106.4 10.0 112.2
6/8 1.06/0.48 11.72 10/23/29 117.6 7.7 116.9
2/2 1.13/1.52 11.54 12/21/34 137.4 6.6 121.5
3/9 1.00/1.04 11.78 7/23/45 149.7 6.5 117.3
3/2 0.94/1.44 11.43 9/15/37 101.0 7.3 115.7
3/2 0.97/1.57 11.44 9/15/37 115.0 7.4 1191
2/2 1.04/1.09 11.63 7/20/39 91.3 11.5 116.1
2/2 1.04/1.10 11.61 7/20/39 929 99 121.4
3/2 1.02/1.31 11.41 6/17/50 915 8.2 1215
2/2 1.04/1.12 11.60 7/20/39 92.7 8.9 1256

Compact gdr_07345
Compact gdr_08565
Large-tip  gdr_01998
Large-tip  gdr_02359
Dense gdr_07007
Dense gdr_06344
High-blade gdr_04370
High-blade gdr_04916
Long-range gdr_06537
Long-range gdr_05934
Low-noise gdr_01834
Low-noise gdr_05741
High-alt.  gdr_08955
High-alt.  gdr_01804
Alt-config  gdr_00455
Alt-config  gdr_05107

- =S 24 2 00000000000 O0O
[ Ao \o \C \C T v RSV BN\ 2N \O BCO I \O I~ NS B \C I \ O\ I \ o)

Table 3 — Representative family performance.

Family Sample L//T) SPLyax  SPL SOC; Constraint
Compact  gdr_07345 17.45 69.0 64.8 0.565 2.05e-03
Compact  gdr_08565 17.19 68.8 654 0.539 2.08e-03
Large-tip gdr_01998 16.43 69.4 63.1 0.504 1.49e-04
Large-tip gdr_02359 17.59 71.6 68.4 0.529 2.58e-03
Dense gdr_07007 18.09 69.6 66.7 0.560 2.58e-04
Dense gdr_06344 17.40 66.9 63.8 0.561 1.13e-03
High-blade gdr_04370 17.65 721 68.6 0.461 1.48e-03
High-blade gdr_04916 18.35 69.6 66.4 0.512 1.05e-03
Long-range gdr_06537 18.00 70.5 64.1 0.547 2.87e-04
Long-range gdr_05934 18.74 745 705 0.523 9.06e-04
Low-noise  gdr_01834 17.29 65.3 62.3 0.521 7.18e-04
Low-noise  gdr_05741 17.37 64.8 61.9 0.491 1.29e-03
High-alt. gdr_08955 17.85 69.1 64.1 0.533 1.66e-08
High-alt. gdr_01804 17.06 69.2 64.0 0.518 4.12e-05
Alt-config ~ gdr_00455 16.90 66.3 62.6 0.545 3.99e-06
Alt-config  gdr_05107 16.51 69.5 64.3 0.515 1.50e-08

performance, while acoustic penalties become more visible.

The dense distributed family increases the number of propulsors per side to four or five. Compared
with the compact family, it uses smaller internal propellers and maintains tip diameters near 1.02—
1.04 m. One dense sample reaches L//T) = 18.09 with low constraint loss, suggesting that plausible
distributed layouts remain available rather than being suppressed by the minimum propulsor-count
option. The high-blade family further indicates that blade counts across the full 2—10 range are active.
However, the high-blade sample with 9/10 blades has SOCs = 0.461 and relatively high predicted
noise, suggesting that high solidity should be interpreted as a feasible but more constrained design
direction rather than a generally preferable solution.

The long-range family illustrates the mission-level shift most directly. Its range rises to 137.4—-149.7
nmi and the predicted L/D reaches 18.00—18.74, while final SOC remains near 0.523-0.547. This
indicates that longer-range samples in the gallery are not obtained simply by depleting the battery
reserve. The associated penalty is acoustic: the 149.7 nmi case has the highest listed SPL,,.x and
SPL, which is consistent with the expected coupling between propulsive loading, mission requirement,
and noise.

The low-noise family occupies a different part of the design distribution. Both samples use three
propulsors per side, moderate internal diameters, and large tip proggllers. They have the lowest

acoustic values in the family set, with SPLyax = 64.8-65.3 dBA and SPL = 61.9-62.3 dBA, while re-
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taining L//B ~ 17.3 and acceptable final SOC. This region is relevant for concept screening because
it sacrifices part of the long-range performance while remaining aerodynamically and energetically
reasonable.

The high-altitude and alternate-configuration families both activate the second configuration mode.
Their mission ranges are shorter, approximately 91-93 nmi, but their constraint losses are nearly
zero and final SOC remains within 0.515-0.545. These samples indicate that a secondary design
mode is retained in the generated distribution. The lower mean predicted L/D of the alternate-
configuration samples suggests that configuration diversity is feasible, but family-specific optimization
may be needed before this mode can match the higher-performing mode-0 candidates.

Across the 16 representative samples, the designs meet the model-based feasibility criterion with
constraint losses below 2.6 x 1073, The final SOC range of 0.461-0.565 avoids both excessive re-
serve and excessive depletion in this audit, while the predicted L/D range of 16.43—18.74 and acous-
tic range of 64.8—74.5 dBA show observable performance variation. The generated set should be
interpreted as a family of design alternatives rather than as a single optimized point.

3.3 Aggregate audit and physics-model accuracy

Table @ reports the 10000-sample audit of the selected generator. The generator retains a large
physics-model-usable rate, maintains a moderate spread in predicted aerodynamic performance,
and keeps the mean constraint loss below 2.0 x 1073, The final SOC distribution remains within the
intended reserve region on average, while the acoustic quantities stay below the screening thresh-
olds used in the differentiable physics audit. The audit should be read as a generated-population
screening result, with the independent physical-response accuracy reported separately in Table B.

Table 4 — Selected-generator audit summary.

Metric Selected generator
Physics-model-usable samples 9956/10000
Mean constraint loss 1.974 x 1073
Mean L/D 17.5608

Std. L/D 0.6792
Mean SOCy 0.5293

Mean SPLm., (dBA) 69.6622
Mean SPL (dBA) 65.6523
Range std. (nmi) 18.2853

The categorical marginal loss is intended to keep discrete design choices active during distribution
learning. In the selected 10000-sample audit set, the generator covers both configuration modes,
four propulsor-per-side categories, blade counts from 2 to 10 for both internal and tip propellers, 95
internal-propeller airfoils, 90 tip-propeller airfoils, 13 series-count values, 26 parallel-count values, and
seven battery-module counts. Continuous geometry also remains broad: internal propeller diameter
ranges from 0.7107 m to 1.1992 m, tip propeller diameter from 0.4300 m to 1.6935 m, and projected
span from 10.8175 m to 11.7956 m.

Table B reports the selected three-member physics ensemble. The validation minimum coefficient
of determination (R?) is 0.9345, and the held-out test minimum R? is 0.9174. The aerodynamic,
angle-of-attack, temperature, and SOC targets exceed 0.967 on the held-out test split, while the
two acoustic targets have lower held-out accuracy than the other responses. The generated-sample
acoustic values are interpreted as screening indicators within the same evidence level as the embed-
ded physical-response model.

4. Discussion

The results are consistent with the proposed workflow, while also defining its present boundaries. The
method should be interpreted as a distribution-learning framework for generating and screening DEP
design candidates, not as a replacement for final independent verification. The discussion focuses
on two central questions: which model components are responsible for the observed behavior, and

10
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Figure 3 — Categorical coverage.

Table 5 — Physics-model accuracy.

Target Validation > Held-out test R?

L/D 0.9816 0.9771
o 0.9891 0.9884
AT, 0.9734 0.9679
ASOC 0.9883 0.9802
SPLmax 0.9367 0.9174
SPL 0.9345 0.9196

how the performance-diversity trade-off should be interpreted when generated-sample metrics are
obtained from an embedded physical-response model.

4.1 Ablation and sensitivity analysis

The ablation study is organized at two levels. The first level compares physical-response model
structures, because this model is the differentiable evaluator embedded in the generator loss. The
second level compares generator modules, with emphasis on the quality-oriented physics loss, cat-
egorical marginal regularization, entropy regularization, moment matching, and diversity restoration.
These ablations provide more diagnostic information than a single final-score comparison because
the main observed failure mode is not only infeasibility, but also compression of the mixed-variable
design distribution.

Table 6 — Physics-model architecture ablation.

Architecture Principal structural change Val. min R> Test min R Interpretation

Target-wise heads Independent target heads with no explicit 0.9199 0.9108  Acoustic targets limit the
acoustic-delta coupling accuracy floor.

Cascade single Average acoustic response plus 0.9308 0.9159  Acoustic coupling improves
non-negative maximum-noise increment validation stability; seed

variance remains visible.

Cascade ensemble Three cascade-delta members averaged at  0.9345 0.9174  Highest validation stability and

inference test floor among the tested

structures.

Table B reports the weakest target on the validation and held-out test splits for models trained on the
same response targets and grouped split. The comparison indicates that the final physics model is
not chosen merely by increasing network capacity. The cascade-delta structure embeds a physically
meaningful decomposition of acoustic responses: the maximum sound level is represented as a
baseline acoustic response plus a non-negative peak increment. This improves the stability of the
acoustic heads compared with fully independent target-wise heads. Ensembling further reduces

11
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Figure 4 — Physics-model R? values.

seed-level variance, which is relevant because the generator receives gradients from the physics
model during training.

The generator-module ablation is summarized in Table [@. The first two rows isolate the effect of
replacing a feasibility-only physical objective with a quality-oriented physical objective under the same
3000-sample audit protocol. The last two rows isolate the diversity-restoration modules under the
final 10000-sample audit protocol. The rows should be interpreted pairwise rather than as a single
monotonic ranking.

Table 7 — Generator-module ablation.

Variant Active or ablated module setting Audit Screened Mean constraint Main effect

Feasibility-only Uses response-limit penalties without the 3000 2295 8.72x10~*  Learns response bounds;
utility term _# in Equation (B) usable rate and mean L/D

are lower.

Quality-oriented ~ Adds the utility term ¢ for higher lift-to-drag 3000 2995 5.24x107*  Usable rate reaches 99.8%;
ratio, lower temperature rise, lower noise, mean L/D increases by 0.93
and suitable final SOC and noise decreases by about

1.9 dBA.

Bladeflex Strong global physical objective; weak .%;;,; 10000 9757 7.59x 1073 Concentrated predicted

no categorical marginal loss metrics with major categorical
collapse and 6/10 geometric
realizations.

DivRepair Adds %4, stronger moment/diversity terms, 10000 9956 1.97x 1073 Broad categorical support,
and reduced single-point physical pressure 74% lower mean constraint

loss, and 10/10 geometric
realizations.

The first generator pair illustrates why the physical loss benefits from more than feasibility constraints.
A feasibility-only loss can make samples satisfy lower and upper bounds, but once a sample lies in-
side the feasible region it provides little gradient for ranking better aircraft. Adding the quality-oriented
objective turns the physics module into a continuous preference model over the feasible region. In the
corresponding audit, the usable count increases from 2295/3000 to 2995/3000, the mean constraint
loss decreases, mean L/D increases by 0.9274, and the mean maximum and average acoustic levels
decrease by approximately 1.9 dBA.

The second generator pair illustrates why a pure performance objective is not sufficient for generative
design. The performance-concentrated model indicates that large physical pressure can concentrate
the generator around a favorable predicted basin, but it also collapses major discrete variables such
as propulsor count, blade count, airfoil family, battery-module count, and series count. The diversity-
restored model reintroduces categorical marginal matching, entropy regularization over observed
category support, stronger moment matching, and explicit diversity pressure. These terms change
the generator behavior from implicit point optimization toward distribution modeling over feasible air-

12
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craft families.

Table 8 provides the detailed 10000-sample comparison of the last two rows in Table [@. Bladeflex
denotes the performance-concentrated generator, whereas DivRepair denotes the selected diversity-
restored generator used for the main results. The performance-concentrated variant obtains lower
predicted acoustic values and a tight final-SOC distribution, but it collapses to a narrow design family.
The diversity-restored variant recovers broad categorical and continuous coverage while preserving
a high physics-model-usable rate and reducing mean constraint loss. The observed cost is a shift
from single-point high performance to a broader feasible distribution with lower mean L/D and higher
mean acoustic levels.

Table 8 — Generator comparison.

Metric Bladeflex DivRepair

Physics-model-usable samples 9757 9956

Mean constraint loss 7.590 x 1073 1.974 x 1073

Mean L/D 18.9506 17.5608

Std. L/D 0.0524 0.6792

Mean SOCy 0.4915 0.5293

Mean SPL,,x (dBA) 59.9494 69.6622

Mean SPL (dBA) 57.1461 65.6523

Range std. (nmi) 5.3572 18.2853
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Figure 5 — Performance-diversity trade-off.

In Figure B, constraint quality is normalized by the lower mean constraint loss of the diversity-restored
generator, and category coverage is normalized by the recovered categorical support. The abla-
tion indicates that feasibility and diversity are not equivalent objectives. Increasing the physical-
performance weight alone improves concentration around favorable predicted metrics, but it also
drives the generator toward a small subset of propeller, battery, and airfoil categories. The diversity-
restored objective increases the usable-sample count by 199 samples over 10000 generated designs,
reduces mean constraint loss by approximately 74%, and restores blade-count support across the
declared 2—10 range. Its lower mean predicted L/D should be interpreted as the cost of recovering a
broader design distribution, rather than as a simple degradation of the method.

4.2 Interpretation and limitations

The performance-diversity trade-off is a key consideration in generative aircraft design. A determinis-
tic optimizer can legitimately return one optimum, whereas a generative model is expected to return a
useful distribution of alternatives. In this study, the physics objective improves predicted performance
only when paired with diversity controls that preserve blade count, airfoil family, battery topology, and
propulsor-count support. The categorical marginal and entropy terms serve a methodological role
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Figure 6 — Objective-level ablation summary.

beyond visual diversity: they reduce the tendency of the learned distribution to become an implicit
point optimizer.

Geometric realization success is necessary but not sufficient for aerodynamic or acoustic validity. The
geometry files document materialization of generated designs; independent multidisciplinary evalu-
ation is still required for final performance labels. The protocol separates three levels of evidence:
differentiable model audit, geometric realization, and independent response evaluation. This sep-
aration keeps the interpretation conservative: a generated design is not considered verified merely
because it is feasible under the neural physics model or because it can be materialized geometrically.

5. Conclusion

This study leads to three main conclusions. First, a mixed-variable design representation can ex-
press DEP aircraft candidates across aircraft geometry, propulsion layout, battery topology, and
mission variables while remaining compatible with differentiable generative training. The selected
physical-response ensemble provides useful guidance for this task, with higher held-out accuracy for
aerodynamic, trim, battery-temperature, and SOC targets and lower but still informative accuracy for
the acoustic targets.

Second, physical feasibility and design diversity are not interchangeable objectives. Large physical-
performance pressure can produce favorable predicted metrics, but it may also compress the mixed-
variable design distribution into a narrow family. Restoring categorical marginal matching, entropy,
moment matching, and explicit diversity pressure increases the usable count to 9956/10000, reduces
the mean constraint loss to 1.97 x 1073, and recovers broad coverage of propulsor count, blade count,
airfoil family, battery topology, and mission variables.

Third, the representative family analysis indicates that the generated aircraft are not small pertur-
bations of one baseline. The generated set contains compact low-blade layouts, large tip-propeller
layouts, dense distributed-propulsion layouts, high-blade variants, long-range candidates, low-noise
candidates, high-altitude mission variants, and an alternate configuration mode. The associated
trade-offs are consistent with expected physical couplings: longer range and higher predicted L/D
tend to increase acoustic burden, whereas low-noise candidates sacrifice part of the aerodynamic
optimum while preserving feasible energy reserve.

The present evidence supports the use of physics-constrained generative modeling as an early-
stage DEP concept-generation tool. Final design decisions should still rely on independent multidis-
ciplinary verification before quantitative performance claims are made. Future work should extend
independent response evaluation in generated design families and develop family-aware objectives
that improve performance within each family rather than driving all generated samples toward a single
predicted optimum.
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