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Abstract

Agentic artificial intelligence enables autonomous code generation and iterative reasoning for complex engi-
neering tasks. This work presents a proof of concept for agentic artificial intelligence in aircraft preliminary
design. A dedicated multi-agent system is first benchmarked across eight language-model configurations
against a reference process of the established UNICADO framework. An agentic application then operates the
UNICADO workflow directly. The benchmark shows that the orchestrating role and not the discipline computa-
tion limits the agentic workflow, which is reliably handled only by the larger models. Operating the established
UNICADO workflow with a sustainability optimization task for a conventional short-range aircraft, current flag-
ship models autonomously reached a substantial reduction of the Average Temperature Response with liquid
hydrogen at a low cruise altitude, in line with an in-house research reference. The results indicate that frontier
models can operate aircraft preliminary design autonomously, while the specialization through orchestrated
agents is more decisive than the raw model size.
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1. Introduction
Aircraft preliminary design for conventional configurations relies on established semi-empirical meth-
ods documented in foundational works, such as Raymer [1] and Torenbeek [2]. These methods have
been integrated into multidisciplinary design environments like UNICADO1 [3], enabling systematic
analysis across aerodynamics, structures, and performance disciplines. These frameworks auto-
mate the coupling and execution of the discipline tools. However, they require the user to define and
script the workflow a priori [4]. Until 2024, the primary trend in preliminary aircraft design has been
the integration of supervised machine learning methods, particularly neural network-based surrogate
models, that replace computationally expensive high-fidelity analyses. Recent work demonstrates
this approach: Zimmnau et al. [5] integrated Gaussian process regression surrogate models for aero-
dynamic analysis into UNICADO, combining low-fidelity methods with CFD simulations to improve
accuracy while reducing computational cost. Similarly, Maruyama et al. [6] integrated an efficient
global optimization framework based on Gaussian process surrogates into UNICADO. These surro-
gate methods share two common principles: First, they replace the expensive evaluation itself with a
cheap learned approximation. Second, they trade fidelity for speed and leave the surrounding design
loop with the engineer [7, 8].

In parallel to these domain-specific machine learning (ML) applications, agentic artificial intelligence
(AI) has emerged as a fundamentally different paradigm since late 2023. Agentic AI systems ex-
tend large language models (LLMs) with autonomous planning, code generation and execution, and

1Available open-source at https://unicado.io
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iterative refinement capabilities [9]. Recent benchmarks demonstrate their proficiency in software
engineering tasks. State-of-the-art models achieve resolution rates exceeding 80 % on the software-
engineering benchmark SWE-bench [10, 11], a benchmark evaluating real-world GitHub issue reso-
lution. The key difference is the ability to autonomously plan task sequences, select tools, interpret
results, and refine approaches based on feedback. This capability has been demonstrated in soft-
ware engineering and analytical workflows [12–14].

Agentic AI adds a third form of automation. Surrogates replace the analysis and scripted frameworks
execute a fixed workflow. An agent instead operates the toolchain itself. Rather than following a fixed
sequence defined in advance, it decides the next step autonomously. It further automates the control
layer that an engineer normally performs, while the underlying high-fidelity evaluation remains exact.
An agent can in principle call a surrogate model as one of its tools, hence the two approaches can
be considered complementary rather than competing. First domain-near studies apply this idea to
engineering design tasks, yet they remain limited to individual disciplines, such as multidisciplinary
optimization setup or airfoil aerodynamics [4, 15].
The rapid improvement in model accuracy and the expanding availability of specialized agentic AI
tools suggest transformative potential for highly integrated domains such as aircraft preliminary de-
sign. Particularly for sustainable aviation concepts, including hydrogen-fueled aircraft, blended wing
body configurations, and strut-braced wing designs, the design space is considerably larger than for
conventional configurations. Continuous optimization across multiple interacting modules is decisive
for identifying viable solutions. Agentic AI offers the potential to orchestrate the entire preliminary
design workflow. This includes

• interpreting top-level requirements,

• coordinating aerodynamic, structural, and performance analyses,

• evaluating design trade-offs,

• and iteratively refining configurations towards design targets, such as a reduction of the Average
Temperature Response.

This holistic integration capability, combined with demonstrated proficiency in code generation and
multi-step reasoning, positions agentic AI as a candidate technology for automating the multi-disciplinary
complexity of aircraft design analysis.

Despite the demonstrated capabilities of agentic AI in software engineering [10–14] and the estab-
lished use of machine learning in aircraft design [3, 5, 9], no systematic validation exists so far of
whether agentic AI can autonomously execute aircraft preliminary design with acceptable accuracy.
Existing AI coding agents such as GitHub Copilot operate at the software development level and
do not capture the domain-specific requirements of multidisciplinary aircraft sizing. This represents
a critical knowledge gap. Hence, before agentic AI can be considered for advanced applications
such as unconventional configurations or autonomous design space exploration, fundamental proof
of concept is required for conventional aircraft designs where reference data is well-established and
validation criteria are clear.

This work addresses this research gap in two steps. First, a multi-agent proof of concept is presented
that operates within a UNICADO-like framework. The agent ingests top-level aircraft requirements
(TLAR), manages the associated design parameter set, autonomously derives the lift-to-drag ratio
(L/Dmax) as a representative performance metric, and performs a multi-criteria evaluation of the re-
sulting design for three aircraft classes: conventional narrow-body, wide-body, and hydrogen-fueled
aircraft. The lift-to-drag ratio is deliberately chosen as a single discipline metric that represents the
broader multidisciplinary process and keeps up with the proof-of-concept scope. Unlike software-
focused coding agents, the proposed framework operates at the engineering design level. A coher-
ence model calibration validates the agent output against UNICADO reference values. The bench-
marking framework operates on two levels. It evaluates the aircraft design output on the one hand
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Figure 1 – Methodology of this work, comprising the conventional preliminary aircraft design level as
reference, the multi-agent proof of concept, and the agentic UNICADO application, each assessed

by coherence model calibration and two-level benchmarking.

and agentic AI performance metrics on the other, namely computation time, token consumption, iter-
ation count, and accuracy versus reference. The framework is applied across a range of proprietary
and open-source language models. Second, the transfer of this concept to the actual UNICADO
MDAO toolchain is demonstrated, where an agent autonomously operates the established discipline
tools to size and optimize the conventional reference aircraft across the coupled design chain. To the
best of our knowledge, this is the first proof of concept in which agentic AI autonomously operates
a complete and established conceptual aircraft design and optimization environment, in contrast to
surrogate-based acceleration, conventional scripted MDAO automation, and existing single-discipline
agents.

2. Methodology
To address the research incentive identified above, a structured and verifiable approach is required
for the multidisciplinary design task. A proof-of-concept methodology is therefore adopted, as it is
suited to assessing feasibility in emerging fields rather than delivering a finished solution [16, 17]. El-
liott [16] structures such research into three pillars, namely the use of a prototype, its demonstration,
and post-facto arguments that motivate further investigation. Antognolli and Petrillo [18] proposes a
comparable structure and provides an explicit planning stage. These perspectives are combined in
this work. A planning stage defines the objectives and the validation criteria. A prototype is then im-
plemented and demonstrated. The results are then to be discussed with respect to the transferability
of the approach.
The validation follows a coherence model calibration. Two independent systems that produce the
same output for identical inputs can be considered coherent [16]. In this work, the multi-agent system
and the established UNICADO environment both estimate the lift-to-drag ratio for identical top-level
aircraft requirements. A close agreement indicates that the agentic approach reproduces the behav-
ior of the reference process. The lift-to-drag ratio is selected as a representative performance metric.
It can be derived from a small set of geometric and aerodynamic parameters. It also admits several
solution methods, which makes it suitable for assessing the reasoning of an autonomous agent. This
single metric is deliberately chosen at this stage to isolate the agentic behavior from the additional
uncertainty of a full multidisciplinary workflow. Further discipline metrics, such as the thrust-specific
fuel consumption and the operating empty mass, are introduced with the coupled UNICADO applica-
tion in Section 3.5. The overall methodology is displayed in Figure 1. It comprises the conventional
preliminary aircraft design level as reference, the multi-agent proof of concept, and the agentic UNI-
CADO application. The following subsections describe the multi-agent architecture, the calibration
against UNICADO, the benchmarking setup, and the transfer to the established UNICADO toolchain.
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Figure 2 – Vertical architecture of the multi-agent system. The orchestrator controls the L/D and
validation agents and is the only component permitted to write to the parameter storage.

2.1 Multi-Agent System Architecture
The multi-agent system follows a vertical architecture [9]. A supervising orchestrator agent controls
two subordinate agents and communicates with the user. A vertical architecture is selected because
the conceptual design process is sequential and strongly coupled. The orchestrator manages the
information flow. It is the only component permitted to write to the shared parameter storage, which
maintains a single source of truth across the system. The hierarchical arrangement is shown in
Figure 2, and the corresponding information flow is given as an N2 diagram in Figure 3.
The orchestrating agent coordinates the process. It interprets the user request, delegates the disci-
pline tasks, and is the only agent permitted to write to the parameter storage. Two subordinate agents
perform the domain tasks. The L/D agent reads the available parameters and the knowledge bank. It
then generates executable Python code based on this knowledge and computes the lift-to-drag ratio.
The validation agent assesses the resulting configuration with respect to physical correctness, fuel
efficiency, and design innovation, and further proposes targeted improvements. The knowledge bank
adds to the underlying conceptual design literature and is described below. The parameter storage
shares the parameter values across all agents and holds up to fifteen design parameters, hence
maintaining a single source of truth.
The L/D agent serves as a placeholder for an arbitrary discipline module. The architecture can
therefore be extended to further design parameters without structural changes. The system is im-
plemented in n8n, a node-based workflow automation platform. The generated code is executed
on a local Python server, and the returned value is written back to the parameter storage by the
orchestrator.

2.2 Coherence Model Calibration
The calibration compares the agent output against UNICADO reference values. Three aircraft classes
are considered, namely a narrow-body, a wide-body, and a hydrogen-fueled configuration. The cor-
responding top-level aircraft requirements are taken from the open-source available UNICADO refer-
ence aircraft. This enables a direct comparison between the two systems.
Two knowledge banks are considered. The first contains classical conceptual design literature [1, 2].
The second contains a selection of recent published studies on conceptual design and aerodynamics.
This tests whether the knowledge the agent acts upon can be changed by exchanging the knowledge
bank rather than modifying the system itself.
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Figure 3 – N2 diagram of the multi-agent system. Diagonal cells denote the components.
Off-diagonal cells denote the information passed between them, with feed-forward couplings in the

upper and feedback couplings in the lower triangle.

2.3 Two-Level Benchmarking
The benchmarking records metrics at two levels, following the agentic metric framework of Massoudi
and Fuge [19]. At the aircraft design level, the requirements satisfaction and the physical correctness
are assessed. Requirements satisfaction measures the deviation of the computed lift-to-drag ratio
from the reference value. Physical correctness assesses whether the agent output is dimensionally
and physically consistent. At the agentic level, the computation time, the token consumption, the
number of agent invocations, and the task completion are recorded.
A total of eight language model configurations are evaluated. The configurations combine propri-
etary and open-source models. They include configurations in which a single model drives all agents
as well as mixed configurations. The single-model configurations apply GPT-5.2, GPT-5.4 mini,
Qwen3.6 27B, Gemma4 31b, Mistral 119b, and GPT-oss 120b to all three agents. The two mixed
configurations combine a Qwen3.6 27B or a Gemma4 31b orchestrator with GPT-5.2 as the L/D and
validation agent. The GPT-5.2, GPT-5.4 mini, Mistral 119b, and GPT-oss 120b models are accessed
through the RWTH KI:connect platform using API. The Qwen3.6 27B and Gemma4 31b models are
hosted locally on a GPU virtual machine. Each configuration is tested for the two knowledge banks
and the three aircraft classes. Each case is repeated three times to account for the stochastic be-
havior of the models. This design allows conclusions on the influence of the model, the role of the
knowledge bank, and the reliability of the agentic system.

2.4 Agentic UNICADO Application
The same agentic principle is applied to the established UNICADO MDAO workflow itself. In contrast
to the dedicated multi-agent system, the agent here operates the actual discipline tools of a coupled
conceptual design environment. The workflow is executed in headless batch mode of RCE within a
virtual machine environment. Here, the agent configures the design case, launches the execution,
interprets the returned results, and iterates autonomously.
Two aspects are examined. First, the dependence on the underlying model is assessed by a bench-
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mark of several locally hosted open-source models, consistent with the benchmarking of the proof of
concept. Second, the agent autonomously sizes and optimizes a reference aircraft, using the Aver-
age Temperature Response (ATR) as the climate objective. The resulting configuration is compared
against the corresponding UNICADO reference optimization of recent work within the ZeroCloud
project. This demonstrates that an agent can operate a complete and coupled design environment,
and can autonomously diagnose and resolve issues during the optimization, rather than only execute
an isolated discipline module.

3. Results
The proof of concept is evaluated along the two-level benchmarking defined in Section 2.3. The
evaluation comprises the eight model configurations introduced in Section 2.3. Three configurations
are tested across the full matrix of two knowledge banks, three aircraft classes, and three repetitions,
which results in 18 runs each. The three repetitions represent the run-to-run variability of the stochas-
tic models with the proof-of-concept scope rather than provide a complete statistical distribution.
These three configurations are GPT-5.2, Gemma4 31b, and the mixed Qwen3.6 27B orchestrator
with GPT-5.2 subordinate agents. The remaining five configurations are tested on the narrow-body
class only, after they failed reproducibly on the narrow-body cases with a run score of 0. These
configurations were not evaluated on the full matrix, since a subordinate agent that cannot read the
parameter storage fails identically across all aircraft classes. Therefore, the reported narrow-body
results represent their best case rather than a reduced test scope. Each agent receives a completion
score of 1, 0.5, or 0 per run. A score of 1 denotes correct execution, a score of 0.5 a non-terminal
deviation such as an incomplete parameter transfer, and a score of 0 a terminal failure or a physically
incorrect output. The run score is the lowest score among the three agents, following the principle
that no information can be considered preferable to wrong information. The lift-to-drag ratio is the
requirements-satisfaction metric. Computation time, token consumption, and agent completion are
recorded at the agentic level, following Massoudi and Fuge [19]. The results of the multi-agent proof
of concept are presented in Sections 3.1 to 3.4. The transfer to the agentic UNICADO application is
presented in Section 3.5.

3.1 Benchmarking across Models and Agent Roles
The agent completion success rates are shown in Figure 4. GPT-5.2 is the strongest configuration
within the test set. It reaches a completion score of 1.0 for the L/D agent and the validation agent
across all 18 runs. The orchestrating agent reaches 0.639 and remains the limiting role. The highest
full-run success, defined as all three agents scoring 1.0 within the same run, is 7 of 18 runs and
is also achieved by GPT-5.2. Only three configurations reach a non-zero full-run success, namely
GPT-5.2 with 38.9 %, the Qwen3.6 27B orchestrator combined with GPT-5.2 subordinate agents with
33.3 %, and GPT-5.4 mini with 28.6 %.
The two mixed configurations isolate the orchestrating role. The L/D agent and the validation agent
are fixed to GPT-5.2, and only the orchestrator is exchanged. The orchestration success then drops
from 0.639 for GPT-5.2 to 0.527 for the Qwen3.6 27B orchestrator and to 0 for the Gemma4 31b
orchestrator. The Gemma4 31b orchestrator discards the correct L/D values of the GPT-5.2 sub-
ordinate agent and substitutes its own incorrect values in all but one run. This indicates that the
orchestrating role rather than the discipline computation is the systematic bottleneck of the multi-
agent system. The locally hosted open-source models fail the subordinate roles in particular. The
L/D and validation agents based on these models do not reliably read the parameter storage. All
models operate the same tools correctly in the orchestrating role, which suggests a capability limit
rather than a configuration error.
The requirements satisfaction is assessed against the UNICADO reference. The reference values
of the maximum lift-to-drag ratio are 17.64 for the narrow-body (SMR-01), 20.63 for the wide-body
(LR-01), and 16.56 for the hydrogen (SMR-LH2-01) configuration. UNICADO derives the lift-to-drag
ratio from a component-wise drag build-up. It resolves the induced drag with a lifting-line method,
estimates the viscous drag with handbook methods after Raymer, and models the wave drag with
the Korn-Mason relation. For the comparison, a simplified closed-form relation is used instead. It
represents the induced drag through an Oswald factor and combines the remaining contributions
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Figure 4 – Agent completion success rates by model configuration. Five configurations are
evaluated on the narrow-body class only.

Table 1 – Requirements satisfaction of the multi-agent system. The agent column denotes the
strongest configurations, which reproduce the analytical reference exactly.

Aircraft UNICADO Closed-form Agent Deviation

Narrow-body (SMR-01) 17.64 18.39 18.39 +4.3 %
Wide-body (LR-01) 20.63 21.13 21.13 +2.4 %
Hydrogen (SMR-LH2-01) 16.56 17.50 17.50 +5.7 %

into a single zero-lift drag coefficient. The closed-form relation used here is the parabolic drag polar
CD =CD0 +C2

L/(π ARe), with aspect ratio AR and Oswald factor e, from which the maximum lift-to-drag
ratio follows as (L/D)max =

1
2

√
π ARe/CD0 . It combines the zero-lift drag contributions into a single

zero-lift drag coefficient CD0 and does not include a wave drag term. The same top-level require-
ments evaluated with the closed-form relation yield 18.39, 21.13, and 17.50. The strong configura-
tions reproduce these analytical values without deviation. This results in a systematic offset against
UNICADO of 4.3 %, 2.4 %, and 5.7 % as summarized in Table 1. The offset can therefore be at-
tributed to the difference in the drag estimation method and not to the agent. The agent reproduces
the analytical reference exactly. This confirms the correct execution of the closed-form relation rather
than the physical fidelity against UNICADO. The residual deviation reflects the difference between the
closed-form relation and the UNICADO drag build-up, not an error of the agent. It should be noted
that only GPT-5.2 and the Qwen3.6 27B orchestrator combined with GPT-5.2 subordinate agents de-
liver the expected values reliably across all conditions. The accuracy result is consistent across both
knowledge banks. The larger knowledge bank increases token consumption without changing the
L/D value, which indicates that the closed-form task does not benefit from the additional literature.

3.2 Failure Mode Analysis
The run outcomes are classified by the lowest agent score and shown in Figure 5. A run is clean when
all three agents score 1.0, degraded when the lowest score is 0.5, and failed when the lowest score
is 0. Only the GPT-5.2 driven configurations produce clean and degraded runs. GPT-5.2 reaches
39 % clean and 50 % degraded runs, and the Qwen3.6 27B orchestrator combined with GPT-5.2
reaches 33 % clean and 39 % degraded runs. All configurations that use an open-source model
in a subordinate role fail every completed run. This pattern is consistent across the narrow-body,
wide-body, and hydrogen cases.
The dominant failure modes are listed in Table 2. The decisive failure of the open-source subordinate
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Figure 5 – Run outcome distribution by configuration, classified by the lowest agent score. Five
configurations are evaluated on the narrow-body class only.

Table 2 – Dominant failure modes and affected configurations.

Failure mode Score Affected configurations

Parameter storage not read (sub-agent) 0.5 Gemma4, Qwen3.6, Mistral, GPT-oss
Generated code not executable 0.5 open-source subordinate agents
Orchestrator substitutes own content 0 all except GPT-5.2
Physically incorrect L/D relation 0 Mistral, GPT-5.4 mini
Incomplete parameter transfer 0.5 GPT-5.2, mixed configurations
Incorrect chat formatting 1 GPT-5.2

agents is the inability to read the parameter storage through the spreadsheet tool. This failure affects
17 of the Gemma4 31b runs and recurs for Qwen3.6 27B, Mistral 119b, and GPT-oss 120b. The
spreadsheet tool was successfully read by an open-source subordinate agent in only three runs in
total. A second decisive failure is the orchestrator substituting its own content for the output of the
subordinate agents. This failure is observed for every configuration except GPT-5.2 and is most
pronounced for Gemma4 31b. The substituted content includes lift-to-drag values, Python code,
and validations, which are frequently incorrect. A third failure mode concerns physical correctness.
Mistral 119b applied an incorrect form of the closed-form relation in two runs by omitting the factor
of one half. GPT-5.4 mini returned a lift-to-drag ratio without generating executable code in two runs.
The value was asserted directly rather than computed, and it was incorrect in both cases. The primary
deviations of GPT-5.2 are non-terminal. They consist of incorrect chat formatting and incomplete
parameter transfer, in particular for text-based parameters such as the cabin layout. These entries
are part of the shared parameter set but do not enter the lift-to-drag computation directly.
The capability threshold is visible across all metrics. Here, the number of parameters refers to the
size of the language model in billions of trainable weights, not to the aircraft design parameters
in the storage. The configurations below roughly 27 billion parameters (trainable weights) fail the
subordinate roles reproducibly, while the strong proprietary models complete the full matrix. This
is in line with the agent benchmarks reported for software engineering tasks, where long-horizon
orchestration rather than the isolated subtask is the limiting capability [10, 11].

3.3 Runtime and Token Consumption
The agentic-level metrics are summarized in Table 3 and the completion time per run is shown in
Figure 6. The locally hosted open-source models are the slowest. The absolute run times are not
directly comparable, since the local models run on a single GPU virtual machine while the proprietary
models are served through a scaled API infrastructure. Therefore, the time is an indicative reference
value rather than a controlled benchmark. The Qwen3.6 27B configuration averages 52.4 min per
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Table 3 – Agentic-level metrics per configuration, averaged over the completed runs. Tokens and cost
denote the input side.

Configuration Time Tokens Cost Clean
min 106 USD %

GPT-5.2 5.6 2.64 4.60 39
Qwen3.6 27B 52.4 4.70 1.25 0
Gemma4 31b 17.3 1.60 0.15 0
Qwen3.6 27B + GPT-5.2 17.9 1.95 1.65 33
Gemma4 31b + GPT-5.2 14.0 1.95 1.40 0
GPT-5.4 mini 3.9 1.55 1.40 29
Mistral 119b 4.2 2.80 0.40 0
GPT-oss 120b 9.7 5.40 0.20 0
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Figure 6 – Average completion time per run by configuration.

run, because the orchestrator recalls the L/D agent repeatedly when the agent cannot return a value.
The completion time drops to 17.9 min when Qwen3.6 27B operates only the orchestrator and GPT-
5.2 operates the subordinate agents. The proprietary models are faster, with GPT-5.4 mini at 3.9 min
and GPT-5.2 at 5.6 min. Run time is not a reliable comparison metric, since the smaller Mistral 119b
model completes faster than GPT-5.2 at 4.2 min while failing every run.
The input token consumption dominates the total token count in every configuration, as shown in
Figure 7. The orchestrating agent accounts for the largest share. The Qwen3.6 27B and GPT-
oss 120b configurations consume the most input tokens, at 4.7 and 5.4 million per run, because
the orchestrator repeats failed tool calls. The input cost ranges from 0.15 USD for Gemma4 31b to
4.60 USD for GPT-5.2. The high cost of GPT-5.2 results from its per-token price rather than its token
count. The larger knowledge bank roughly doubles the token consumption of GPT-5.2, from 1.42
to 3.83 million input tokens per run, without changing the computed lift-to-drag ratio. This indicates
that the knowledge bank affects the cost but not the accuracy of the closed-form task. The result
also indicates a structural limit. Large input contexts approach the maximum input token count of the
smaller models, which motivates a structured retrieval of only the task-relevant knowledge in a larger
design environment.

3.4 Extension toward a Multidisciplinary Process
As a proof of concept, the multi-agent system computes a single discipline metric. The conceptual
aircraft design process couples several disciplines. The transferability of the architecture is therefore
assessed by an extension. A replica of the L/D agent is added as an additional discipline agent and
is tasked with estimating the maximum take-off mass and the aspect ratio. The orchestrator system
prompt is adjusted to call the additional agent before the L/D agent. No structural change of the
architecture is required, which confirms that the L/D agent can be considered a placeholder for an
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Figure 7 – Average input token consumption per run, separated by agent.

arbitrary discipline module. The extension is conducted with GPT-5.2 for all agents across three runs.
The extension operates the additional task adequately. All three runs reach a completion score of
1.0 across all agents. The additional agent estimates the maximum take-off mass from fuel fractions,
derives the wing area from an assumed wing loading, and computes the aspect ratio. The aspect ra-
tios of the three runs agree within 5 %. However, the estimated maximum take-off mass is more than
20,000 kg below the UNICADO reference in all three runs, which raises the lift-to-drag ratio to values
between 22.4 and 22.9. The deviation can be reasoned by the absence of design iterations, which
are an essential part of any conceptual design study. The extension also increases the average cost
by 2.29 USD per run, which scales with the number of agents. The extension therefore demonstrates
the modularity of the architecture rather than the fidelity of a complete design tool. The fidelity gap is
the central reason for operating the established UNICADO process directly, which is presented in the
following section.

3.5 Agentic UNICADO Application
The same agentic principle is applied to the established UNICADO multidisciplinary workflow. The
agent operates the actual discipline tools in headless batch mode within a virtual machine. The
application proceeds in three steps of increasing autonomy, namely the reliable operation of the
workflow, the autonomous optimization of the aircraft, and the modification of a discipline source
code.

3.5.1 Reliable Operation of the Workflow
The first step tests which models operate the coupled toolchain reliably. The agent is prompted to
change the design range to 4,000 km, execute the sizing workflow, and report the resulting key per-
formance indicators. These are the maximum take-off mass, the maximum zero-fuel mass, and the
design-mission fuel mass. Eight locally hosted open-source models are evaluated. Four models
with at least 27 billion parameters complete the task and return bit-identical results, with a maximum
take-off mass of 75,806 kg. The four smaller models below this threshold fail and return fabricated
values. This agreement confirms the determinism of the workflow. At the same time, per-model sand-
boxing is essential, because a single malformed command destroyed the shared aircraft exchange
file in an unsandboxed pre-test. This capability threshold matches the one found in the multi-agent
benchmark.

3.5.2 Autonomous Optimization
The second step tests whether an agent can optimize the aircraft within the workflow. The agent
is prompted to minimize the Average Temperature Response (ATR) of a 180-passenger reference
aircraft within at most 100 converged runs and without source-code changes. The design range
is fixed as the top-level requirement, while all other parameters are free. These include the cruise
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Table 4 – Autonomously optimized aircraft configurations within the UNICADO workflow. The
kerosene baseline is compared against the kerosene local optimum and the liquid hydrogen global
optimum found by Claude Fable 5. ATR denotes the Average Temperature Response.

Configuration Cruise MTOM ATR Reduction
FL / M kg K %

Baseline (kerosene) 330 / 0.78 77 888 1.96×10−6 —
LocalOptimum (kerosene) 190 / 0.50 76 757 4.67×10−7 76.2
Optimum (LH2) 200 / 0.57 76 452 1.03×10−7 94.7

altitude, the cruise Mach number, the wing geometry, the energy carrier, and the tank configuration.
The agent may only use the engines available in the database and may not scale them freely. The
kerosene baseline reaches an ATR of 1.96×10−6 K at flight level 330 and Mach 0.78.
Claude Opus 4.7 operates and optimizes the workflow by iteratively adjusting the free parameters,
running the sizing loop, and reading back the output and resulting ATR. Even with additional guidance
towards a possibly better optimum, it reaches only a conservative local optimum with a reduction of
10 % at flight level 370 and Mach 0.76 with kerosene. Claude Fable 5 identifies the global optimum
autonomously. It reaches a reduction of 94.7 % at flight level 200 and Mach 0.57 with liquid hydrogen.
The optimum was confirmed in a repeated run. The best kerosene configuration reaches a reduction
of 76.2 % at flight level 190 and Mach 0.50. The configurations are summarized in Table 4.
Claude Fable 5 performs the change to liquid hydrogen consistently across the coupled disciplines.
The hydrogen optimum carries a 16 % higher operating empty mass from the tank installation and
requires 61 % less block fuel mass. The agent identifies the dominant lever, namely the collapse
of the aviation-induced cloudiness forcing below flight level 215. It separates the sizing condition
from the operating condition, which outperforms a redesign for the low cruise condition. The global
optimum is in line with the reduction potential of approximately 95 % of the ZeroCloud project. The
agent therefore reproduces a currently unpublished research result and operates a complete and
coupled design environment rather than an isolated discipline module.

3.5.3 Source-Code Modification
The third step tests whether an agent can modify a discipline method. The agent is prompted to adapt
the wing structural weight computation in the wing design module. It locates the relevant routine in
the compiled C++ module, applies a valid modification, and rebuilds the tool so that the change takes
effect in the coupled workflow. This indicates that the agent operates beyond the execution of the
fixed workflow and can extend the discipline methods themselves, which is the prerequisite for the
autonomous exploration of unconventional configurations.

4. Discussion
The results allow a discussion in three aspects.

• First, the proof of concept shows that a dedicated agent per discipline module is the productive
architecture. Larger models are on average more capable, and a capability threshold near 27
billion parameters separates the models that complete the agentic workflow from those that fail
the subordinate roles in this study. This threshold is specific to the present tasks and model
set, and its transferability to other tasks remains to be further assessed. The orchestrating role
and not the discipline computation determines the success. The specialization through multiple
agents can therefore be considered more important than the raw model size.

• Second, the approach scales to the established UNICADO process. A single agent operates
and optimizes the complete and coupled workflow and reproduces a currently unpublished
in-house optimum, which provides an independent validation. Modifications of the discipline
source code are already possible. The dedicated multi-agent system demonstrates the mod-
ularity, whereas a high fidelity requires the underlying framework. A full multidisciplinary pro-
cess is therefore achieved through the orchestrated addition of further specialized agents and
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not through a re-implementation of the disciplines. The workflow integration matters for the
efficiency, because the input tokens dominate the cost and favor a selective retrieval of the
task-relevant knowledge.

• Third, the main limitations concern the operational reliability and the scalability. Per-model
sandboxing and a strict version control of the baseline are essential, because a single mal-
formed command can destroy the shared design state. It should be noted that the agent must
not be biased by access to failed runs or earlier results. A controlled memory across the runs
is therefore the central lever for scaling to larger campaigns. The data handling is a further
consideration, because the cloud-hosted proprietary models process non-open-source data
externally, in contrast to the local open-source models.

5. Summary
This work presents a proof of concept for agentic artificial intelligence in aircraft preliminary design,
following a staged approach of increasing autonomy. A dedicated multi-agent system and an agen-
tic application of the established UNICADO workflow are evaluated. The benchmark identifies the
orchestration as the limiting capability, with a capability threshold near 27 billion parameters, and
shows that the specialization through orchestrated agents is more decisive than the raw model size.
Operating the established workflow, current flagship models autonomously reach a 94.7 % reduction
of the Average Temperature Response with liquid hydrogen at flight level 200, in line with an in-house
reference of approximately 95 %. The approach therefore scales from an isolated discipline metric to
the operation and optimization of a complete and coupled design environment. Based on this proof
of concept for conventional configurations, the approach appears particularly relevant for the design
space exploration of innovative aircraft concepts. The proof of concept motivates the orchestrated
coupling of several discipline agents and a structured memory.
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