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Engineering analysis automation in product development relies on rigid interfaces between
tools, data formats, and documented processes. When these interfaces change, as they rou-
tinely do as the product evolves in the engineering ecosystem, the automation support
breaks. This article presents a DUCTILE (delegated, user-supervised coordination of
tool- and document-integrated large language model (LLM)-enabled) agentic orchestra-
tion, an approach for developing, executing, and evaluating LLM-based agentic automa-
tion support of engineering analysis tasks. The approach separates adaptive
orchestration, performed by the LLM agent, from deterministic execution, performed by
verified engineering tools. The agent interprets documented design practices, inspects
input data, and adapts the processing path, while the engineer supervises and exercises
final judgment. DUCTILE is demonstrated on a constrained but realistic industrial struc-
tural analysis task at an aerospace manufacturer, where the agent handled input deviations
in format, units, naming conventions, and methodology that would break traditional
scripted pipelines. Evaluation against expert-defined acceptance criteria and deployment
with practicing engineers confirm that the approach produces correct, methodologically
compliant results across 10 repeated independent runs. The article discusses the paradigm
shift and the practical consequences of adopting agentic automation, including unintended
effects on the nature of engineering work when removing mundane tasks and creating an
exhausting supervisory role. [DOI: 10.1115/1.4072279]

Keywords: large language models, agent-based design, design automation, design

methodology, design process, product development, expert systems, design evaluation

1 Introduction

Product development relies on an engineering ecosystem with
many interacting elements: engineers, data, methods, processes,
and specialist tools [1-3]. In engineering analyses, organizations
often try to automate how these interactions occur, for example,
through scripts and tool-specific workflows. In practice, engineers
repeatedly move between context-specific tools, scripts, and
methods, adapting the workflow as the requirements, models, and
interfaces change [3,4]. However, such changes, even if minor,
can often lead to significant disruptions creating knock-on effects
in downstream design activities or changes within the product
[5,6]. For example, because of a tool update, a revised requirement,
or an organizational change. As a consequence, the engineer works
in a brittle analysis process [7], where significant time is spent on
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data wrangling [8,9] and tool orchestration [10,11], rather than on
value-added decisions that directly affect product performance.

In practice, organizations have addressed the brittleness of engi-
neering automation through two main strategies. One is to extend
the deterministic automations to add more rules and cover more
scenarios, which increases complexity and creates new failure
modes as the variation grows [12-14]. If the automation itself
cannot cover the changes, the second approach is to rely on
expert engineers to adapt on a per-case basis. This second approach
is slow and concentrates critical knowledge in individuals, creating
an organizational vulnerability when those individuals are not
available [14—16]. Neither approach scales well in environments
where the workflow evolves alongside the product over a decade-
long development process. Approaches integrating machine learn-
ing with expert validation have improved knowledge sourcing
efficiency in well-structured domains [15], but remain dependent
on predefined data structures, expert-curated feature sets, and
rigid methodological pipelines, leaving the underlying brittleness
of the workflow unaddressed.

In this article, a third approach is proposed: large language
model (LLM)-based agents as orchestration layers that connect

DECEMBER 2026, Vol. 148 / 121706-1

Copyright © 2026 by ASME; reuse license CC-BY 4.0

920z 1snBny z| uo 1s8nb Aq Jpd'8EZL-92-PU/LLGY292/90LLZLIZ /8T L/pd-0joie/ubisap|edlueyoaw/BI0"aWSE UoNo8||00|E}BIPaLUSE WOlj PAPEO|UMOQ


mailto:alejandro.pradas@chalmers.se
mailto:brahma@chalmers.se
mailto:ola.isaksson@chalmers.se
https://crossmark.crossref.org/dialog/?doi=10.1115/1.4072279&domain=pdf&date_stamp=2026-07-30

Table 1 Requirements for DUCTILE and supporting literature

Supporting
Req. Requirement name Description literature
R1 Inspectability Agentic application (prompts, plans, tool calls, and intermediate artifacts) must be directly [17,18]
inspectable by engineers/auditors; no hidden state
R2 Reproducibility Model, prompt, tool versions, and inputs must be pinned and logged; runs are reproducible or [17,18]
cause-attributable despite stochastic LLM steps
R3 Deterministic execution Safety/engineering computations run in verified, deterministic tools; the LLM performs [18,44]
boundary orchestration and code generation only
R4  Traceability and Every artifact is trace-linked to the generating step (arguments, stdout/stderr, checksums, and  [17,18]
auditability timestamps) to support do/check/approve reviews
R5 Data governance Deployment mode (on-premises or application programming interfaces (API)) and data flows  [17,18]
comply with confidentiality/export/privacy rules and are justified
R6 Human oversight and Engineers review plans and sign off on outputs; autonomy is limited to orchestration, not [17]
accountability engineering judgment
R7 Robustness to routine Orchestration handles foreseeable variation (formats, units, naming, and minor method updates) [5,13,44-48]
variability without modifying certified tools
R8 Observability The system emits traces for model calls and tool invocations (arguments, latency, and tokens/  [49,50]
cost) sufficient to diagnose failures
R9  Minimal coupling Tool integration is lightweight/externalized (command-line interfaces (CLIs)/typed APIs); [12,13,47,48]
generated code is readable and runnable by engineers
R10 Evaluation and pass'k Reliability is demonstrated on curated cases with deterministic checks and/or LLM-as-a-judge, [51-53]
using repeated independent runs (pass’k) proportionate to risk
R11 Change control Any change to model, prompts, tools, or design practice triggers re-evaluation on the same cases [17,18]
before deployment
R12 Documentation quality Tool/method documentation is sufficiently structured for agents to follow procedures; [54,55]

ambiguities are revised or clarified

engineers to the verified and trusted domain-specific engineering
tools. The agent does not replace the domain-specific software,
but instead, interprets the documented design practice, inspects
the available data, and adapts to the particular context. In doing
so, it generates and executes processing code at the engineer’s
request through the same verified and trusted tools that the engineer
would use manually. By adding a now standardized and universal
orchestration layer on the automation, this approach minimizes the
development (and maintenance) burden of tailored workflows and
frameworks. With this approach, engineers remain responsible for
defining the goal, reviewing the plan, supervising execution, and
validating outputs as per the latest artificial intelligence (AI) poli-
cies and standards of aerospace and automotive certification bodies
[17-19].

This article makes two contributions. First, it presents delegated,
user-supervised coordination of tool- and document-integrated
large language model-enabled agentic orchestration (DUCTILE),
an approach for developing, executing, and evaluating LLM-based
agentic automation of engineering analysis tasks, grounded in the
separation of adaptive orchestration from deterministic, verified
tool execution [20]. Second, it provides a test case and evaluates
the approach on a constrained but realistic industrial load process-
ing task at an aerospace manufacturer, where the agent handled
four input deviations that would break traditional automation,
across 10 independent runs and two engineers’ interactions with
different agentic supervision styles. The novelty lies in demonstrat-
ing that LLM agents can orchestrate real aerospace analysis work-
flows transparently and compatibly with existing verified tools,
while absorbing the input variability. The case, tools, and evalua-
tion are provided as open-source for other researchers to replicate
and improve.

2 Background

This section frames the engineering challenge that motivates the
present work. Section 2.1 describes the operational context in prac-
tice. Section 2.2 reviews the families of computational support
developed in the literature, their characteristic limitations, and
the orchestration principle and requirements (Table 1) that follow
from them.
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2.1 The Tool Adoption Challenge at Aerospace
Engineering Companies. Of specific interest in this article are
the challenges of automation in the mechanical engineering analysis,
particularly in the aerospace domain [15,21]. The engines division of
GKN Aerospace (hereafter, the case company) is a Swedish manu-
facturer of jet engine components and is a risk and revenue-sharing
partner for various jet engine Original Equipment Manufacturers.
The case company routinely performs structural analysis activities
to substantiate airworthiness and certification activities, an essential
part of the safety-focused industry [22]. These activities follow doc-
umented design practices and rely on a combination of commercial
solvers, legacy scripts, and an internally developed and evolving eco-
system of modular PYTHON tools [23] to preprocess and postprocess
product data that are the basis for the requirements justification.
The variety of tools in the ecosystem creates a practical challenge
that directly relates to the user’s experience level. A new engineer,
for example, may understand the engineering principles, but may
face a steep learning curve in connecting that knowledge to the spe-
cific tools and sequences unique to the company’s established pro-
cesses. On the other hand, an experienced engineer may know the
methodology intimately but may lack the time to explore the docu-
mentation and capabilities of a frequently updated tool.

Both these cases highlight a significant and ever-increasing gap
between the growing capability of computational tools and the
engineering judgment required to use them eftectively [24]. The
engineer’s value lies in understanding what the analysis must
achieve and whether the inputs, method, and results are coherent
and correctly interpreted. However, in practice, when a design
change needs to be evaluated, a significant amount of time is
spent on nonengineering tasks such as debugging data format mis-
matches between modules.

2.2 Approaches to Engineering Design Automation and
Their Limitations. The challenge described at the case company
is not unique. Engineering design problems are ill-defined and
context-dependent, often described as wicked problems [25], where
the problem becomes fully clear only as the solution emerges [26].
Gericke and Eckert [1] further note that design methods are embed-
ded in ecosystems of representations, tools, and purposes. Any auto-
mation must therefore accommodate variability, incomplete
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information, and evolving understanding. In aerospace, this is a
known bottleneck both in design [27] and manufacturing [28].
Several families of computational support have been developed to
address it, each with characteristic limitations.

Knowledge-based engineering (KBE) systems encode expert
rules and geometric primitives to automate routine design tasks,
but require ontologies [29] and design primitives to be defined in
advance [12]. KBE developers and the engineers performing the
analysis are typically not the same people [30], and the specialized
knowledge to build and maintain them limits their use to high-
performing teams on early concepts where the design space is suf-
ficiently constrained [31]. Within such constraints, they support
multidisciplinary optimization (MDO) and design space explora-
tion [32]. For detailed design and certification phases, where data
formats and methods constantly evolve, KBE approaches are
rarely viable [33]. Even with fully explicit logic, the engineers
using them describe the resulting rule chains as black boxes
whose complexity exceeds what a practitioner can trace [13,33].

Process integration and design optimization platforms and
scripted pipelines connect heterogeneous solvers through graphical
workflow editors (e.g., modeFRONTIER, ANSYS WORKBENCH) oOr
sequential scripts, enabling parametric and MDO studies [34,35].
Both rely on deterministic interfaces specified in advance: a format
change in an OEM delivery, or a parameter not foreseen at design
time, produces errors. Similarly to KBE, these workflows are seen
as black boxes by other engineers unrelated to their development.

Machine learning approaches address parts of the same challenge
through models that learn from data rather than encoded rules. Deep
generative models such as generative adversarial networks (GANs),
variational autoencoders (VAEs), and diffusion [36] produce new
design candidates or surrogate predictions [37]. Early uses of
LLMs followed the same pattern, as tools within an otherwise
scripted process, for example, for textual product descriptions [38]
or basic design synthesis [39,40]. In all these cases, the product per-
formance computation happens within the model and the output is a
candidate or a prediction. The orchestration of certified analysis pro-
cesses, where documented procedures must be followed, tools called
in defined sequences, and inputs and outputs traced through the
quality chain [41,42], lies outside their scope.

LLM-based agents represent a different role for the same technol-
ogy: instead of producing a design output, they orchestrate the use of
existing tools and follow documented processes. Massoudi and Fuge
[43] demonstrate this for conceptual systems engineering tasks
(requirements analysis, functional decomposition, and architecture
trade-offs), but their scope is the early design phase, where outputs
are conceptual and integration with in-house tools and methods is
not emphasized. Mustapha [44] characterizes the shift from tool to
orchestrator as a paradigm change from deterministic to stochastic,
and notes the adaptability or malleability of these systems, a
concept close to ductility. These works signal the direction, but
stop short of the detailed design and certification setting addressed
in this article. Empirical studies on engineering change propagation
show that even minor interface shifts can trigger disproportionate
rework [5,45]. This is the brittleness that the present work targets.
The central insight from the literature is summarized as the following
core principle that is used to guide the development of the method:

Central Orchestration Principle: Effective engineering orches-
tration requires an intermediary capable of accommodating vari-
ability in data, tools, and practices, rather than relying on rigid,
predetermined interfaces.

From the survey of literature, a set of requirements for engineer-
ing automation can be extracted; Table 1 summarizes 12 require-
ments, R1-R12 with brief descriptions and supporting references.

3 Large Language Model Agents:
Technical Foundations

Building on the central orchestration principle articulated in
Sec. 2.2, this section examines how LLMs within agents provide
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such an adaptive intermediary. So far, we have avoided defining
the term Agent. Historically in Al, the term has been defined
along different lines: by interaction style, as a personal assistant
that the user collaborates with through indirect management
rather than direct manipulation [56,57]; and by a set of properties,
namely autonomy, social ability, reactivity, and pro-activeness
[58]. In the context of LLMs, as the technology matures, the
term continues to evolve reflecting different characteristics and
challenges. Earlier work defined LLM agents as a [...] task ori-
ented combination of LLM models and the infrastructure to

access tools, retrieve context information, and store memory of

its interactions. [59]. While every LLM frontier lab and agentic
framework provider has a variation of this definition, this article
uses the term that is gaining traction lately, which involves a
description of what it does rather than what it is: An LLM agent
runs tools in a loop to achieve a goal [60]. This action-oriented
view is close to the historical softbot (software robot), an agent
that senses and acts upon a software environment by issuing com-
mands and interpreting their feedback, for example, unix shell
commands [61,62]. In this article, we distinguish between the
agentic framework, the software toolkit (or harness) that provides
the inference loop and tool calling infrastructure (e.g., Claude
Code and Pydantic-Al [63]), and the agentic application, the con-
figured agentic framework that defines a specific LLM, system
prompt, and tool connections for a given engineering context.
Section 4 describes how an agentic application is developed, exe-
cuted, and evaluated.

We focus solely on external, off-the-shelf large language
models, recognizing that most engineering organizations, espe-
cially medium and small firms, lack the resources to develop or
fine-tune such models in-house. The context window is central to
this capability: since externally developed models have no
built-in knowledge of an organization’s internal tools and pro-
cesses, the information available in the context window determines
what the model can draw upon when generating each token.

Only a few years ago, LLMs were pejoratively referred to as
“stochastic parrots” [64]. Today, LLMs offer a flexible inference
mechanism that can interpret context, reconcile heterogeneous rep-
resentations, and mediate between evolving tools and engineering
intent [44]. To convey to the mechanical engineering community
how rapidly this shift has occurred, the following subsections intro-
duce the fundamentals of inference and response generation
(Sec. 3.1), together with two capabilities that have matured
rapidly: structured reasoning modes (Sec. 3.2), often referred to
as thinking or deliberate reasoning, and tool calling (Sec. 3.3),
which enables controlled interactions with deterministic external
software.

3.1 Response Generation. A transformer-based LLM [65]
sequentially generates a token at a time through an autoregressive
process, see Fig. 1. At each step, the model takes the entire context
window: the system prompt, the user message, and all tokens gen-
erated so far; and produces a probability distribution over the
vocabulary of possible next tokens. A sampling strategy selects
one token from this distribution, and the selected token is appended
to the context window for the next iteration. This loop continues
until a stop token is sampled, at which point the accumulated
sequence of tokens is returned as the response. Other recent archi-
tectural language models, namely diffusion [66], substitute the
autoregressive sequential token generation with a series of refine-
ment steps. Both the architecture and the process are fundamentally
nondeterministic: the same input can produce different responses
depending on the sampling strategy and its stochastic parameters.

3.2 Thinking Mode. The transformer autoregressive nature
of token generation introduces a limitation: once the model
commits to an initial direction, subsequent tokens are conditioned
on that choice, making it difficult to reverse course [67]. This can
lead to fixations or hallucinations [68]. Thinking mode is a
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Inference Engine

( Context Window

2o output
next token probability token

LLM ]—> =
L= / stop

inference token?

Response
oOdoAe

Fig. 1 Schematic of the LLM inference loop. The model takes
the full context window as input, produces a probability distri-
bution over the next token, samples one token according to a
sampling strategy, appends it to the context window, and
repeats until a stop token (<EOS>) is generated. The resulting
sequence of tokens forms the response.

sampling
strategy

mitigation strategy developed during model post-training using
reinforcement learning [69,70], and first experienced by the
general public with OpenAI’s ol model in Sep. 2024 [71] and sub-
sequent competitor models. Practically, the so-called thinking
mode provides the model with a scratchpad in which self-critique
is rewarded. Specific token sequences allow the model to recon-
sider its initial direction, explore alternative interpretations, and
select the most appropriate response before committing to a final
answer [72], see Fig. 2. For engineering orchestration, thinking
mode is important because it allows the model to reason at infer-
ence time about ambiguous or unexpected situations before
acting on them, increasing the probability of a successful final
answer [70].

3.3 Tool Calling. Tool calling enables the model to ground its
responses on external data and computations, beyond what is
encoded in its training weights or present in the context window
[73]. Models are trained to recognize when a question requires
external information and to generate a structured output (a function
name and arguments) instead of a direct answer. The model does not
execute the tool itself. In practice, it performs a classification task,
selecting which of the available tools is best suited for the current
step and inferring the appropriate arguments from the context
window. Figure 3 illustrates this with an engineering example.

Wei et al. [74] identify three styles of tool integration in agentic
systems: (a) in-context, where the model reads documentation and
generates calls zero-shot; (b) post-training, where the tool-use
strategies are fine-tuned into model weights, and (c) orchestration-
based where a planning layer coordinates multitool workflows. The
present work uses the first and third; the agent reads tool documen-
tation to learn about unfamiliar application programming interfaces

User

If a T-shirt takes 5 hours to dry, how long does it take to dry 3 T-shirts?

No thinking
Each T-shirt takes 5 hours, so 3

T-shirts take 3 X 5 = 15 hours
to dry.

Thinking mode

3 % 5 = 15 hours to dry... Hold
on! If the user is hanging them at
the same time... Wait! the user
did not specify... usually laundry is
done at the same time so I should
assume that the ...

15 hours x

5 hours. Assuming you have
enough space, all three dry si-
multaneously.

5 hours v/

Fig. 2 Comparison of LLM responses with and without think-
ing mode enabled. The thinking scratchpad (dashed box)
allows the model to self-critique and reconsider the autoregres-
sive initial response before committing to a final answer.

121706-4 / Vol. 148, DECEMBER 2026

Engineer

What is the yield strength of Ti-6Al-4V at 400 °C?

Without tool calling

Ti-6Al-4V has a yield strength
of approximately 880 MPa.

With tool calling

materials_db("Ti-6Al-4V",
T=400, units=degC)

880 MPa x + oy = 620MPa

At 400°C, Ti-6Al-4V has a
yield strength of approximately
620 MPa.

620 MPa v/

Fig. 3 Comparison of LLM responses with and without tool
calling. Without tools, the model relies on parametric knowledge
from training weights, returning a room-temperature value. With
tool calling, the model queries an external materials database
for temperature-dependent data, grounding its response on ver-
ified external information.

(APIs) and then plans multistep workflows across multiple tools.
Post-training integration is deliberately excluded because engineer-
ing tools evolve and must remain independently verified and ver-
sioned. Fine-tuning the model to internalize the tool signature or
APIs is, as mentioned earlier, possible but unrealistic in practice
for most engineering companies.

3.4 Orchestration. These three mechanisms, inference,
thinking mode, and tool calling, establish a two-layer architecture.
The LLM selects actions and adapts to context; the external tools
execute deterministically. Yao et al. [75] formalized this interleav-
ing of reasoning traces and tool actions in the ReAct framework,
showing that the model decides at each step whether to reason
further, act on the environment, or return a final answer. This
pattern has been demonstrated beyond engineering: Shen et al.
[76] showed that an LLM can act as a controller that plans tasks,
selects specialized Al models, and orchestrates their execution
across vision, speech, and language domains.

Thinking and tool calling capabilities are prerequisites for
orchestration. Agentic reasoning literature distinguishes two
forms of scaling at inference time [74]: scaling test-time computa-
tion, where the model reasons longer within its context window
(mapping to thinking) and scaling test-time interaction, where
the model interacts with external tools and receives feedback
from the environment.

3.5 Large Language Model Agents in Engineering
Practice. Developments in the application of LLMs also come
from commercial software vendors, who have begun embedding
LLM-based assistants within their products. Simulation platforms
such as ANsys [77] or comsoL [78] now offer interfaces that
support engineer interactivity within the graphical user interface
(GUD).

These assistants are, however, tightly coupled to their host appli-
cation. They have access to the model being edited but cannot
access external design practice repositories, in-house tools,
or data from other stages of the analysis process. This closed-
ecosystem constraint limits their applicability to the engineering
orchestration problem described in Sec. 2.1, where the challenge
is to bridge across multiple tools and data sources. Emerging
service vendors such as COSMON [79] are developing agentic
interfaces that connect LLMs to commercial computer-aided
design (CAD) and simulation software. These solutions are inter-
esting for a no-code solution. However, due to the requirements
imposed on inspectability (R1), reproducibility (R2), and traceabil-
ity and auditability (R4), these solutions are discarded as the
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Agentic Automation Application ( External Resources D
Inference Engine :
File system area
( System Prompt )
p internal External Knowledge
User (___ User Message ) tool
IS external o S
interface 4
request/
response Tool Repository (e.g. MCP)
L) [t () (D) (19 o)
L LLM ——————> Response —> type?
External processes
final answer D
N\ J

Fig.4 Architecture of an agentic application. The inference engine processes user messages through the LLM within a context
window, generating either final answers or tool calls. Tool execution is handled internally or through external interfaces that
connect to external resources including file systems, knowledge bases, tool repositories, and system interfaces.

companies do not have direct access to adapting and therefore
adding another potential layer of brittleness.

To address this gap, this article argues that a minimal and
generic agentic application shall be developed at each company.

4 The DUCTILE Approach to Agentic Orchestration

This section addresses the gap identified in the previous sections
by introducing the DUCTILE approach to agentic orchestration,
whose core concept is to separate interpretation from computation.
As argued in Sec. 2.2, brittleness arises when adaptation is encoded
in fixed rules. DUCTILE addresses this by assigning interpretation
and orchestration to an LLM and delegating all calculations to ver-
ified tools, improving robustness to interface and input changes
without relaxing engineering rigor. This separation also supports
traceability and certification compliance, which are necessary for
the aerospace context. It is aligned with the requirements R1-
R12 summarized in Table 1.

The following subsections describe how the approach is imple-
mented. The description is divided into three parts: developing the
agentic implementation (Sec. 4.1), executing the agentic analysis
(Sec. 4.2), and evaluating the agentic performance (Sec. 4.3).
Figure 4 shows the architecture of the agentic application used to
execute the analysis.

4.1 Developing the Agentic Implementation. In the devel-
opment stage, the agentic application is established so that orches-
tration can be observed, reproduced, and integrated with existing
engineering tools. In line with the requirements (Table 1), the
agentic application implementation is shaped by two consider-
ations: (i) the character of the agentic framework used to host
the agent (addresses R1, R2, and R9) and (ii) the configuration
of its core connections to models, prompts, and tools (addresses
R2-R5 and RS).

4.1.1 Framework Character. The agentic framework exhibits
inspectable and reproducible behavior, transparent configuration
with minimal hidden state, and low coupling to the analysis
stack. In practice, this corresponds to open-source, appropriately
licensed solutions that surface prompts, traces, and file operations
to the engineer, and that connect to external documents, tools, and
analysis codes with minimal glue (addresses R1, R2, and R9).

4.1.2 Configuration Scope. Within such a framework, an
agentic application is organized around three connective elements

Journal of Mechanical Design

as shown in Fig. 4: (a) the LLM model connection, (b) the system
prompt, and (c) the tool interfaces. The model connection covers
the chosen model family and deployment mode (on-premises or
API), together with version pinning and environment capture so
that runs are attributable across iterations (addresses R2 and R5).
The system prompt provides stable interaction conventions and
output contracts, while domain procedures and method rules are
provided at run time through documents and skills rather than
embedded as static instructions; this keeps behavior auditable
and portable across projects (addresses R1 and R9).

Selecting and Connecting to an LLM. Model choice for engineer-
ing analysis is typically shaped by a three-way trade-off between
capability profile, computational cost, and data-governance con-
straints. Capability is commonly profiled along three dimensions:
tool use (selection and invocation of external tools), as reflected in
7-bench [80]; agentic reasoning (multistep planning and recovery
on error), as reflected in AgentBench [51]; and code generation
quality, e.g., SWE-bench [81]. The choice of on-premises versus
externally hosted model deployment further conditions feasibility
and governance. On-premises execution offers full control over
data flows, while externally hosted models reduce infrastructure
burden and broaden immediate model availability. If an externally
hosted solution is chosen, it shall be bounded by confidentiality
requirements, export-control rules, and applicable data-protection
frameworks (e.g., General Data Protection Regulation (GDPR)).
For exploratory or nonsensitive workloads, however, external pro-
viders often function as a practical starting point. Regardless of the
choice, model and version pinning enable run-to-run attribution
(addresses R2 and RYS).

System Prompt. Model behavior is influenced by the system
prompt [82], with design that can evolve iteratively or via systema-
tic methods [82,83]. Guidance from major providers (OpenAl [84],
Anthropic [85], Google [86], Meta [87], and Mistral [88]) offers
different advice, but has common sections that are always recom-
mended to include:

e Goal: purpose and scope of responsibility.

e Style: tone and interaction conventions for communicating
with the user.

e Available tools: typically injected automatically by the
framework.

e Reasoning strategy: approach to task decomposition, depth of
diagnosis, and information exhaustiveness.

e Qutput format: a verbal schema or a structured contract (e.g., a
final tool call).
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Within the present approach, the prompt is kept task-agnostic
(addresses R1 and R9). Company-specific procedures, methods,
and design practices are not encoded statically; instead, they are
retrieved at run time from knowledge resources or disclosed pro-
gressively via skills [89]. This keeps behavior auditable and porta-
ble, and allows the user to state the task (e.g., perform task X using
method Y, revision Z) while the agent assembles the relevant orga-
nizational information (addresses R1, R9, and R12).

Configuring Tool Access. Tool access can be provided internally
or via external resources (Fig. 4). The approach favors connecting
to external resources wherever feasible to minimize framework
complexity and maximize reusability across agent instances
(addresses R9). Interfaces expose deterministic, versioned capabil-
ities with strict I/O contracts (paths, formats, and units) and con-
trolled write locations; generated scripts and invocation logs
(arguments and stdout/stderr) are persisted alongside inputs and
outputs to preserve traceability and support inspection (addresses
R3 and R4).

4.2 Executing the Agentic Analysis. Execution proceeds as
an alternation between stochastic planning and deterministic tool
use. The engineer provides the design context, inputs, and task
objective; the application incorporates these into the context
window. The inference process described in Sec. 3 proposes the
next step toward the goal. Here, the stochasticity inherent to the
model is an advantage: the model adapts inputs and company
knowledge to the particular design context and goals (see Fig. 4).
Once the model proposes a tool call, the agentic framework exe-
cutes it deterministically and appends the result to the context
window. The agent repeats this cycle, calling successive tools
until the task objective is met (addresses R3, R4, and R7).

This loop connects the agent to the same tools an engineer would
execute manually or hardcoded in a scripted pipeline, but the
orchestration logic is no longer hardcoded. The LLM translates a
natural language defined process description from a document
into a sequence of tool invocations, selecting each step based on
the task objective, intermediate results, and available tools
(addresses R1 and R9). This adaptability is reported to the engineer
in the final response and remains fully visible in the model traces
and generated artifacts.

At any time in the parallel or sequential call of tools iterations,
the agent may return the control to the user [75]. The decision to
finish the iteration is made by the LLM based on its training behav-
iors and the content of the context window. A few examples of
when the LLM can choose (via the likelihood of the next token
and subsequent generation of a response) to finish its turn are:

—When the request of the user can be answered directly, without
the need to call tools.

—When the model misses critical information to carry out the
task.

—When the tool calls have provided enough information to com-
plete the task.

—When a roadblock in the execution plan stops the model from
getting closer to the goal (e.g., permission access, and tool
failure) and reasonable efforts have been made to circum-
vent those limitations within the independence scope
defined in the context window.

4.2.1 Final Response and User Intervention. When stopping,
the agent may summarize previous activities in the agent’s turn.
The agentic application parses the results and then finalizes the
process by returning the last message to the user. Current agentic
applications stream to the engineer directly the intermediate tool
calls and thinking steps to follow the task progress. This allows
for engineers to stop the agentic execution if it is deviating from
the goal or stalling with an activity (addresses R6).

4.2.2 Traceability and Observability. Messages, tool calls,
and tool results at minimum shall be sent for recording to an
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observability platform via standard payloads (e.g., OpenTeleme-
try). If a company external service is used, the same data sharing
considerations shall be evaluated. Generated code is stored next
to inputs/outputs to preserve traceability (addresses R3 and R4).
Where available, telemetry captures call latency and token/cost
for model steps, supporting diagnosis, evaluation, and change
control over time (addresses R8, R10, and R11). The resulting
traces provide the evidence required for do/check/approve review
and for the evaluation described in the next section.

4.3 Evaluating the Agentic Application Performance.
Method adoption in engineering practice depends on evidence
that the method behaves as expected, with a high degree of confi-
dence [90]. Furthermore, the system needs to be validated like any
in-house engineering software with rigor proportional to the risk of
the activity performed [91,92]. However, agentic systems intro-
duce challenges beyond those of traditional software.

First, the context window evolves across tool calls and intermedi-
ate reasoning steps, making the internal state difficult to inspect and
debug. Observability platforms that trace each model invocation,
tool call, and token exchange, such as Logfire [49], are essential
for diagnosing failures (addresses R8). Second, outputs can vary
structurally across identical inputs and yet can be equally valid.
Because the DUCTILE approach intentionally uses flexibility to
adapt to diverse engineering contexts, suppressing variability is
not the goal. Instead, evaluation is performed against curated data-
sets of representative problems, including edge cases, similar to
the held-out test sets used to assess generalization in machine learn-
ing [93]. These datasets verify that the agentic application produces
correct and compliant outputs across the expected range of inputs,
independent of the particular response path taken (addresses R10).

Unlike machine learning datasets containing only input x and
expected output y, each evaluation case must specify:

(1) The design environment: the system prompt, the engineer

query, the executable tools, and reference documentation.

(2) The acceptance criteria: expected outcomes expressed as

quantitative tolerances, qualitative descriptions, or both.

(3) The evaluation method: a deterministic check against refer-

ence values, a human expert review, or an LLM-as-a-judge

assessment.
The evaluation must cover both standard interactions and edge
cases, both measuring quantifiable expected engineering values
and agentic behavior under high uncertainty design conditions.
For example, the expectation to ask for clarification on undercon-
strained problems, or to explicitly report the intermediate assump-
tions made to engineers. Expected answers shall be developed and
maintained by domain experts; in practice, these use cases grow to
the order of hundreds of scenarios. Because model responses are
probabilistic, each use case must be repeated to establish confi-
dence in the agent’s ability. DUCTILE adopts the pass’k metric
[52], defined as whether the agent correctly performs the same
task in k independent repetitions. The choice of k£ depends on the
evaluation scenario and the criticality of the task.

A useful analogy comes from material qualification in aerospace
structures, where allowable properties are defined probabilistically
as x/y: the xth population percentile at y% confidence. Three stan-
dard levels exist: S, B, and A-basis [53]. Treating each evaluation
case as an independent Bernoulli pass/fail event, the Clopper—
Pearson exact bound [94] for k successes in k trials yields the
minimum number of consecutive passes required at each confi-
dence level, as shown in Table 2.

The basis-level k values serve as a reference for comparison with
established engineering practice. Note that the resulting basis
values therefore describe confidence in the agent’s behavior for
the specific configuration tested and do not extrapolate to other
prompts, tools, documents, or scenarios.

In practice, DUCTILE delegates execution but not responsibil-
ity. The engineer retains accountability for reviewing outputs,
and existing engineering quality processes remain in place. Since
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Table 2 Minimum consecutive passes k for the pass’k metric at 95% confidence, derived from
the Clopper—Pearson bound pjoer = a'/¥ with a = 0.05

S-basis B-basis A-basis
Pass probability p > 0.50 >0.90 >0.99
Required k 5 29 299
DUCTILE recommended values
Development k=3
Deployment k> 10
Jet Engine and TRS 3D view FE Mesh and Point Load Interfaces FE Analysis Results

lug_starboard:
hidden in
this view

Ipt_case & bearing:

Legend:

() Covered by Interactive + Autonomous

("7 Covered by Autonomous only

(D Notcovered in use case

lug_failsafe:

nozzle & plug
hidden in
this view

Design Practice: Strength Evaluation Activity

0P section: APDL run
Loads processing \_ template

OEM interface

) () b

loads P {/ \ '/
N epane | Build FEM | [
Vs ( Loads L Vi L
CAD

\
Solve FEM l IFTIEEESS Write Report
Vi results

Justification
Report

Nl 3

Material properties

Previous results
loads tool (py module)

@esull files
Execution files

Fig.5 Top: views of the component in the physical domain. Bottom: activity view of the TRS strength evaluation. Only a subset
of the inputs, documents, and tools are shown for visual clarity. The three first steps: Prepare Loads, Build FEM and Solve FEM
(blue in color) covers the autonomus evaluation, while the evaluation environment with the agent-engineer interaction covers

only the first step.

each repetition consumes computational resources and cost, the
DUCTILE approach recommends k =3 during development and
k > 10 for deployment, increasing k as the criticality or autonomy
of the agent grows.

Evaluations must be rerun whenever the system prompt, tools,
documentation, or underlying model changes. At the scale of hun-
dreds of cases repeated k times, human evaluation becomes unfea-
sible. Automated assessment via deterministic checks or
LLM-as-a-judge is therefore essential, with trust metrics analogous
to inter-rater reliability established for the latter.

5 Industrial Application of Agentic Load Processing on
a Realistic Case

The DUCTILE approach described in Sec. 4 is applied to a struc-
tural strength evaluation on a realistic case at the case company.
The component in this case is a turbine rear structure (TRS),

Journal of Mechanical Design

shown in Fig. 5. While the case company routinely performs
static strength analyses on the TRS as part of the certification
and continuous product development activities, the jet engine
OEM generally owns the global stiffness and loads models at the
whole-engine integration level, and delegates structural compli-
ance checks to component partners. A design practice document
at the case company defines the steps, methods, and expected
outputs for this type of analysis.The Use Case Description.

The engineering use case concerns a new structural evaluation
triggered by a design change in a neighboring engine component.
The geometry, finite element mesh, and analysis methods remain
unchanged; only the loading input from the OEM is new. A new,
company-maintained pyTHON-based loads processing tool is used
together with the established design practice.

The new OEM delivery introduces four deviations compared to
the previous analysis. They have been selected as realistic repre-
sentatives of input and method deviations that consume engineer-
ing hours, and that the case company recognizes as a major
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Table 3 Deviations in the new analysis scenario

Deviation What changed

Impact on automation

YAML instead of JSON
Imperial instead of SI

File format
Unit system
Node naming

Method change 1.04 factor on Fx forces

right/left instead of port/starboard

Requires new parser

Silent error

Finite element model (FEM) run fails downstream
Silent error

Note: The first three are input format changes; the fourth is an OEM-communicated correction specified in the task description.

contributor to brittleness in day-to-day analysis cycles. Three of
these deviations are input format changes, a common example of
variability when data crosses organizational boundaries; the
fourth is a correction method communicated by the OEM requiring
a 1.04 factor on all Fx forces, separate from the raw data. In a tra-
ditional scripted pipeline, each deviation would require manual
intervention or code modification. Table 3 summarizes the four
deviations.

The remainder of this section describes the configuration as
shown in Sec. 5.1, the execution with two engineers (Sec. 5.2),
and the systematic evaluation of the agent’s performance, in Sec.
5.3.

5.1 Case Setup. Following Sec. 4.1, the agentic implementa-
tion was built using Claude Code [95], a terminal-based agentic
framework. An extensive description of the implementation is
available in the Supplemental Materials on the ASME Digital
Collection. Claude Code operates within the engineer’s existing
integrated development environment (IDE) and file system. Since
the engineers at the case company already work with scripts,
input files, and terminal commands, the agentic application fits
within the existing workflow rather than imposing a new one.
The engineer can inspect every file the agent reads or writes
(addresses R1 and R2). To maximize transparency and user expe-
rience, engineering product data information was placed in the
working file system during the experiments. The design practice
was served via an Model Context Protocol (MCP) document
server, giving the agent version-controlled access to the methodol-
ogy. The loads processing tool was distributed as a PYTHON package
via PyPI, with API documentation published in both human-
readable and LLM-consumable formats (1 1ms . txt) on the corre-
sponding GitHub Pages.

Two main evaluation environments were set up to gather perfor-
mance measurements. Due to the limited time availability of engi-
neers, the first environment was an interactive agent-engineer
set up covering only the Prepare Loads step of Fig. 5 highlighted
in blue. In contrast, a second automated environment was set up
covering the same task description but requesting the agent to
rerun the Finite element model (FEM) with the new loads. This
wider scope triggered the execution of the first three steps
defined in Fig. 5.

The task description was prepared prior to agent testing, target-
ing both an experienced engineer or an inexperienced graduate
joining the company; no refinements to the prompt or integration
were required after initial testing. The design practice document
captures the logic of the activities to be performed. Figure 6
shows the workflow derived by the authors from this document.
This flowchart was not available to the agent. By reading the docu-
ment and inspecting the inputs, the agent was expected to infer and
implement a comparable sequence of activities (addresses R1 and
R12).

5.2 Execution. For the interactive environment, two engi-
neers at the case company were assigned the same task with the
same inputs and deviations described in Table 3. Both had access
to the agent and were encouraged to interact with it and verify its
outputs as they saw fit. The transcripts and output files are available
in the Supplemental Material.

121706-8 / Vol. 148, DECEMBER 2026

5.2.1 Engineer 1: Delegation. Engineer 1, familiar with
agentic workflows, delegated the task to the agent and checked
the outputs after the full activity was completed. Figure 7 summa-
rizes the interaction.

The engineer pointed the agent to the task description and
requested a plan. The agent read the task description .pdf file,
fetched the design practice via the MCP document server, explored
the working directory, and examined the previous analysis run and
input files. During this reading phase, the agent identified all four
deviations in its reasoning trace: the YAML format incompatible
with the tool’s JSON parser, the imperial unit system, the
changed pilot node names, and the 1.04 correction factor specified
in the task description. The agent surfaced these findings in a
seven-step plan presented to the engineer, proposing a processing
approach that addressed each deviation. The engineer approved
the plan.

Read OEM load file & verify format

Downselect applicable load cases

OEM delivery Yes
in SI units?

No

Convert units to FEM system

Verify equilibrium for each load case

Ultimate analysis No
with limit loads?

Yes
Apply 1.5 ultimate load factor

Write one . inp file per load case

Produce summary envelope table

Previous loads No
available?

Yes

Produce exceedance comparison

End

Fig. 6 Engineer-interpreted activity process flowchart of the
natural language and unstructured description contained in
the loads design practice document. NOTE: The agent must
infer a similar workflow by reading the document; this flowchart
is not available in the agent’s context.
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Engineer 1

Opens the input files and design practice in the IDE. Reviews
the deviations independently.

Engineer 1

plan this: @ref_documents/task_description.pdf

4 Agent A
read(task_description.pdf)
bash(ls) working directory
get_document_content(MCP) design practice
read(previous_run/. . .)
read(OEM_loads_v2.yaml)
The new file is YAML but the tool expects JSON. .. Units are in imperial, the
design practice requires SI... Pilot nodes are named left/right instead
of port/starboard... The task description specifies a 1.04 Fx correction
factor not present in the previous run. ..
. )
4 Agent A
Here’s the plan:
1. Read YAML, rename lug_left—lug_port,
lug_right—Tlug_starboard.
2. Apply OEM Fx correction (x1.04).
3. Verify coordinate system (no transform).
4. Convert units klbs — N.
5. Envelope downselection.
6. Write . inp files (exclude bearing).
7. Envelope table + exceedance comparison.
\ )
Engineer 1
yes
4 Agent A

web_fetch(ductile-loads/llms-full.txt)
write(loads_processing_v2.py)
bash(uv run loads_processing_v2.py)

Verifying outputs. . .

bash(ls limit_loads/)
read(limit_load_2.inp)
read(comparison_report/v1_vs_v2.json)

Processing complete. 6 load case files generated. New loads
exceed previous envelope — Mz +30%, Fx +15%, Fy +11-

\;,1 7%. Y,

Engineer 1

Checks the generated script and output files. Declares the task
completed.

Fig. 7 Summary of engineer 1’s interaction. Speech bubbles
are labeled with the speaker (engineer 1 or agent). Rounded
boxes within agent turns: tool calls. Dotted boxes: engineer
actions outside the conversation. An expanded transcript is
available in the Supplemental Material.

The agent then fetched the tool’s API documentation, wrote a
processing script, executed it, and verified the outputs: six .inp
files (one per envelope-selected load case), an envelope summary
table, and an exceedance comparison against the previous analysis.
The engineer inspected the generated script and output files inde-
pendently and declared the task completed.

5.2.2 Engineer 2: Incremental Discovery. A second engineer,
unfamiliar with agentic workflows, took the opposite approach.
Rather than delegating the full task, this engineer requested one
step at a time: first reading the inputs, then processing a single
load case, and then checking the output before proceeding. Each
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intermediate result was inspected before the next step was
requested. Through this incremental process, the engineer discov-
ered the task, learned the tool’s behavior, and built confidence in
the agent gradually. The agent adapted to this step-by-step supervi-
sion without difficulty. The final output was identical to engineer
1’s result: the same load case files, envelope table, and exceedance
comparison. The same four deviations were handled through a dif-
ferent supervision path.

5.2.3  Autonomous Environment. In this environment, a prede-
fined user message was provided to the agent requesting to perform
the three steps independently. In this case, additional documenta-
tion and tools were provided to test the performance of a longer-
horizon task and wider catalog of tools, including an MCP mock
connection to the high-performance computing (HPC) server
where ANsys is being run. The agent was on this occasion
defined and executed using Pydantic-Al [63]. In addition, a nega-
tive test case variant was run in the same environment to verify
that the agent halts on misaligned inputs when the engineer or
methodology document requests it. The predefined user message
was modified to instruct the agent to stop and flag the engineer if
the inputs did not align with the design practice, rather than
adapt to deviations as in the success path. With the same four devi-
ations present in the OEM delivery, the agent inspected the inputs,
identified all four discrepancies, and stopped before invoking the
loads tool, returning a structured summary of the findings for engi-
neer review (addresses R6).

5.3 Evaluation. Following the evaluation approach described
in Sec. 4.3, the evaluation ground truth was defined by the
company domain expert. The agent’s performance on the interac-
tive environment was assessed based on the agent’s ability to cor-
rectly identify the input deviations in Table 3 and generate the
correct load files and values. In the autonomous environment,
the agent was run 10 independent times on the same scenario.
The evaluation scripts and outputs are available in the
Supplemental Material. This implementation is an example of the
DUCTILE approach toward agentic evaluation.

The evaluation used two independent approaches. First and pri-
marily, the full agentic log and results were manually checked by
the domain expert in both the interactive and the repeated autono-
mous environment runs. Second, as part of an exploratory exercise,
an LLM-as-a-judge [96] was used to test its suitability for these
scenarios, which yielded a 100% inter-rater agreement with the
expert. The negative test case for halting the agentic execution
also fulfilled the pass”k = 10 criterion.

5.4 Failure Modes. The perfect agent performance reported
in the previous section may wrongly lead to the conclusion that
the implementation was a one-shot and no iteration took place.
The agentic traces were manually reviewed via logs, and changes
to the implementation and models were performed to arrive at
the final configuration.

Three intrinsic agentic failure modes were observed during
development and addressed before the final evaluation. Implemen-
tation failures were found when misconfigured Pydantic-Al agents
or MCP servers were implemented: tools not exposed to the model,
or tools whose descriptions were incorrect, causing the agent to
fetch the wrong document [54,55]. Context failures were found
when passing information that degrades performance, including
irrelevant or contradictory content. For example, a top-level docu-
ment specified initially one HPC flag while a nested reference spec-
ified another. Such contradictions are expected in companies
whose documents are curated by many authors over decades.
Model failures are the residual LLM-level errors that persist in
the absence of the previous two. Comprehensive surveys catalog
these extensively [97,98]; the present case encountered hallucina-
tion [68], cascading reasoning errors [67], and degraded long-
context retrieval [99]. The solution to those failures was to increase
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the size (and computational cost) of the models offered by the same
provider: from Haiku to Sonnet to Opus size of model.

Other failure modes are extrinsic to the agent, including over-
reliance, supervision fatigue, and skill atrophy. They are widely
documented in the human-automation and HCI literature
[100,101]. Of these, over-reliance was the one we observed in our-
selves during development. The temptation to accept the agent’s
output as correct grew stronger once a second reviewer agent had
also validated it, with the conclusion read before the trace was scru-
tinized. We do not offer a validated remedy. A candidate worth
investigating is the deliberate injection of planted errors into
agent responses, to force the engineer to actively look for mistakes.
This is analogous to threat image projection in airport baggage
screening, where fictitious threat items are inserted into the screen-
er’s image stream to counter the low-prevalence effect on detection
performance [102,103].

6 Discussion

6.1 Consequences for Practice. The application of agentic
support exposed the gaps in the existing design practice documen-
tation at the case company. Experienced engineers bridge ambigu-
ities in written procedures through tacit knowledge. Hsieh et al.
[54] demonstrate that well-written tool documentation enables
LLMs to use unfamiliar tools zero-shot, without fine-tuning.
Yuan et al. [55] show that concise, structured descriptions outper-
form verbose ones. Investing in documentation quality serves both
human engineers and agents. However, the development of the use
case showed how those tacit activities were missing from the
company design practices, and had to be added while the agentic
application development and evaluations were being codeveloped.
We expect agentic engineering applications to be an additional
motivation for keeping updated and comprehensive engineering
documentation, which could have the secondary effect of reducing
the organizational vulnerability that arises when critical knowledge
is concentrated in individuals.

The DUCTILE agentic approach uses in-context reasoning
exclusively (no fine-tuning nor persistent memory). This is a delib-
erate choice because, together with evaluations, it allows the
agentic application to avoid model lock-ins, and to update the
model as smaller-footprint, cheaper, or more capable models are
released without effort and robustly.

This contrasts with post-training approaches where tool-use
strategies are embedded in model weights [74], and with rule-based
systems that, despite formally explicit logic, become practical
black boxes as rule chain complexity exceeds what practitioners
can trace (Sec. 2.2). Both engineers in the case study confirmed
that the agent’s actions were easy to follow and inspect, showing
promise for wider adoption in practice with minimal maintenance
burden.

Despite the case for a dataset-free configuration pipeline, more
complex scenarios may call for company- or task-specific
models: cases where agentic performance (tested via evaluations)
is not robust enough despite optimizing the context window, or
where latency must be minimized and context length reduced. In
such scenarios, the parameters of an open-weights model can be
fine-tuned to inject company knowledge, and this is where a train-
ing dataset becomes necessary. Datasets in engineering, however,
remain scarce [104]. Ironically, adopting the agentic approach
itself generates the raw material. Every engineer-agent session
automatically produces a conversation log capturing design intent
and rationale, even when the agent performs poorly. This history
can be passed to a separate LLM pipeline to generate positive
examples of expected behavior, effectively producing a training
dataset without dedicated engineering effort.

6.2 Risks and Unintended Consequences. The aerospace
community warns that “overreliance on software tools can lead
to a superficial understanding of the underlying physics” [24].
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This concern applies to agents as well. A key distinction is
needed, however, between dexterity and judgment. Dexterity
with specific APIs, data formats, and tool interfaces is what the
agent will absorb. Engineering judgment, knowing whether
results make physical sense, the method is appropriate, or the
output meets certification requirements, must remain with the engi-
neer. In our experience developing aerospace products under
intense project deadlines, the real risk is in the organizations stop-
ping to recognize and allocate resources to develop the engineer’s
judgment. Engineer 2’s step-by-step interaction pattern provides
evidence that supervision and learning can coexist: this engineer
built understanding of the task progressively while the agent
handled the implementation details.

Gericke and Eckert [1] raise two cautions from the product
development ecosystem perspective. First, a rebound effect: histor-
ically, tools that shortened development time led to more complex
products requiring similar development time. Second, skill loss:
designers may lose tacit skills previously developed through
routine manual execution. Therefore, we call for a conscious
implementation. The supervisory role must be deliberately
designed to maintain engineering judgment [101]. In this high-
stakes scenario where errors are rare, planted-error countermea-
sures from airport inspection domains may be worth borrowing
[102,103].

It remains to be seen whether agentic support will enrich or
exhaust the work of engineers. On one hand, many design and
Al researchers, including Cross [105], argue that these systems
that interactively support humans should be designed in a way
that is cognitively comfortable for them. If implemented in a
human-centered way [106], the mundane tasks could be absorbed
by the agent, and the most rewarding aspects of engineering
work preserved [107]. However, we are starting to observe in soft-
ware engineering how these agents are not delivering to this
promise. Instead, the joy of solving the little problems and the
social nature of the work are reduced, being substituted by a
hollow supervision role that exhausts software engineers via
increasing the intensity of their work [108]. Shneiderman [109]
argues that this outcome is not inevitable: systems designed as
“supertools” that amplify human capability, rather than autono-
mous agents requiring supervision, can preserve both productivity
and satisfaction. The choice of implementation, however, belongs
to the engineering organizations. Ultimately, they must resist the
temptation to optimize solely for short-term efficiency, and
instead design an automation support that enhances productivity
while improving the quality of work and developing engineering
judgment.

6.3 An Engineering Automation Paradigm Shift. Engineer-
ing automation has historically required deterministic logic, but
LLM-based agents violate this expectation. They are probabilistic,
their reasoning is not formally verifiable, and they can produce
incorrect outputs. Based on our previous work [20] and interactions
at the case company, we expect their acceptance for certification
activities to be contested.

This contest echoes a recurring pattern in Al where hand-crafted,
ontology-driven methods are eventually displaced by statistical
ones once performance is demonstrated at scale. Neumann [110]
showed in 1956 that reliable systems can be built from unreliable
components through redundancy. Rosenblatt himself [111]
acknowledged the limitations of probabilistic methods: the
penalty that we pay for the use of statistical principles in the
design of the system is a probability that we may get a wrong
response in any particular case. Nevertheless, Minsky and
Papert [112] dismissed neural networks in 1969. It was not until
sufficient computational power and dataset size became available
that neural networks prevailed, as demonstrated by AlexNet
[113]. Sutton [114] generalized this observation: methods that
leverage computation consistently outperform methods that lever-
age human knowledge. In this framing, the probabilistic approach
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that produces occasional errors and the flexibility that absorbs the
design process variability are two sides of the same coin. One
cannot exist without the other. We argue for the acceptance of
such probabilistic agentic orchestration to be judged by the merit
of the task evaluations (Sec. 4.3), and not against preconceived
deterministic expectations.

6.4 Limitations. Several limitations constrain the generaliz-
ability of these findings. Two engineers. The experiment is illustra-
tive; two participants’ behaviors cannot be extrapolated to the
engineering population. Model dependence. The results reflect
Claude Opus 4.6 at the time of the study and may change with
future versions and other models. Document-centric approach.
Where engineering knowledge is predominantly tacit and not cap-
tured in accessible documents and tools, the agent has nothing to
read and the approach does not apply. Additionally, realistic engi-
neering knowledge repositories often include contradictory or
complementary approaches in different documents. This scenario
was not evaluated and is expected to decrease the agent perfor-
mance. LLM-as-a-judge validity. At the evaluation scale proposed
in Sec. 4.3 (hundreds of scenarios, repeated runs), manual qualita-
tive review is unfeasible and the LLM-as-a-judge becomes the
primary check. Its validity for engineering qualitative assessment
has not been demonstrated. Using the same model family as
agent and judge introduces a risk of self-enhancement bias [96].
Text and data workflows only. This work does not cover spatial
tasks such as CAD geometry generation, finite element meshing,
or graphical postprocessing. Image modality interpretation has
not been explored. Deviation coverage. The four deviations evalu-
ated represent frequent input format and method changes at the
case company but do not cover every possible design scenario.
The demonstrated task is itself a linear pipeline and does not
cover iterative or branching activities. Sensitivity to prompts.
Repeated evaluations with the same context window provide con-
fidence on the agent’s ability, but do not cover variations in the tool
catalog [55] or semantic variations in documentation content or
prompts [54,115], which are known to vary its performance. Trans-
ferability and robustness of agents. Applicability to other engineer-
ing domains, organizations, and task types is argued on structural
grounds but not empirically validated beyond this case. The repeat-
ability and performance on this use case do not imply general engi-
neering agentic robustness. Engineering tasks and evaluation
activities are very context-based. DUCTILE recommends specific
evals for each activity before claiming robustness. Generic-layer
claim has limits. The task-agnostic prompt with runtime document
retrieval framing of DUCTILE for agentic support is valid within
the task scope that current state-of-the-art models can successfully
perform. However, there are design scenarios where task complex-
ity, high throughput, latency sensitivity, or token-budget con-
straints require agents to depart from this ideal, at the expense of
task specialization (R11). This is the spectrum from prompt pre-
loading to dedicated subagents, at the cost of additional mainte-
nance and change control.

6.5 Future Work. An open dataset for agentic evaluation is
necessary. Organizations deploying agents in certified engineering
need references for developing internal datasets that capture their
specific tools, design practices, and quality requirements. Any
change to the underlying model, prompts, tool version, or design
practice can alter agent behavior and must be assessed before
deployment. The research community, in turn, needs open engi-
neering benchmarks. Efforts such as calls for curated design data-
sets [104] and EngiBench [116] have begun to address it for
generative tasks, and similar calls have emerged for LLM evalua-
tion in engineering [44]. Agentic engineering evaluations have
additional, nuanced requirements: the framework must be execut-
able and available to simultaneously apply domain knowledge,
call tools correctly, interpret numerical outputs, and follow docu-
mented methods.
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Industrial impact shall be measured. The two engineers in Sec. 5
interacted with the agent in fundamentally different ways. One del-
egating the full task, the other proceeding incrementally. A con-
trolled within-subject study comparing engineer performance
with and without agent support would formalize this observation
and measure impact. Metrics like task accuracy, completion time,
and confidence in the result across a larger sample of practicing
engineers would reveal how engineering practices interact in real-
istic scenarios.

The trade-off between agentic performance and task specializa-
tion is not yet clear. Specialization through task-preloaded
prompts, skills, dedicated subagents, or fine-tuned models can
improve performance, and reshapes the balance between model
size, latency, tokens consumed, context window usage, and the
maintenance overhead of keeping each specialization up to date
with the underlying tools and documentation. This direction
moves away from the task-agnostic approach of DUCTILE, and
future work will establish the point at which it becomes necessary.

7 Conclusion

The presented DUCTILE approach demonstrated the automation
support separation via a constrained but realistic industrial design
task at an aerospace manufacturer. The adaptive orchestration
was performed by the agent, using the nondeterministic nature of
the LLMs. The deterministic execution was performed by verified
engineering tools. Engineers retain responsibility for supervision
and judgment while the process is guided by design practices
already available in companies. The approach fulfills the require-
ments identified in Table 1 without the need to maintain product
datasets or company-specific LLMs.

In the use case, the agent handled four input deviations that
would break traditional scripted automation. All four were resolved
correctly across 10 independent evaluation runs on this scenario.
The approach was also tested on two engineers with different
supervision styles, one delegating the full task and one proceeding
incrementally, and both reached the same correct result using the
same agent configuration.

Traditional engineering automation is brittle because it encodes
adaptation in deterministic rules bound to interfaces that, in prac-
tice, keep changing. When the ecosystem changes, or when
people move, the automation support becomes a barrier and
stops being an enabler. The DUCTILE agentic approach is
designed to absorb that variability at the orchestration layer, and
in this case study did so for a preprocessing mechanical analysis
task. The same orchestration is expected to apply to postprocessing
tasks and to other engineering analyses where in-house tools are
combined with external tools and written procedures, with
broader robustness to be established through further studies
across engineering contexts. The intended outcome is that engi-
neering time and cognitive effort are spent on the decisions that
affect product performance, rather than on the data wrangling
and workflow adaptation that currently consume them.
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