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Abstract

The rapid advances of large language models (LLMs) have presented industrial sectors with transformative opportunities for innovative designs beyond
the capabilities of human designers. Due to the inherent black-box nature of LLMs, however, existing LLM-based design frameworks lack the
explainability and robustness that human designers would otherwise offer. To address this issue, we propose an LLM-driven Industrial Design
Automation (LLM-IDA) framework to encompass conceptual design, knowledge-based design, and digital prototyping. The LLM-IDA utilizes a multi-

tiered artificial intelligence (Al) agent group for four modular processes: @ a specification module, @ a quantification module, ® a surrogate module,

and @ a prototype module. With every module autonomously executed by the agent group, LLM-IDA enhances the generation of novel designs with

few-shot prompts and completes the design process with minimal human intervention. To validate this method, the LLM-IDA is tested and compared
with a state-of-the-art retrieval augmented generation (RAG) method using the pass@10 metric. Ablation tests confirm the positive impact of each
module on both time costs and optimization performance. Overall, the experimental results show that the LLM-IDA delivers performance superior to
the RAG method in real-world applications.
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1. Introduction

Industrial design, situated at the intersection of creativity, engineering, and user-centric innovation, aims to transform abstract
concepts into functional, manufacturable products through systematic processes. A typical industrial design workflow involves
market research, requirement analysis, conceptual design, detailed design, and prototyping, with each phase requiring iterative
collaboration between human expertise and technical tools. However, traditional design optimization often depends on substantial
human intervention, which increases design costs and slows the advancement of design and manufacturing towards greater
creativity, lower costs, and better responsiveness to customer needs. Computer-Automated Design (CAutoD) seeks to achieve
fully automated design by leveraging the interactions among different systems and design tools to deliver customized design [1,2].

We identify two main challenges for CAutoD: @ encoding human design knowledge into automated systems and @ enabling

such systems to comprehend and interact with the physical world for product evaluation and optimization.

The emergence of large language models (LLMs) offers significant potential to address these challenges. Owing to their
advanced natural language processing capabilities, LLMs demonstrate remarkable proficiency in understanding contextual
nuances and generating human-like responses. Recent studies have highlighted their applicability across various stages of
industrial design. In market research, LLMs that are fine-tuned using survey data align closely with human responses to product
features [3]. For requirement engineering, Arora et al. [4] proposed LLM-enhanced frameworks to improve task accuracy. In
conceptual design, AI-MCD (Al-augmented Multimodal Collaborative Design) frameworks utilize iterative LLM prompting to
generate visual schemes, whereas morphology analysis methods refine design decomposition and synthesis [5]. Despite these
advances, the detailed design phase—where computer-aided design (CAD) and computer-aided engineering (CAE) tools translate
concepts into producible specifications—still faces persistent bottlenecks. LLM hallucinations [6] require strategies such as fine-



tuning to ensure reliable tool invocation, as demonstrated by Jiang et al. [7] for application programming interface (API)-driven
automation.

To address the aforementioned challenges of automation and reliability, this paper introduces the LLM-driven Industrial Design
Automation (LLM-IDA) framework, integrating three levels of AI-Agent (Fig. 1).
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LO supports conceptual design and requirement analysis, where intelligent agents utilizing multimodal black-box foundational
models interact with users to ascertain precise requirements. This layer leverages the multimodal capabilities of LLMs and
foundational domain knowledge to conduct an initial conceptual design, which is then passed to L1. L1 is responsible for
knowledge-based design. In this layer, agents apply constraints derived from first principles by integrating a knowledge base and
a knowledge graph containing specialized CAE expertise. By incorporating professional knowledge, L1 evolves the initial concept
into a product that broadly meets current needs, thereby narrowing the search space for subsequent simulation optimization.
Specifically, in the context of multi-agent systems [47], L1 agents enhance the design by leveraging LLMs to guide the conversion
of natural language descriptions into more refined design elements. These agents define specific constraints and ensure that the
design satisfies both functional and manufacturing requirements. These agents also integrate multimodal feedback from multiple
sources, thereby improving design fidelity. Layer L2 focuses on digital prototyping and detailed design using white-box
knowledge within CAD software. It utilizes the code-generation capabilities of LLMs to invoke CAD/CAE tools, first
transforming the conceptual design into a CAD model. Subsequently, the CAE software APIs perform finite element analysis
(FEA) on this model and optimize product performance based on the simulation results.

Although previous studies demonstrated substantial advances in automating conceptual design through iterative prompting and
multimodal collaboration mechanisms, significant challenges remain for knowledge-based design and digital prototyping. To

address these limitations, we propose a threefold strategy: @ extracting inherent commonsense knowledge from LLMs to guide

decision-making, @ integrating domain-specific design knowledge to refine system outputs, and ® modularizing LLM agents to
mimic human designers’ role-specific workflows, thereby enabling precise task execution in tool invocation, physical simulation,
and iterative optimization. In this study, we focused on validating the feasibility of LLM-IDA through industrial design
optimization, a scenario that inherently bridges knowledge-based design (e.g., applying engineering principles) and digital
prototyping (e.g., simulating physical behaviors). A multi-tiered artificial intelligence (AI) agent group is used for LLM-based
code generation to connect optimization algorithms with design tools to enhance existing design automation schemes. In LLM-
IDA-based design optimization, the agent group acts as the core controller, analyzing the optimization problems in the LLM using
the Chain of Thought (CoT) [8] based on pretrained knowledge and the provided knowledge base. It then utilizes retrieval-
augmented generation [9] (RAG) to call existing tools (including simulation and optimization tools).

Overall, our contributions are as follows: M We propose the LLM-IDA solution for industrial design automation; @ for the
first time, high-level automation of design optimization is achieved; ® experimental results show that the defined code templates

not only enhance the stability of the generation but also possess a degree of generality; @ by automatically calling simulation
software APIs, the LLM-IDA provides feedback on complex physical behavior, eliminating reliance on the LLMs’ mathematical

capabilities in the optimization process; ® before optimization, the LLM-IDA automatically establishes a surrogate model



through multiple rounds of dialogue, reducing time-consuming repetitive simulations; and ® LLMs are employed multiple times
within the LLM-IDA to inspect and provide feedback on execution results, enhancing the reliability of the automated framework.

2. Related work
2.1. Large language model

Introduced in 2017, the transformer architecture [10] revolutionized the processing of sequential data through self-attention
and laid the groundwork for subsequent language models. In 2018, the release of the BERT model [11] further enhanced language
understanding capabilities, marking a significant milestone in natural language comprehension through pre-training with deep
bidirectional transformer encoders. Subsequently, OpenAl’s GPT series [12—14] demonstrated the potential of LLMs across
multiple domains with vast parameter sets and text generation capabilities. Meanwhile, the advent of multimodal models such as
DALL-E [15] and Stable Diffusion [16] has expanded the application of language models into the visual domain by not only
processing text but also understanding and generating images. Large language and multimodal models have flourished, profoundly
transforming human production and everyday life.

The application of LLMs in vertical domain has demonstrated significant potential. Through fine-tuning techniques, such as
LoRA[17], adapter tuning [18], and prefix tuning [19], large models can be adapted to datasets specific to certain tasks or domains,
thereby enhancing their performance in targeted scenarios. Moreover, prompt engineering allows users to guide models to generate
specific outputs by designing input prompts or instructions, thereby improving the model performance in specialized tasks without
requiring fine-tuning. Additionally, the application of multi-agent systems [20] enables large models to engage in more complex
and dynamic interactions, providing more efficient and intelligent solutions across industries such as finance, healthcare, and
manufacturing.

In addition to these advancements, a suite of innovative techniques are propelling the evolution of large-scale models. Among
these, RAG, introduced by Facebook Al Research, seeks to harmonize retrieval mechanisms with generative models to mitigate
the issues of knowledge decay and hallucinations that plague generative models when handling extensive texts. At its heart, RAG
operates by fetching pertinent information from external knowledge repositories during the text-generation process and seamlessly
incorporating it into the generative framework.

Mathematically, the generation process in RAG can be encapsulated by the formula

P(yIX) = ) P(ylx, 2)P(zl) (1)
7€Z
where x is the input text, y is the generated text, Z is the set of relevant information retrieved from the external knowledge source,
P(z|x) represents the probability of retrieving information z given input x, and P (y|x, z) represents the probability of generating
text y given input x and retrieved information z. Accordingly, CoT is a methodology that encourages language models to produce
a sequence of intermediate reasoning steps, thereby steering the model toward the final answer. Furnishing the model with
examples that include chains of thought makes the model more adept at tackling tasks requiring multistep reasoning. For instance,
in the context of a mathematical problem, CoT can guide the model to unfold the reasoning process methodically, rather than
delivering the answer outright.
Mathematically, CoT can be regarded as a sequence of reasoning steps (s, Sz, **, Sp), through which the answer a is derived
from the question q, expressed as

N S S
g-s,— .. oa (2)

Ning et al. [21] proposed that the reasoning process of language models is similar to probabilistic pattern matching on Monte
Carlo language trees (such as GPT-Tree and Data-Tree). For CoT, when facing complex problems, the input is at a certain parent
node of the GPT-Tree, and the answer is at a deeper leaf node, making direct derivation more difficult. CoT enables the model to
derive answers step by step by generating intermediate reasoning that bridges the gap between input and output.

The prospects for LLMs in the industrial sector are exceedingly broad. As technology advances and the market matures, large
models gradually transition from general-purpose scenarios to high-value vertical domains. Large industrial models have already
shown preliminary applications in industries such as semiconductors [22] and mechanical design [23]. In the future, with further
integration into corporate systems, these models could form a model layer that interfaces with various internal data and business
systems while offering APIs or directly serving as unified business entry points, thereby accelerating the process of industrial
automation and intelligence.

2.2. Industrial design optimization
The design cycle of industrial products typically comprises several phases, including market research, requirements analysis,

conceptual design, and detailed design. In engineering and industrial design, design optimization is a systematic approach
involving conceptual design, knowledge-based design, and digital prototyping. The latter two processes involve repetitive



simulations to determine the optimal combination of design variables under given constraints to achieve specific objectives, such
as minimizing costs, maximizing efficiency, or enhancing performance.

The implementation of design optimization relies on efficient algorithms and computational tools. To address complex
optimization problems, researchers have developed various heuristic and metaheuristic algorithms that mimic natural phenomena
to guide the search for better solutions. Modern design optimization methods incorporate advanced algorithms, such as particle
swarm optimization (PSO) [24], genetic algorithms (GA) [25], simulated annealing (SA) [26], and differential evolution (DE)
[27], as well as their application in various engineering fields, such as structural design [28-32] and circuit design [33-36].
Through algorithm-assisted decision making, engineers can achieve significant improvements in product performance and
maximize cost efficiency.

It is worth noting that computational workload is a major challenge in many engineering and industrial optimization problems
because the most time-consuming part of the optimization process is often the evaluation of the objective function [37,38]. In
addition to using formulas derived through mathematical deduction or FEA available in industrial software, another approach is
to employ surrogate models. This method can be more efficient if the number of high-fidelity model evaluations is significantly
reduced [39—41]. Thus, the combination of low- and high-fidelity models in surrogate-based optimization can be a powerful tool
for many practical applications.

2.3. LLMs for industrial design

The development of LLMs presents significant opportunities for the advancement of industrial designs. In the realm of market
research, Horton [42] demonstrate that various LLMs respond to classic behavioral economics experiments in ways that align
with intuition and experience. Brand et al. [3] introduced a practical approach for market researchers to enhance the GPT responses
by fine-tuning them using survey data from similar contexts. This method improves the consistency of GPT responses with human
responses regarding existing, and more importantly, new-product features. Furthermore, in requirement analysis, Arora et al. [4]
explored the potential of LLMs in advancing the Requirements Engineering (RE) process, proposing key directions and a
strengths—weaknesses—opportunities—threats (SWOT) analysis for research and development using LLMs, thereby enhancing the
efficiency and accuracy of demand-related tasks.

Xu et al. [5] proposed an Al-enhanced multimodal collaborative design framework that leveraged LLMs to establish iterative
prompting mechanisms to generate precise visual schemes. Chen et al. [43] introduced a morphology analysis method for
conceptual design enhanced by LLMs, which provides designers with targeted guidance and support by refining the design process
into three main stages: decomposition, generation, and combination, thereby offering targeted guidance and support to designers
when applying morphological analysis.

In the realm of detailed design, it is necessary to use CAD or CAE tools to transform conceptual designs into tangible and
producible products. However, owing to the hallucination issues in LLMs [6] that can lead to errors in tool invocation, it is
essential to employ fine-tuning or RAG for these models. Jiang et al. [7] facilitated the automation of detailed designs by fine-
tuning LLMs to optimize API calls using industrial software. Qin et al. [44] achieved optimized design for shear wall structures
by translating CAE engineers’ simulation intentions into code. Similarly, this study primarily addresses automation challenges in
detailed design, along with a concise analysis of business-to-business (B2B) requirements.

3. LLM-leveraged industrial design automation framework

In industrial design optimization, optimization algorithms, simulation software, and surrogate models are closely integrated,
collectively driving the continual refinement and enhancement of design solutions. As the central driving force, optimization
algorithms navigate the design space using specific mathematical strategies to seek optimal solutions, thereby providing a
direction and methodology for design improvements. Simulation software serves as a vital analytical tool capable of replicating
various physical phenomena and performance metrics of the design model, enabling precise evaluation of its behavior under real-
world conditions and supplying essential feedback to the optimization algorithms. Acting as a bridge, surrogate models utilize
data generated by simulation software to establish rapid approximations between design variables and performance outcomes
through modeling techniques, effectively replacing complex and time-consuming simulations. This significantly boosts the
efficiency of the optimization search and empowers engineers to achieve superior industrial design outcomes within limited
timeframes and resource constraints.

Following the analysis of industrial design optimization, the automated workflow (as illustrated in Fig. 2) is divided into two
principal modules: a specification module and a code-generation module; the latter is further segmented into three sub-modules:
a quantification module for CAE simulation, a surrogate module for modeling, and a prototyping module for optimization. The
primary function of the specification module is to allocate tasks to each submodule within the code-generation module and
orchestrate the interfaces among the optimization algorithms, simulation software, and surrogate models to accomplish a fully
automated design optimization process.
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Fig. 2. Overall framework of the LLM-IDA based design optimization: The specification module dissects and allocates tasks, whereas the code-
generation module interlinks simulation, surrogate model construction, and optimization through code generation and interface encapsulation.

However, the implementation of the three code-generation modules using LLMs faces fundamental probabilistic challenges.
From a set-theoretic perspective, let £2 denote the infinite problem space of FEA pre-processing, where each element w € (2
represents a unique combination of geometry, loads, and boundary conditions. In contrast, the external knowledge base used in
RAG is a finite set K, where |K| < |£2]|. The probability of retrieving a valid reference k € K that falls within the semantic
neighborhood € of a novel query wyey 1S governed by

P(Successgag) = P(Ak € K: ||wpew — K|l < €). (3)

As the dimensionality of the boundary conditions D — oo, the density of K in {2 approaches zero (gim % = (), causing the
—oo |{2p

retrieval confidence to collapse and forcing the model to hallucinate based on weak priors.

We put forward a “Task Analysis—Code Generation—Code Feedback™ framework to address this challenge, which converts the
generation process into a conditional probability chain. First, the Task Analysis module acts as a surjective mapping function
f:02 - S, projecting the high-dimensional natural language input onto a structured low-dimensional intent space S. This
significantly reduces the information entropy, where H(-) denotes the Shannon entropy of a given space. Consequently,

H(S) < H(). (4)

By leveraging this structured intent S, the code-generation module approximates the distribution P(C|S), where C denotes the
generated code candidate. To rigorously quantify the reliability, we model the validation process as a sequential probabilistic chain
involving a posterior discriminator E. Let p; = P(Cya1iqlS, €;—1) denote the success probability at the i-th iteration, where €;_;
represents the execution error feedback from the (i — 1)-th attempt. The system only fails if all N consecutive attempts fail.
Assuming conditional independence given the feedback history, the joint probability of total failure is the product of individual

failure probabilities: Pfgivl) = [I~,(1 — p;). Consequently, the cumulative probability of generating a valid code converges to

complement the total failure probability.

N
P CoanalS, B) = 1= B = 1= ] [11 =P (Coanal. €)1, 5)

i=1

As N increases, the failure term approaches zero, thereby ensuring robustness. Moreover, to illustrate the workflow of the
LLM-IDA framework concretely, we employed the automated optimization design process of a three-section cantilever beam as
a case study, as shown in Fig. 3. This setup involved fixing the left side of the beam while applying a force to the right side. The
objective of the optimization was to develop a model that achieved a balance between minimal volume and high deformation
resistance. This multi-objective optimization problem is mathematically formulated in Eq. (6), where the decision variable vectors
x = [y, [,]T represent the lengths of the first two sections, and [; denotes the length of the i-th section. The objective function
simultaneously minimizes Volume(x) (in m3) and MaxDisplacement(x) (in m). Subject to geometric constraints 0 < [, [, <
1. Specifically, to unify the compilation environment and facilitate the implementation of a fully automated process, we employed



the PyAnsys library to invoke the Ansys kernel for the simulation, meaning that the three-dimensional (3D) models are also
parametrically generated via the PyAnsys modeling code.
min {fi(x), f2(x)} = {Volume(x), MaxDisplacement(x)}
s.t. x=[l,,]T (6)
0<l;<1,i=1.2

Fig. 3. Three-section cantilever beam example. F: force.
3.1. Specification module

To bridge the gap between the abstract user intent and executable engineering codes, we formally defined the automated design
process as a mapping from the natural language space (£) to the optimization problem space (0). The specification module

functions as the primary mapping operator @. Given a natural language request Ry, € £, the specification module parses it into
a standardized optimization tuple:

@(RyL) — :Popt ={x0f,C} (7

where the resulting optimization problem is defined as

N (AN ACI R AC))
subject to gix)<0, i=12,...,m (8)
hi(x)=0, j=12,..,p
XENCR"

where n denotes the dimensionality of the decision variable vector x, m and p represent the numbers of inequality and equality
constraints, respectively. The functions f;(x) denote the objective functions to be minimized, g;(x) and h;(x) denote the
inequality and equality constraint functions, respectively.

Drawing on this formulation, the interaction between the specification module and subsequent code-generation modules is
mathematically formalized as follows:

(1) Design variables and solution space (x, £2): The specification module extracts the design variables x = [x4, x5, ..., x,,]T and
their bounds from Ry, which defines the search space. The tuple (x, 2) serves as the input to the surrogate module, determining
the dimensionality of the sampling strategy.

(2) Objective function (f): Objective f(x) represents the performance metric to be optimized (e.g., mass and stress). The
specification module identifies whether f(x) is an analytical equation or a black box simulation API. This definition is passed on
to the quantification module to generate the corresponding code.

(3) Constraint (C): The set of constraints C = {g;, h;} defines a feasible region. These constraints, along with the optimization
strategy, are passed to the prototyping module to formulate the final solver script.

By establishing these formal definitions, the specification module ensures that the “abstract-to-concrete” conversion is
mathematically consistent across all sub-modules.

Fig. 4 shows an example workflow of the specification module. From this, we can infer that the analyzer initially evaluates the
shape and size of the model using natural language, identifies the optimization variables and solution space, and ultimately
determines the number and nature of optimization objectives. The results demonstrate that the analyzer can accurately identify
the shape of the model, parametric model variables, solution space, and optimization objectives. Based on this analysis, the task
allocator further decomposes the tasks of the coder modules. The objective-quantification context provides a method for volume
calculations and API call requirements. For the surrogate module, the input and output of the neural network are defined precisely.



For the packaging module, the solution space of the two variables was accurately provided, and the interfaces for the two objective
functions were defined to maintain uniformity in the interface calls. Additionally, the allocator determines the algorithm used. By
reviewing the workflow of the specification module, we can infer that the system, which consists of an LLM, can flawlessly
analyze this optimization problem without human intervention.
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Fig. 4. Dialogue in the specification module, the allocation of design optimization tasks is collaboratively accomplished by the problem analyzing agent
and task allocation agent.

3.2. Code-generating module

The code-generating module comprises three distinct submodules: quantification, surrogate, and prototyping. We illustrate the
workflow of these modules using the three-section cantilever-beam case study introduced in Section 3.1.
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Fig. 5. Workflow of the quantification module using the three-section cantilever beam case. The module translates tasks into executable PyAnsys scripts
through an iterative coding-testing loop.

Fig. 5 illustrates that the quantification module acts as a bridge between abstract specifications and executable simulations.
Based on the task analysis from the specification module, the workflow initiates with the System Message and Simulation Guide,

which decompose the physical problem into actionable steps (e.g., “@® Calculate coordinate of constraint”, “@ Calculate

coordinate of load”). Algorithm 1 describes the iterative process. Taking the CAD model (m) and quantification requirements
(qr) as inputs, the LLM first analyzes the problem before entering a code-generation loop. This loop ensures that the generated
simulation interface (Isn,) is not only syntactically correct (checked by exeSucceed) but is also logically valid based on the
simulation results.

Algorithm 1: Objective quantification and interface generation

Input: CAD model m, quantification requirement qry, qr», ..., qry,, Pyansys APl document a, CAE template ¢,
problem analyze prompt P;, code generation prompt P,, execution prompt P,

Output: Simulation/calculation interface Iy,
1: Iteration count initialization: iteration « 0;
2: Decision variable initialization: pass « False;

3: fori=1tondo




4; Problem Analyze: ProblemAnalyze; « llm(m, qr;, Py);

5: while NOT pass AND iteration < 5 do

6: Iteration count setting: iteration « iteration + 1

7: Determination variable initialization: exeSucceed « False;

8: Error message initialization: error < None;

9: while NOT exeSucceed do

10: Code generation: Iy, < llm(ProblemAnalyze;, a, t, P,, error);
11: Code execution: simuRes, error « Execute(Isimy);

12; If error = None then

13: Simulation result validation: pass « llm(simuRes, Ps);

14: Execution determination variable Assignment: exeSucceed « True;
15: if pass then

16: Return res;

17: end if

18: end if

19: end while

20: end while

21: end for

Specifically, for the cantilever beam, the coding agent utilizes the PyAnsys library to translate these steps into script commands,
such as mapdl.nsel for node selection and mapdl.f for load applications. Importantly, this process includes an iterative testing
loop. The Tester agent executes the generated script to produce a 3D visualization (e.g., von Mises stress contours). This verifies
whether the boundary conditions and loads were applied correctly (e.g., ensuring that the fixed support is at z = 0 and the force
is at z = 2). Once the visualization passes the “visual inspection,” the module outputs the verified simulation script.
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Fig. 6. Workflow of the surrogate module. The system performs uniform sampling, adaptive normalization (e.g., scaling by 107), and trains a neural
network to approximate the FEA solver.

In real-world engineering, direct FEA is often computationally expensive. To accelerate the optimization, we employ a surrogate
module, as depicted in Fig. 6. Algorithm 2 provides the procedural details of this module, starting with data pre-processing using
the simulation interface generated in the previous step. A key distinction in this algorithm is that the LLM generates both the
surrogate model structure (Isyrrogate) and associated hyperparameters (HP). The process begins with data Pre-processor, which
prompts the LLM to perform uniform sampling within the solution space to generate a few-shot dataset. Adaptive normalization
is a critical feature, as detailed in the preprocessor block, that automatically detects the magnitude differences between objectives
and scales them (e.g., multiplying by 107) to prevent numerical dominance. Finally, the Testing block evaluates the accuracy of
the model and utilizes a dynamic feedback mechanism to automatically retrain the network with adjusted hyperparameters (e.g.,
learning rate and epochs) if the convergence criteria are not satisfied.

Algorithm 2: neural network surrogate model construction
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10:

11:

12:

13:

14.

15:

16:

17:

Input: fitting task T, simulation interface IL;,,,,, hyperparameters HP, data preprocess prompt P;, code
generation prompt P,, execution prompt P

Output: surrogate model interface Isyrrogate
Iteration count initialization: iteration « 0;
Decision variable initialization: pass « False;
Data preprocess: Data « llm(T, Py, I);
fori =1tondo
while NOT pass AND iteration < 5 do
Iteration count setting: iteration « iteration + 1
Error message initialization: error < None;
Code generation: Isyrrogate, H < llm(Data, P,, advice);
Code execution: M, error, convergenceCurve « Execute(Isyrrogates HP);
If error = None then
Result validation: pass, advice < llm(error, convergenceCurve, P3);
if pass then
Return Isyrrogates
end if
end if
end while

end for
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Fig. 7. Workflow of the prototyping module. The verified quantification scripts and surrogate models are encapsulated into a standard Python multi-
objective optimization (PyMOO) template (e.g., NSGA-II) for final execution.

Finally, to ensure a robust and standardized optimization, the framework encapsulates the verified quantification scripts and
surrogate models into a solver interface. As shown in Fig. 7, the module leverages the Python multi-objective optimization
(PyMOO) library. The prototyping module selects the most appropriate algorithm template (e.g., NSGA-II for multi-objective
problems) and fills in the blank slots in the template with the specific objective functions generated in the previous steps.
Algorithm 3 formalizes the final integration. It uses the surrogate interface () and optimization templates (t) as inputs to generate
the final solver code. Similar to previous modules, it employs an iterative feedback loop; however, the validation focus shifts to
the optimization result (res) and the convergence behavior of the selected algorithm. The Testing block then runs the packaged
code to obtain the Pareto front. Similar to the previous modules, if the optimization fails to converge, feedback is provided to
dynamically adjust the hyperparameters of the algorithm.

Algorithm 3: prototyping




Input: optimization Task T, surrogate model interface I, hyperparameters HP, code generation prompt 2,
execution prompt P,, optimization template t

Output: optimization result res

1: Iteration count initialization: iteration « 0;

2: Decision variable initialization: pass « false;

3: fori=1tondo

4; while NOT pass AND iteration < 5 do

5: Iteration count setting: iteration « iteration + 1

6: Error message initialization: error < None;

7: Code generation: code, H < llm(Data, T, t, P;, advice);

8: Code execution: res, error, convergenceCurve « Execute(code, HP);
9: If error = None then

10: Result validation: pass, advice « llm(error, convergenceCurve, P,);
11: if pass then

12: Return res;

13: end if

14: end if

15: end while

16: end for

4. Experimental results and discussion

As the first framework to achieve fully automated design optimization, we need to validate the following issues: @O Can LLM-
IDA accomplish more practical optimization tasks? @ What advantages does LLM-IDA hold over the RAG method, which uses
LLMs to solve vertical domain problems? & Can LLM-IDA significantly reduce the engineering setup overhead compared to

traditional manual workflows? And @ are the individual components within LLM-IDA truly necessary?

In terms of experimental design, for Issue 1, we utilized the LLM-IDA in Section 4.1, to conduct fully automated structural
optimization on a ten-bar beam lightweight problem, a metallic bellows lightweight problem, a lightweight motorcycle
framework, and a vehicle side impact problem that has already undergone mathematical modeling to demonstrate the feasibility
and transferability of the LLM-IDA in highly automated optimization. For Issue 2, we established a dataset containing diverse
industrial design scenarios to evaluate the stability of the LLM-IDA, and compare it with the RAG method integrated with
different LLMs in Section 4.2. For Issue 3, we conducted a quantitative efficiency analysis in Section 4.3, specifically comparing
the workflow setup overhead (strictly excluding solver execution time) between the LLM-IDA framework and traditional manual
workflows to validate the reduction in engineering costs. Finally, we performed ablation experiments to verify the effectiveness
of the quantification module and surrogate model within the LLM-IDA in Section 4.4.

4.1. Case studies



In the above case, the loads and constraints were automatically generated by the LLMs based on their internal knowledge.
Similarly, load positions can be customized through personalized prompts to achieve specific optimization objectives. A ten-bar
truss model is shown in Fig. 8. This structure consists of ten beam elements connected by welding, with the horizontal length of
the left half being /, the width of the beams on the left side being w1, and the beam width of the beams on the right side being w».
These three variables constitute the optimization variables for the problem. Notably, a special treatment is applied at the welding
joints, making it difficult for the LLM to directly derive the structure volume through mathematical modeling. Therefore,
incorporated into the CAE-based quantification process. In this section, we adopt the prompting framework used in the three-
section beam example. Since the entire workflow has already been clearly demonstrated, only the key results are presented here.
Fig. 9 illustrates the results of the multi-objective optimization with personalized prompts, illustrating that the LLM-IDA
successfully optimized the ten-bar truss.
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Fig. 8. Geometry and design variables of the ten-bar truss optimization problem.
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Fig. 9. Optimization workflow and resulting Pareto front for the ten-bar truss using LLM-IDA.

We also applied the framework to a metallic bellows to test its performance. In this scenario, the LLM autonomously managed
the parametric modeling of the wall thickness (t,,) and convolution height (h.) to minimize the volume (in m?®) and maximum
stress (in MPa). The optimization problem is mathematically formulated as follows:

min
S.t.

f1(x), f>(x) = Volume(x), MaxStress(x)
x = [ty, hc]T

0.01<t, <0.05

0.10 < h, <0.25

(10)

The comprehensive workflow from automated coding to the derivation of the Pareto front (Fig. 10) validates the robustness of
the method for mechanical design.
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Fig. 10. LLM-IDA lightweight optimization process of the ten-bar truss.

To demonstrate the adaptability of the framework across diverse industrial software platforms, we replaced the prompt template
with the API of SolidWorks Simulation and optimized the motorcycle frame for a lightweight design using the mathematical
expression in Eq. (11). d; is the main pipe diameter, d, is branch pipe diameter, and p; is the position of the tripod.

min f(x) = Volume(x)
T
X = [dll dz,pt]
MaxStress(x) —125 <0
002<d,,d, <0.10,045 <p, <0.55

s.t.

(11D

It is important to note that to simulate diverse industrial design scenarios, the input is not a 3D modeling code, but a completed
3D model. This implies that the LLM-IDA cannot read the coordinates of the load and constraint points. Therefore, a manual step
is required to select the load points based on LLM-IDA simulation suggestions, as shown in Fig. 11. After completing the
simulation, a surrogate model was successfully constructed and optimized. The optimization results for the motorcycle, shown in



Table 1, reveal that the LLM-IDA reduced the motorcycle volume by 39.6% without exceeding the specified stress limits. This
experiment demonstrates the potential of LLM-IDA in real-world industrial contexts. If future research enables the identification
and selection of the simulation load and constraint points, LLM-IDA can achieve full-process automation in complex scenarios.
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Fig. 11. LLM-IDA lightweight optimization process of the motorcycle frame. Num: number.
Table 1
Optimization results for the motorcycle frame, comparing design parameters, volume (m?*), and maximum stress (MPa) before and after optimization.

Analysis result

Parameter A After optimization
Before optimization
0.03195
L 0.06
Main pipe diameter (m)
0.016912
L 0.04
Branch pipe diameter (m)
0.47
. . 0.055
Tripod position (m)
0.002899 { 39.6%
0.004797

Volume (m?)
124.71

Maximum equivalent stress (MPa)

Moreover, LLM-IDA is equally capable of solving optimization problems that have already undergone mathematical modeling.
As a case study, we refer to the vehicle collision problem using the model depicted in Fig. 12(a). In this problem, the variables to
be optimized include the thickness of the inner side of the B-pillar, the B-pillar reinforcement, the inner side of the floor panel,
the crossbeam, the door beam, the waistline reinforcement of the door, the roof rail (x; to x), the material of the inner side of the
B-pillar and the inner side of the floor panel (xg and xg), and the obstacle height and impact position (x;, and x;;). The
mathematical expression for this issue is depicted in Eq. (12), with the optimization outcomes compared with distinct algorithms
[46] in Table 2, accompanied by a convergence curve illustrated in Fig. 12(b). The results demonstrate that when employing the



LLM-IDA as a black-box optimization tool, its capability to autonomously select algorithms and configure optimization
parameters yields outcomes largely consistent with those derived from manual selection and configuration. Therefore, substituting
human intervention into the algorithm initialization with LLM is viable.

Fig. 12. Vehicle Side Impact Problem. (a) Vehicle side impact model; (b) optimization result of vehicle side impact model.

Optimization results for the vehicle side-impact problem, comparing performance metrics (kg) across different algorithms.
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Table 2
Note:
Standard deviation
Best Mean Worst
Algorithm
0.218
22.84075 22.89082  23.84210
LLM-IDA
0.138
22.85673  23.61240  25.73265
PSO
0.049
22.85517  23.12172  23.39516
DE
0.166
22.84318  23.75213  26.19500
FA
0.252
s 2294438 2432517 26.36105
0.048
22.84647  23.10978  23.49137
GWO
0.100
22.84622  23.39635  23.89138

ALO

40

60

Generations

80

100

(12)



0.051
22.84297  23.12039  23.48124

MFO
0.208
23.19722  24.33408  26.34446
WOA
0.209
23.23209  24.37533  28.42530
RAO-3
0.056
22.84324  23.14917  23.30040
MGO

FA: Firefly Algorithm; CS: Cuckoo Search; GWO: Grey Wolf Optimizer; ALO: Ant Lion Optimizer; MFO: Moth Flame Optimization; WOA: Whale
Optimization Algorithm; RAO-3: Rao Algorithm 3; MGO: Mountain Gazelle Optimizer.

4.2. Pass@10 evaluation

The automated simulation and optimization tasks we undertake are fundamentally code-generation tasks. The task analysis and
decomposition performed prior to code generation define its ultimate objective. To validate the feasibility and cross-domain
applicability of this framework, we curated a diverse dataset comprising 15 industrial case studies, including ten truss structures
with varying angles and cross sections, three pressure vessels, a robotic arm manipulator, and a microelectromechanical system
(MEMS) switch. All cases were subjected to automated lightweight design optimization. Since the framework includes three code

generation modules, we defined a total of four evaluation tasks, with the success criteria for each task outlined as follows: @©
objective-quantification test, where success requires the successful execution of the code and the correct configuration of both

pre-processing and post-processing settings; @ surrogate model construction test; @ optimization test, where success is defined

by the correct code execution and completion of the optimization loop; and @ system integration test, where all three preceding

tasks must be successfully executed in a single run, culminating in the objectives converging and achieving a Pareto front.

It is important to clarify that the optimization algorithms (NSGA-II and PSO) utilized in Tasks 3 and 4 are employed as standard
off-the-shelf components invoked by the LLM-generated scripts. Consequently, our evaluation focuses on “automation fidelity”—
the framework’s ability to correctly configure and execute these algorithms—rather than intrinsic algorithmic metrics such as
convergence time or hyperparameter sensitivity. Therefore, for these four tasks, we utilized test cases to evaluate the precise
functional correctness of the generated code and measured the performance using pass@k [45], ensuring a certain level of real-
world applicability.

=50 (13)

n—c)
pass@10 = E,,objems [1 — (1no ],
10

where n represents the total number of generations, and c is the number of samples that passed all test cases, the metric is

evaluated with a fixed sample size of 10. 1 — ((% provides an estimated pass@ 10 for an individual problem and E represents the
10

expected pass@10 across all problems.

Fig. 13 illustrates a comparative analysis between the LLM-IDA method (utilizing GPT-4-Turbo) and various current code-
generation models augmented with the RAG method to validate the performance of the framework. For the LLM-IDA framework,
we applied differentiated hyperparameter settings: The temperature was set to 0.7 for the Task Analysis LLM to encourage
reasoning diversity, and 0.3 for the Code Generation LLM to ensure syntactic precision. For the baseline RAG implementation,
we utilized a vector similarity retrieval strategy employing Doubao-Embedding for semantic embedding and Gte-Rerank-V2 for
result ranking, with the retrieval depth fixed at Top-k = 3. Under these controlled conditions, the LLM-IDA method achieved a

substantial improvement in pass@10 across the four evaluation tasks compared with the RAG method.
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Fig. 13. Pass@10 of four tasks.

Notably, the performance enhancement was most significant in Unit Tests 1 and 3 (i.e., the quantification and prototyping
modules). This is primarily because PyAnsys and PyMOO are domain-specific libraries with relatively sparse training corpora
for general LLMs, making them prone to hallucinations. In this context, the “Task Analysis” and “Template Filling” mechanisms
in LLM-IDA effectively perform dimensionality reduction for the code generation task. By explicitly defining which code blocks
are mutable based on problem analysis and which must strictly adhere to immutable templates, our framework eliminates most of
the API hallucinations. For instance, whereas baseline models frequently generate non-existent parameters, such as Gemini-3-Pro
passing an allow _non_interactive argument to the launch mapdl method, or Qwen3-235B inserting a title parameter into the
plot principal nodal stress function—LLM-IDA structurally prevents such errors. These empirical results strongly corroborate
the theoretical propositions in Eq. (4).

4.3. Efficiency analysis: Automated vs. manual workflows

With the aim of objectively quantifying the industrial value of the proposed framework, we conducted a comparative study
focusing on “process efficiency” rather than “solver efficiency.” We introduced a specific metric, workflow overhead (Tyyerhead)s
defined as the total time required to formulate, implement, and debug the optimization problem, excluding the computational
solution time (Tsq1yver)-

Ttotal = Toverhead + Tsolver (14’)

Because LLM-IDA invokes the same standard off-the-shelf solvers (e.g., ANSYS MAPDL) as a manual workflow, Tgover
remains constant for identical physics. Therefore, the efficiency gain is determined solely by the reduction in Tyyerhead-

We compared the Tyyerneaq Of the LLM-IDA against an intermediate-level simulation engineer (with over three years of hands-
on experience in Ansys and proficiency in the PyTorch and PyMOO frameworks) for two representative case studies.

Table 3

Comparison of workflow overhead. Tyyanua1 (manual overhead) represents estimated time for requirement analysis, API documentation lookup, script
coding, and iterative debugging. Ta,to (LLM-IDA overhead) represents Mean time + standard deviation over 5 independent runs, including LLM
inference latency, task specification, and dynamic self-correction loops.

Efficiency gain
Manual overhead ;1 15 overhead (Tyuges ) Ve
Case study (Tinanuals 8)
5.66 X
Three-section 1024 181 + 39
Cantilever beam
6.61 x
1740 263 + 45
Ten-bar truss
5.5 %
1560 303 + 40
Pressure vessel
5.79 x
1441 249 + 41

Average




Table 3 provides the empirical evidence that the LLM-IDA framework effectively eliminates human bottlenecks. LLM-IDA
completes the entire code generation and validation process in approximately 5 min (approximately 82.7% reduction in overhead).
The variance in automation time is primarily attributed to fluctuations in the API latency and the number of self-correction
iterations required.

4.4. Ablation study

To evaluate the individual contributions of the Task Analysis, Code Verification, and Built-in Template modules, we conducted
an ablation study using four representative base LLMs: GPT-4-Turbo, DeepSeek-Coder-V2, Gemini-1.5-pro(175B), and
Codestral. These models were strategically chosen to span a wide spectrum of parameter scales and long-context reasoning
capabilities, enabling us to examine how each module enhances the models with varying intrinsic strengths using Pass@10 as the

metric. We established three experimental groups: @ With and without Built-in Templates (compared against a strong RAG

baseline); @ With and without Task Analysis; and ® With and without Code Testing. GPT-40 was uniformly employed as the

visual inspector in the verification step to ensure multimodal support across all baselines.

(1) Effect of Built-in Templates: As shown in the first section of Table 4, LLM-IDA consistently outperforms the RAG method.
The data reveal a positive correlation between model reasoning capability and performance gain: models with stronger long-
context reasoning (e.g., GPT-4-Turbo +14.12%, DeepSeek-Coder-V2 +12.58%) benefit significantly more than smaller models
(e.g., Codestral +3.69%). This indicates that the structural templates effectively leverage the latent simulation knowledge of
advanced LLMs.

(2) Effect of Task Analysis: The second section of Table 4 compares frameworks with and without the Task Analysis module.
Interestingly, smaller models exhibited larger relative gains. This corroborates the theory expressed in Eq. (2), suggesting that
Task Analysis functions as a CoT mechanism. This guides parameter-constrained models to decompose obscure PyAnsys coding
tasks into fundamental mechanical and geometric problems, thereby bridging the reasoning gap in which the training corpora are
sparse.

(3) Effect of Code Testing: The quantitative improvement is presented in the final section of Table 4, which provides a self-
correction feedback loop, allowing the framework to rectify errors arising from the initial analysis or generation, thus ensuring
robust execution.

Table 4
Ablation study results showing pass@10 performance with and without key modules across different LLM models.

Method GPT-4-Turbo  DeepSeek-Coder-V2 (236B)  Codestral (22B)  Gemini-1.5-pro (175B)
With built-in templates 0.889 0.85 0.506 0.558
Without built-in templates  0.779 0.755 0.488 0.434
Improvement rate +14.121% +12.583% +3.689% +28.571%
With task analysis 0.889 0.85 0.506 0.558
Without task analysis 0.664 0.651 0.322 0.441
Improvement rate +33.886% +30.568% +57.143% +26.531%
With code testing 0.889 0.85 0.506 0.558
Without code testing 0.816 0.803 0.491 0.451

Improvement rate +8.946% +5.853% +3.055% +23.725%




The computational efficiency of the LLM-IDA automatic surrogate model construction was validated through a quantitative
assessment using the three-section cantilever beam and ten-bar truss problems. Regarding the hardware setup, all FEA simulations
were executed on a workstation equipped with an Intel Core 19-13900K CPU. LLM reasoning was performed using the GPT-4-

Turbo APL involving an average of 5—8 API calls per task.

The quality of the Pareto fronts was evaluated using the Hypervolume (HV) metric, which measures the volume of the objective
space dominated by the solution set A with respect to a reference point r. Mathematically, it is defined as the Lebesgue measure
A of the union of hypercubes:

HV(A,1) = A U{zeRd|y<z<r} (15)
yeEA

where d is the number of objectives, y is a Pareto solution in the objective space, and z is a point in the d-dimensional objective
space. Furthermore, to quantify the accuracy loss introduced by surrogate modeling, we defined the HV deviation (Devyy) metric
as follows:

Hvbaseline - HVsurrogate % 100% (16)

DeVHV =
HVbaseline

where HV},,seline represents the HV of the converged non-surrogate Pareto front.
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Fig. 14. Pareto fronts obtained with different sampling budgets for the surrogate models. (a) Three-section cantilever beam; (b) ten-bar truss. The results
show that the Pareto fronts generated by LLM-IDA with 200, 400, and 1000 samples closely match those of the baseline (non-surrogate) approach.

For the baseline (non-surrogate) approach, we set the maximum population size to 100. The optimization processes converged
at the 52nd generation for the cantilever beam and the 61st generation for the ten-bar truss, resulting in total actual simulation
counts of 5200 and 6100, respectively. In contrast, LLM-IDA autonomously constructed surrogate models using fixed sampling
budgets of 200, 400, and 1000 simulations.

Fig. 14 shows that the Pareto fronts generated by LLM-IDA closely align with the baseline. Quantitatively (see Table 5), even
when compared to the actual converged baseline, LLM-IDA achieved a reduction in simulation time of up to 96.71% (in the Ten-
bar Truss 200-sample case) while maintaining a Devyy of less than 2.76% across all tested scenarios. This confirms that the
framework effectively balances the computational cost and optimization accuracy.

Table 5
Quantitative comparison of FEA simulation cost and optimization accuracy (HV) between baseline and LLM-IDA methods.

Optimization problem  Method Sampling size (FEA calls)  Total FEA simulation time (s) ~ Simulation Time Savings HV Devyy

Cantilever beam Baseline (non-surrogate) 5200 16536 _ 0.832 —



(converged at Gen 52)

LLM-IDA (1000-sample) 1000 3180 80.77% 0.823  1.08%

LLM-IDA (400-sample) 400 1272 92.31% 0.822  1.20%

LLM-IDA (200-sample) 200 636 96.15% 0.809 2.76%
Ten-bar truss Baseline (non-surrogate) 6100 11102 — 0.652 —
(converged at Gen 61)

LLM-IDA (1000-sample) 1000 1820 83.61% 0.641  1.69%

LLM-IDA (400-sample) 400 728 93.44% 0.635  2.61%

LLM-IDA (200-sample) 200 365 96.71% 0.638 2.15%

5. Conclusion and outlook

5.1. Conclusion

To assist human engineers in industrial design automation, this paper presents the LLM-IDA framework, which encompasses
conceptual design, knowledge-based design, and digital prototyping. This framework uses a multitiered Al agent group for four
modular processes: @ specification, @ quantification, ® surrogate, and @ prototype module. With specification and code
generation capabilities of LLMs, the LLM-IDA effectively delivers industrial design automation. A comparison with state-of-the-
art RAG methods using the pass@ 10 metric demonstrates that the LLM-IDA framework provides greater generality and reliability
with improved time efficiency and optimality over existing domain-specific methods.

In summary, LLM-IDA presents the following advantages.

(1) Automation: LLM-IDA offers a framework to achieve fully automated engineering designs, where error detection and
feedback throughout the process are handled entirely by the LLM without human intervention;

(2) Surrogate construction: LLM-IDA features automatic surrogate model construction, significantly speeding up the
optimization process;

(3) Cross-domain applicability: Although validated primarily for mechanical problems, the framework’s modular architecture
is inherently domain agnostic, where the LLM-IDA can be extended to electronic design automation, energy systems, and
materials engineering, for example, by substituting the underlying physics kernels (e.g., ANSYS Maxwell or Fluent).

5.2. Limitation and future work

Currently, the LLM-IDA relies on general-purpose LLMs, which are not specifically oriented towards the physical world.
Consequently, there exist limitations primarily in: @ Limited spatial perception: The difficulty LLMs face in perceiving complex

CAD geometries hinders the formulation of geometry-dependent optimization objectives, and @ long-context instability: The

inherent stochasticity of LLMs in long-chain reasoning poses challenges to system reliability.

In future work, we aim to address these limitations by fine-tuning open-source models on CAD/CAE datasets to enhance
reasoning accuracy and integrating multimodal capabilities to enable an intuitive understanding of CAD design inputs. More
fundamentally, we aim to develop “Al for Engineering” world models.
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