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ABSTRACT

Design deduction and design reasoning are core topics in the field of design automation, 
aiming to simulate the design thinking process through computational models and 
assist in the generation and optimization of solutions. Most of the existing research 
focuses on single-objective optimization or rule-driven design suggestions, lacking 
a multi-dimensional systematic evaluation of design works. This leads to insufficient 
comprehensive analysis of the reasoning results in terms of rationality, feasibility and 
risk, which limits their application in complex innovative design. At present, the work of 
automatic design deduction is often limited to a single evaluation dimension and lacks 
the ability of multi-objective collaborative deduction. Moreover, most systems rely on 
static rules and are difficult to adapt to a dynamic and open design context. Meanwhile, 
the existing methods have obvious shortcomings in cross-domain knowledge fusion 
and forward-looking risk prediction, resulting in limited practicality and innovation of 
the deduction suggestions. This paper proposes a design deduction framework based 
on multi-agent systems (MAS), which includes three Agent modules for evaluation: 
(1) Rationality evaluation Agent: Based on design theory and domain knowledge, it 
assesses the consistency of design logic, user experience and contextual adaptability; 
(2) Feasibility assessment Agent: By integrating engineering constraints and technical 
parameters, analyze the feasibility of manufacturing processes, costs, and resources; 
(3) Risk assessment Agent: Through historical data and simulation prediction, 
identify potential risks in technology, market and ethics. Each agent debates and 
negotiates through a competition-collaboration mechanism. The central coordinator 
comprehensively outputs multi-dimensional optimization strategies to achieve 
dynamic iterative design deduction. Experiments show that, compared with the single-
dimensional evaluation system, this framework has achieved relevant improvements 
in dimensions such as the adoption rate of optimization suggestions and the accuracy 
rate of risk early warning in the derivation of concept products and architectural 
design schemes. The collaborative deduction mechanism effectively shortens the 
design iteration cycle and demonstrates stronger strategy generation capabilities and 
contextual adaptability in cross-domain innovative design.
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INTRODUCTION

With the rapid advancement of artificial intelligence technology, Multi-
Agent Systems (MAS) have evolved from early distributed problem-solving 
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paradigms into computational frameworks capable of simulating complex 
social collaboration and competitive behaviors. They are now widely applied 
in fields such as autonomous driving, supply chain management, and game 
theory. Through interactions among multiple autonomous agents, MAS 
facilitate knowledge sharing, task allocation, and collaborative decision-
making, providing a natural architecture for handling open and dynamic 
tasks. Concurrently, design deduction, as a crucial branch of design 
automation, aims to simulate the reasoning process of human designers 
through formalized models. It automatically generates, evaluates, and 
optimizes design solutions starting from initial requirements or constraints, 
thereby enhancing design efficiency and innovation.

However, the task of design deduction, due to its dual nature of reasoning 
and prediction, faces significant challenges. On one hand, the design space 
is typically high-dimensional, continuous, and fraught with uncertainty. A 
single model struggles to comprehensively capture the complex relationships 
among user needs, technical constraints, and market dynamics, leading to 
insufficient generalizability of the deduction results. On the other hand, 
design decisions must balance subjective aesthetics, objective functionality, 
and potential risks. Traditional optimization methods often focus on a single 
metric (e.g., cost minimization), lacking multi-dimensional comprehensive 
evaluation, which limits the accuracy and practicality of the deduction 
suggestions.

To address these challenges, pioneering research has explored various 
methods. For instance, Smith et al. (2020) proposed a rule-engine-based 
deduction system, covering feasibility verification in conventional design 
scenarios through predefined logic chains. Chen et al. (2021) introduced 
reinforcement learning agents to explore Pareto-optimal solutions in 
continuous design spaces, enhancing generalizability. Wang et al. (2022) 
utilized Graph Neural Networks to model topological relationships among 
design elements, improving cross-domain knowledge fusion. Nevertheless, 
these methods exhibit notable limitations: rule engines struggle to adapt to 
novel constraints in open contexts; reinforcement learning agents lack explicit 
evaluation of design logic rationality; and Graph Neural Networks provide 
insufficient support for dynamic risk prediction. Overall, existing work has 
not yet effectively integrated multi-dimensional evaluation with dynamic 
collaborative reasoning, restricting the application of design deduction in 
complex innovation scenarios.

To this end, this paper proposes a Multi-Agent System-based design 
deduction framework. The framework comprises three core evaluation 
modules: (1) a Rationality Evaluation Agent, which examines logical 
consistency based on design theory and domain knowledge; (2) a Feasibility 
Assessment Agent, which analyzes implementation potential by integrating 
engineering parameters and resource constraints; and (3) a Risk Assessment 
Agent, which predicts technical, market, and ethical risks through historical 
data and simulation. The agents engage in debate and negotiation via 
a competition-collaboration mechanism, with a central coordinator 
synthesizing multi-dimensional perspectives to output dynamic optimization 
strategies. Experimental results demonstrate that this method outperforms 
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existing baseline models in key metrics such as suggestion adoption rate 
and risk warning accuracy in conceptual product and architectural design 
deduction tasks, achieving state-of-the-art performance. In summary, the 
main contributions of this paper are as follows:

i.	 Proposing a multi-agent collaborative framework for the design deduction 
scenario, enabling multi-dimensional dynamic evaluation of rationality, 
feasibility, and risk.

ii.	 Elaborating on the algorithmic design of each agent within the framework, 
including knowledge graph-based rationality verification, constraint 
satisfaction-based feasibility analysis, and data-driven risk prediction 
models.

iii.	 Validating the framework’s effectiveness through large-scale cross-
domain experiments, accompanied by comprehensive ablation studies 
and generalization performance tests.

RELATED WORKS

Research on Multi-Agent Systems (MAS) originated from distributed artificial 
intelligence. Early work, such as the agent communication language proposed 
by Wooldridge (2009), laid the foundation for collaborative decision-making. 
In recent years, the integration of MAS and machine learning has advanced, 
exemplified by DeepMind’s (2019) application of multi-agent reinforcement 
learning to complex cooperative tasks and OpenAI’s (2020) use of MAS to 
simulate economic market behaviors. In the field of engineering design, MAS 
has been employed for distributed optimization (Li et al., 2018), supply chain 
coordination (Zhang et al., 2019), and interdisciplinary design integration 
(Park et al., 2021). However, existing MAS frameworks are predominantly 
tailored for specific optimization objectives and lack mechanisms for multi-
dimensional evaluation and dynamic negotiation suited for open-ended 
design deduction.

Concurrently, Large Language Models (LLMs) are gradually gaining 
prominence in design reasoning. Early research, such as Brown et al. (2020), 
demonstrated the potential of GPT-3 in generating design descriptions. 
Subsequent work, like Lu et al. (2022), utilized LLMs for user requirement 
parsing and concept generation. Zhao et al. (2023) combined LLMs with 
knowledge graphs for design constraint reasoning. Although LLMs enhance 
natural language interaction and commonsense reasoning capabilities, they 
still rely on integration with external tools for precise engineering analysis 
and quantitative risk prediction. Furthermore, they are mostly based on 
single-agent architectures, making it difficult to achieve multi-dimensional 
collaborative deduction.

Overall Design

The proposed multi-agent design deduction framework aims to overcome 
the limitations of single-dimensional evaluation by achieving comprehensive 
optimization of a design’s rationality, feasibility, and risk through a 
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collaborative mechanism. As shown in Figure 1, the framework consists 
of three evaluation agents (Rationality, Feasibility, Risk) and a central 
coordinator. Upon receiving design requirements and constraints, each agent 
conducts specialized evaluations in parallel, generating assessment reports 
with confidence scores. The coordinator employs a debate-based negotiation 
mechanism to aggregate multi-dimensional opinions and iteratively refines 
the design method through feedback. The goal of this architecture is to 
achieve dynamic, adaptive, and interpretable design deduction, ensuring that 
the output strategies are balanced in terms of logic, practicality, and foresight.

Agent 1: Rationality Evaluation

Agent 1 is responsible for assessing the rationality of a user’s design. Its 
objective is to determine whether the design aligns with specific domain 
knowledge and exhibits no apparent contextual conflicts. Leveraging 
a domain knowledge graph and contextual constraints, it assigns a score 
representing the design’s logical consistency.

Let the set of user design elements be 1 nD={e , ,e } . Agent 1 evaluates each 
element ie  along two dimensions: the function iSim(e ,KG) measures the 
semantic matching degree between the design element and the knowledge 
graph KG, the function iConsistency(e ,C)  measures the degree to which the 
design element satisfies the contextual constraints C .

The rationality score for a single element is obtained by multiplying Sim 
and Consistency The overall rationality score for the entire design is the 
average of all element scores:

	
n

r i i
=1

1
S (D)= Sim(e , KG) Consistency (e ,C)

| | iD
⋅∑ �

In the case study of this paper, the Sim function is implemented using the 
Python third-party library CLIP alongside the DeepLab model. DeepLab first 
segments the original image into several semantically consistent regions. Then, 
the CLIP library computes feature vectors for the images and corresponding 
text descriptions, using the cosine similarity as the rationality score.

Agent 2: Feasibility Assessment

Agent 2 is responsible for evaluating the feasibility of a user’s design. It 
comprehensively considers various aspects such as material sourcing, 
manufacturing processes, and cost control.

This paper formalizes the feasibility problem as a set of constraints 

1 m={ , , }φ φΦ 

, where each constraint jφ  corresponds to a metric function 
jf  and a threshold jτ  ° jf (D) calculates the performance of design D on the  

j-th dimension; the threshold jτ  represents the acceptable upper limit for this 
metric under current engineering conditions. Constraint j φ  is satisfied when 

j jf (D) τ≤ .

The feasibility score fS  is defined as the weighted sum of constraint 
satisfaction:
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m

j j jf
j=1

S (D)= w I(f (D) )⋅ τ≤∑ �

Where jw  is the weight, and I is the indicator function, defined as:

	 1, P is true
I(P)

0, P is false


= 


�

While computing 
fS , Agent 2 also reports a set { ( ) }|j j jfR f Dφ τ= > , 

consisting of all violated constraints. This set explicitly pinpoints specific 
issues in the design regarding engineering and resource aspects, providing a 
basis for subsequent optimization and enhancing the interpretability of the 
evaluation results.

Agent 3: Risk Assessment

Agent 3 is responsible for assessing the risks associated with a user’s design, 
focusing on identifying the probability of potential negative impacts. Given 
the diverse sources of risk in design, this paper categorizes risks into three 
dimensions, forming the risk dimension set:

	 R={tech, market, ethic} �

Based on historical data H and a simulation model M Agent 3 calculates 
the occurrence probability kP (D) for each risk dimension k. Historical data 
aids in identifying long-term trends, while the simulation model is used to 
simulate system responses under specific hypothetical scenarios.

Since the occurrence of any single risk can lead to system failure, the risk 
score riskS  is defined as the probability of at least one risk occurring:

	
risk k

k R

S (D) 1 (1 P (D))
∈

= − −∏ �

While computing 
riskS , Agent 3 also reports the highest-probability risk 

factors riskR  providing a basis for the central coordinator when making 
trade-offs between the sheme.

COMPARATIVE EXPERIMENTS

A comparative analysis was conducted by pitting the constructed system 
against existing mainstream models. The selected baselines encompassed 
several state-of-the-art large language models (ChatGPT-3.5, ChatGPT-4o, 
ChatGPT-5.1, DeepSeek, Doubao, and Qwen), which are frequently utilized 
for design consultation and idea generation tasks. This selection aimed to 
benchmark our specialized multi-agent framework against general-purpose, 
powerful conversational agents. Human users, comprising both domain 
experts and designers, were invited to score the system using a 7-point Likert 
scale (1–7, higher is better) across three critical dimensions: satisfaction, 
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reliability, and effectiveness. These dimensions were chosen to holistically 
assess user experience, the trustworthiness of the system’s output, and its 
practical utility in improving design outcomes. The evaluation was performed 
on a held-out test set of design scenarios distinct from the training data. The 
specific results are presented in Table 1 below:

Table 1: Experimental results.

Method Satisfaction Score Reliability Score Effectiveness Score

Chat GPT 3.5 5.4 5.1 5.8

Chat GPT 4o 5.3 5.2 5.8

Chat GPT 5.1 5.4 5.3 5.7

Deepseek 5.7 6.1 5.9

豆包 5.3 5.5 5.2

Qwen 4.9 5.1 5.4

本文方法 5.8 6.4 6.0

Analysis of the results indicates that our proposed multi-agent framework 
achieved the highest scores across all three evaluation dimensions. Notably, 
it attained a substantial lead in Reliability (6.4), which can be attributed 
to its structured, debate-driven validation process that explicitly surfaces 
reasoning and constraints, thereby producing more consistent and justifiable 
outputs compared to the more monolithic and sometimes opaque reasoning 
of single LLM agents. The Effectiveness score (6.0) also demonstrates a 
meaningful improvement, suggesting that the multi-dimensional optimization 
strategies generated by the collaborative agents are perceived as more 
actionable and valuable for refining designs. While the lead in Satisfaction 
(5.8) is more modest, it signifies that the added complexity of the multi-
agent process did not negatively impact usability and was appreciated for 
the comprehensive feedback provided. The strong performance of models 
like DeepSeek highlights the advanced capabilities of modern LLMs, yet 
our framework’s specialized architecture for design deduction provides a 
measurable, consistent edge, particularly in producing reliable and effective 
design guidance. This comparative study empirically validates the core thesis 
that a dedicated multi-agent collaborative approach surpasses single-model, 
general-purpose assistants in complex design evaluation tasks.

CONCLUSION

This paper proposes a Multi-Agent System-based design deduction 
framework. Through collaborative debate among rationality, feasibility, and 
risk assessment agents, it achieves multi-dimensional dynamic optimization of 
design solutions. Experiments demonstrate that the framework outperforms 
existing methods in terms of suggestion adoption rate, risk warning 
accuracy, and iteration efficiency, while also exhibiting robust cross-domain 
generalization capabilities. Future work will explore agent self-evolution 
mechanisms and the integration of real-time data streams to further enhance 
adaptability to open innovation environments.
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