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Abstract

Amid the rapid evolution of generative artificial intelligence (GenAI), how to effectively 
leverage its affordances to advance students’ creative thinking development has emerged 
as a frontier issue in educational research. However, existing studies generally encounter 
the dilemma of unclear coupling pathways between GenAI and thinking development, 
and a lack of pedagogical implementation for technological applications. To tackle 
these issues, this study constructs a multi-agent collaborative system oriented toward 
creative problem solving. The system is designed based on the dual logics of cognitive 
processes and psychological drivers, incorporating six core agents, a dynamic scheduling 
mechanism, and a three-layer task–knowledge–thinking knowledge graph to support the 
development of students’ creative thinking. A quasi-experimental study with four task 
rounds is conducted to compare the effectiveness of this system with that of a single-
agent model in supporting undergraduates’ creative problem solving. The results indicate 
that students’ overall creative thinking ability improved significantly, with the experimental 
group outperforming the control group and the performance gap widening progressively 
across tasks. Post hoc comparison further reveals that advancing creative thinking occurs 
primarily in the middle-to-late stages of the tasks. These findings demonstrate that the 
support of the multi-agent collaborative system can effectively activate and reorganize 
students’ cognitive representations through sustained interaction, thereby facilitating a 
transition in creative thinking from gradual development to stage-based advancement.

Keywords　multimodal large language models (LLMs); generative artificial intelligence 
(GenAI); innovation-oriented talent; creative thinking

1　Introduction
In the intelligent era, knowledge updates faster, and problem contexts grow more complex. In 
an increasingly changing and uncertain social environment, individuals with creative thinking 
abilities can better solve problems and thereby meet the challenges of complex settings. 
The United Nations Educational, Scientific and Cultural Organization (2021) emphasized 
in its report Reimagining Our Futures Together: A New Social Contract for Education that 
the core mission of education is to cultivate citizens who can guide change and create the 
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future. Moreover, the Compulsory Education Curriculum Program (2022 Edition) explicitly 
calls for developing students’ critical and creative thinking abilities, regarding them as key 
components of core literacy. Therefore, creative thinking serves as a key capacity for driving 
individual and societal advancement, as well as a vital guarantee for aligning with national 
development strategies.

In recent years, with the rapid development of artificial intelligence (AI), especially generative 
artificial intelligence (GenAI), a new generation of intelligent systems characterized by large 
language models (LLMs), multimodal fusion, and knowledge enhancement is reshaping the 
boundaries of human cognitive activities (Bavaresco et al., 2024). This technological form 
features robust capabilities in language generation, image recognition, and task simulation. 
More importantly, it enables deep intervention in complex cognitive processes through 
multimodal interaction and effective feedback mechanisms (O’Dea, 2024). Researchers point 
out that the rise of GenAI is not merely an instrumental change but represents a new quality 
productive force that can coordinate cognition and activate thinking (Gao et al., 2025). It can 
simulate human expressive behavior and understand human thinking pathways, making it an 
important participant and supporter in creative problem solving (Liu & Hao, 2024).

However, previous research on cultivating creative thinking has mainly focused on 
internal cognitive processing pathways, which overlooks the potential of technological 
intervention to reshape cognitive structures. In particular, a systematic exploration of 
the mechanisms that generate creative thinking within human–machine collaboration 
remains lacking. Against the backdrop where intelligent technology is deeply integrated 
into education, how to effectively map the capability structure of GenAI onto the creative 
cognitive process and construct a teaching system with theoretical depth and practical 
feasibility has become an urgent research issue to address. In response to this issue, this 
study takes the technical starting point of thinking activation as its research standpoint. 
It explores the key capabilities of GenAI in promoting creative thinking and proposes 
a collaborative education pathway based on a multi-agent system, aiming to provide 
new theoretical foundations and practical solutions for the development of higher-order 
cognitive abilities, including creative thinking.

2　Theoretical Foundations and Practical Dilemmas of Cultivating Creative 
Thinking in the Intelligent Era

2.1　Psychological Foundations and Cognitive Processes of Creative Thinking
In the core competency system for cultivating innovation-oriented talent, creative thinking 
holds a foundational and critical position. As an advanced form of human cognitive activity, 
creative thinking is a core driver of scientific progress and technological innovation and a 
vital ability for solving complex problems and enhancing social value.

The occurrence of creative thinking is a complex systemic process driven jointly by 
individual internal motivations, cognitive processing mechanisms, and external environmental 
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factors (Amabile, 1996; Finke et al., 1992; Vygotsky, 1978).

2.1.1　�Psychological Foundations: Multi-Dimensional Regulation of Internal Drivers and 

Individual Traits

Creative thinking is a psychologically driven process. From a historical perspective, the 
earliest integration of psychological foundations into creativity research is the hereditary 
genius theory proposed by Galton (1869), which emphasizes the innate role of talent and 
familial potential. However, with the advent of modern psychological research, creative 
thinking has gradually been understood as the product of the interplay between innate 
potential and postnatal regulation.

Intrinsic motivation is a key factor driving creative behavior, fostering individual 
immersion and self-drivenness (Hao & Tang, 2017). Positive emotions can broaden cognitive 
flexibility and foster remote associations (Isen et al., 1987). Teachers’ handling of control 
and evaluation methods significantly influences students’ motivation and creative expression 
(Hennessey, 2010).

Research demonstrates that emotional experiences and regulation strategies exert a 
bidirectional regulation effect on creative thinking. Moderate positive emotions can expand 
attention and cognitive flexibility, promoting divergent thinking, whereas in certain task 
contexts, negative emotions help reinforce problem analysis and critical processing (George 
& Zhou, 2002). Meanwhile, individuals’ adoption of regulation strategies such as cognitive 
reappraisal and acceptance can alleviate the interference of emotions on cognitive resources, 
enhancing thinking persistence and creative performance (Gross, 2002).

In summary, the psychological mechanism of creative thinking stems not from a single 
variable but rather is the product of the dynamic interplay and integration of intrinsic 
motivation and emotion regulation within specific contexts. The coordinated functioning 
of multi-dimensional psychological mechanisms enables individuals to achieve sustained 
activation and high-quality expression of creative thinking.

2.1.2　Cognitive Processing: Integration of a Multi-Dimensional Cognitive Ability System

Creative thinking transcends the synergy of diverse psychological factors to be rooted in a 
set of specific cognitive-intellectual structures. The earliest systematic exploration of the 
creative cognitive structure was conducted by Guilford. In his three-dimensional structure 
of intellect model, Guilford proposes that divergent thinking is the core of creative thinking, 
corresponding to convergent thinking. In recent years, researchers have begun to re-examine 
the intellectual structure of creative thinking from more refined cognitive processing 
mechanisms. The intellectual structure of creative thinking refers to a multi-dimensional 
cognitive ability system that individuals rely on when solving open-ended or ambiguous 
problems. In general, the cognitive structure of creative thinking contains relatively stable 
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ability components and exhibits highly dynamic processing characteristics. From a dynamic 
perspective, these modules are not fixedly invoked but are flexibly activated and combined 
according to task contexts and individual states during the preparation–incubation–
illumination–verification process, constructing evolving cognitive pathways and modes of 
problem construction.

2.2　Practical Dilemmas and Challenges in Cultivating Creative Thinking
Creative thinking holds irreplaceable value in solving uncertain problems, integrating 
cross-domain knowledge and achieving original expression, and has thereby become an 
indispensable core competency in the education system of the new era (Li et al., 2021). 
However, in current educational practice, the cultivation of creative thinking is still 
structurally lagging. In particular, there is a lack of systematic instructional design and 
process-oriented support at the levels of cognitive process support and psychological 
motivation stimulation, which severely restricts the deep generation and sustained 
development of students’ thinking abilities.

At the cognitive level, teaching activities still center on knowledge transmission, generally 
overlooking key cognitive stages that students undergo in creative tasks, such as problem 
construction, idea generation, pathway selection, and reflective expression (Zhao, 2012). 
Instructional content organization tends toward fragmentation and standardization. Students 
often passively accept preset task frameworks and single solutions, which prevents them 
from experiencing the cognitive chain of problem–exploration–generation–verification. The 
development of students’ thinking abilities relies on active, meaning-centered knowledge 
construction instead of passive knowledge indoctrination (Bransford et al., 2000). In current 
classroom models, the repetitive cycle of lecturing–doing exercises–grading restricts 
students’ cognitive development. As a result, creative thinking is reduced to the mere flexible 
application of knowledge, with limited deliberate training devoted to students’ divergent, 
reorganizational, and structural thinking abilities.

At the psychological level, the generative process of students’ creative thinking is often 
accompanied by uncertainty, risk of failure, and self-doubt. This places high demands 
on their intrinsic motivation, self-efficacy, and emotion regulation abilities. However, in 
practical teaching, personalized adjustment and support for these psychological foundations 
are generally neglected. A study reveals that the higher an individual’s self-efficacy, the 
more they persist in exploring and expressing new ideas in open-ended tasks, and their 
divergent thinking performance significantly improves (Beghetto, 2006). Integrating emotion 
regulation with cognitive support, such as dynamic feedback, resource adjustment, and time 
management suggestions, can significantly enhance individuals’ creative performance and 
psychological resilience in project tasks (Jia et al., 2019; Lubart et al., 2015). Moreover, the 
creative cognition training study conducted by Morin et al. (2016) in engineering education 
demonstrates that systematically supporting students’ cognitive organization and emotional 
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encouragement can considerably improve their idea generation ability and motivation 
maintenance.

Currently, there are few support tools for developing creative thinking that can effectively 
link cognitive and psychological mechanisms. Therefore, the fundamental challenge in 
cultivating creative thinking today lies not in an inadequate curriculum or teacher guidance 
but in the lack of support tools centered on the cognitive and psychological coupling 
mechanism. Therefore, it is necessary to use tasks as carriers and introduce new technologies, 
new mechanisms, and new tools to reconstruct the thinking chain support, psychological 
state recognition, and personalized intervention methods in the teaching process. Thereby, 
a support system effectively oriented to the generative process of students’ thinking can be 
built.

3　Analysis of Key Capabilities of GenAI in Enhancing Creative Thinking
Creative thinking is a highly complex, higher-order cognitive activity, and its generative 
process involves multi-level cognitive processing and psychological drivers. When 
individuals encounter open-ended problems or innovation tasks, they need to go through 
a series of progressive cognitive stages, including problem construction, idea generation, 
concept reorganization, and outcome expression. At the same time, they are required to 
sustain exploratory motivation, cope with the pressure of uncertainty, and regulate their 
emotional states. How to provide sustained and precise support within this complex thinking 
chain has long been a core challenge in cultivating creative thinking. The emergence of 
GenAI provides a new technological pathway to solve this challenge (Huang et al., 2024). 
GenAI possesses multi-dimensional capabilities such as multimodal expression, context 
generation, knowledge association, logical reasoning, and instant feedback. These capabilities 
can be embedded into key stages of creative thinking to strengthen individuals’ cognitive 
processing and provide support for psychological drivers through functions such as emotion 
perception, personalized interaction, and dynamic feedback. The following section focuses on 
GenAI’s key capabilities, exploring how they can be precisely aligned with the developmental 
mechanisms of creative thinking so as to establish an integrated enabling pathway for 
cultivating higher-order thinking.

3.1　Alignment of GenAI with the Cognitive Processes of Creative Thinking
GenAI’s language interaction capabilities and its structured knowledge integration 
mechanisms based on knowledge graphs and knowledge bases effectively align with the 
cognitive processes of creative thinking.

First, language is regarded as “the dress of thought.” Beyond serving as a medium 
for expressing thought, it functions as an important cognitive tool for the occurrence, 
development, and reorganization of thought (Ye, 2016). The formation of creative thinking 
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often depends on the linguistic construction of abstract concepts, the reorganization of 
semantic connections, and the internalized integration of new and old knowledge. These 
processes are precisely the core tasks at which LLMs excel. In this process, learners articulate 
their preliminary ideas through natural language. Drawing on its semantic understanding 
capabilities, GenAI provides multi-perspective responses and reconstructive suggestions, 
which in turn encourages learners to make further semantic connections and reorganize 
concepts. This collaborative process, akin to a “language game,” broadens cognitive horizons 
and fosters nonlinear thinking pathways. Moreover, human–machine interaction forms a 
mutually reinforcing cognitive cycle. GenAI generates novel linguistic combinations and 
unexpected semantic connections, pushing the boundaries of thinking. Simultaneously, 
learners select, reconstruct, and reflect on this GenAI-generated content, further activating 
the reintegration of their existing knowledge schemas and thereby driving the internalized 
generation of creative concepts. This interactive process reveals that language is more 
than the external form of thought. Supported by GenAI, it becomes an intelligent engine 
that drives cognitive reorganization and facilitates creativity generation. Therefore, LLMs 
enhance language output and actively intervene in the cognitive generative process of creative 
thinking, demonstrating a deep structural alignment. This alignment extends beyond semantic 
processing and expression. It reshapes learners’ cognitive strategy selection methods and 
contextual response pathways, thereby serving as an essential external support system for 
creative cognitive processing.

Second, the structured knowledge integration mechanism based on knowledge graphs and 
retrieval-augmented generation provides semantic support for the illumination of innovation. 
Illumination is a form of creative thinking, which is usually not accidental. Instead, it relies 
on a rich knowledge structure and achieves a sudden advancement in thinking through 
the reorganization and connection of concepts (Zhang & Yu, 2018). Knowledge graphs, 
as an intermediary system of semantic hierarchies and attribute connections, can link and 
make explicit dispersed knowledge nodes in a graph-like structure. This supports learners 
in understanding the causal, parallel, and hierarchical relationships among things from the 
structural overview. This capacity of knowledge visualization–structure navigation–semantic 
localization lays a solid foundation for knowledge activation, pathway leaps, and structural 
reorganization in creative cognition.

In summary, GenAI does not inherently possess the capacity to support creative thinking. 
Its supportive capabilities need to be activated in an embedded manner through pedagogically 
designed strategies, structured resource allocation, and semantic pathway planning under 
the guidance of explicit cognitive goals. From language to knowledge, and from feedback to 
expression. Constructing an AI support system for education oriented by cognitive processes 
and centered on systematic design is a feasible pathway for enabling GenAI to facilitate the 
occurrence of creative thinking.
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3.2　Alignment of GenAI with the Psychological Foundations of Creative Thinking
GenAI’s multimodal interaction and instant feedback capabilities can effectively address 
learners’ psychological needs in the process of creative problem solving.

First, the instant feedback capability is crucial (Lu et al., 2025). Creative thinking 
development entails more than the generation of rich content. It is deeply rooted in the 
individual’s ability to monitor, evaluate, and regulate their own thinking processes, that 
is, the effective operation of the metacognitive system. Especially when facing complex, 
ambiguous, or open-ended tasks, whether individuals can continuously reflect on problems, 
adjust strategic pathways, and maintain a high level of motivation becomes a key variable 
determining the quality of their creative performance. With robust language understanding 
and generation, GenAI presents a functional continuum of instant feedback–precise 
prompting–dynamic regulation in real-time interactions. This highly responsive feedback 
mechanism plays a positive supportive role in motivation maintenance (Chen et al., 2024). 
Unlike evaluation in traditional classrooms, which tends to be retrospective and beyond 
learners’ control, GenAI provides immediate positive hints or problem guidance at every key 
node of the creative attempt. This effectively reduces the psychological exhaustion caused 
by a sense of failure and unproductive investment, thereby enabling learners to maintain task 
focus and achievement expectation. This is particularly evident in creative problem solving, 
where individuals frequently experience intense cognitive load and emotional fluctuations 
(Wu et al., 2022). GenAI’s intelligent feedback mechanism serves as a continuously stable 
cognitive scaffolding system, sustaining the supply of psychological energy while ensuring 
the quality of thinking.

Second, the context creation capability provides immersive support for thinking transfer and 
creative activation (Bai et al., 2025). Creative thinking does not always occur in real-world 
immediate problem solving. Additionally, quasi-realistic simulations in virtual environments 
can effectively activate and train individuals’ creative abilities. In this regard, GenAI can 
rapidly create cognitive environments that are close to reality yet possess manipulability 
and creative flexibility. For example, by inputting task settings or role descriptions, AI can 
generate complete story worlds, social scenarios, or problem backgrounds. This context 
simulation provides individuals with an operational space for cognitive projection and 
imaginative transfer (Miao et al., 2025).

In summary, through the two major capabilities of instant feedback and context creation, 
GenAI effectively supports the psychological foundation mechanisms of creative thinking. 
Instant feedback strengthens learners’ self-efficacy and sustained motivation, helping them 
maintain a sense of direction and achievement as their thinking advances. Context creation, 
by generating realistic and complex task contexts, stimulates students’ desire to explore and 
emotional engagement. The synergy between the two cultivates a virtuous cycle of cognitive 
engagement and psychological drive, providing solid support for the stimulation and 
sustainability of creative thinking.
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4　Design and Development of a GenAI Multi-Agent Collaborative System for 
Cultivating Creative Thinking

The preceding sections systematically demonstrate GenAI’s deep alignment with creative 
thinking in key dimensions such as language generation, knowledge integration, emotion 
regulation, and context creation. However, to systematically integrate these intelligent 
capabilities into operational solutions for educational practice, relying solely on general 
LLMs or single agents is inadequate to accommodate individual differences, task complexity, 
and cognitive stages in the learning process. An agent is a system that can autonomously perform 
perception, planning, action, and decision adjustment. Multiple agents in the same environment 
can share knowledge and memory and, through cooperation and collaboration, enhance the 
adaptability, efficiency, and quality of task completion (Hong et al., 2024). Therefore, this study 
constructs a GenAI multi-agent collaborative system oriented toward cultivating creative thinking. 
This system emphasizes the diversity and specialization of agent roles while focusing on their 
orderly scheduling in dynamic tasks and knowledge–graph–driven content generation capabilities. 
It is designed to provide students with immersive, coherent, and high-quality joint cognitive 
and psychological support in the process of creative problem solving, thereby stimulating the 
occurrence of their creative thinking. The framework of this system is illustrated in Figure 1.

4.1　Role Positioning and Main Functions of the Multi-Agent System
This study aims to promote GenAI’s deep support for the development of students’ creative 
thinking. Drawing on the theories of cognitive processes and psychological foundations of 
creative thinking, and following the dual-track logic of thinking development stages and 
psychological driver characteristics, it establishes six types of agents. Each type of agent 
corresponds to a key deficiency in the cultivation of students’ creative thinking. It leverages 
LLM-driven prompt design, knowledge graph support, and strategy library invocation to 
deliver targeted responses, thereby realizing the implementation of theoretical objectives.

On the cognitive process dimension, this study refers to the four-stage model of creative 
thinking proposed by Wallas (1926), namely the stages of preparation, incubation, 
illumination, and verification. This model emphasizes the stage-based and generative nature 
of the creative cognitive process and has been widely applied in the systematic construction 
of creativity assessment and instructional intervention. Accordingly, this study constructs four 
types of agents oriented toward the cognitive processing process, corresponding respectively 
to the four key stages of thinking, namely, activation, development, deepening, and reflection. 
On the psychological foundation dimension, this study establishes two types of agents, 
focusing respectively on the two key points of the psychological mechanism, namely, emotion 
regulation and motivation stimulation. All agents correspond to the core obstacles students 
encounter in creative problem solving. Through technical means such as prompt word templates, 
knowledge graph invocation, and strategy library support, they transform theoretical objectives 
into operational functional mechanisms. The specific design is shown in Table 1.
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Table 1
Agent Categories and Their Functions

Agent 
category

Corresponding 
stage

Main function Technical implementation 
method

Specific student 
dilemma 

addressed

Cognitive 
activation 
agent

Activation 
stage

Activate 
problem 
awareness 
and mobilize 
background 
knowledge

Set up prompt templates for 
open-ended questioning, 
counter-intuitive inquiry, 
and context reconstruction 
to help students identify 
learning problems

Lack of problem 
awareness and 
background 
entry points, 
making it difficult 
to engage in the 
task

(To be continued)

Figure 1
Framework of the GenAI Multi-Agent Collaborative System for Cultivating Creative Thinking
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Agent 
category

Corresponding 
stage

Main function Technical implementation 
method

Specific student 
dilemma 

addressed

Knowledge 
generation 
agent

Incubation/
development 
stage

Guide cross-
domain 
knowledge 
integration 
and multi-
pathway idea 
generation

Invoke the task–knowledge–
thinking knowledge graph, 
retrieve relevant knowledge 
nodes across domains such 
as education, psychology, 
and computer science 
needed for task solving, and 
provide knowledge support

Lack of adequate 
knowledge 
support in 
creative 
conception, 
resulting in 
vague ideas

Associate 
construction 
agent

Deepening 
stage

Activate remote 
associates 
and 
promote an 
advancement 
in thinking

Invoke prompt templates 
for analogy, metaphor, 
and reverse thinking to 
guide students to generate 
associations from different 
perspectives

Stick to a single 
solution 
pathway and 
lack creativity

Thinking 
evaluation 
agent

Reflection 
stage

Support 
solution 
optimization 
and reflection, 
and enhance 
metacognitive 
ability

Set up a three-dimensional 
evaluation index of novelty–
appropriateness–feasibility, 
invoke a fuzzy logic 
reasoning module; prompts 
require the generation of 
strengths–weaknesses–
improvement suggestions 
presented in tables or bullet 
points for students’ self-
correction and iterative 
optimization of solutions

Lack of reflection

Emotion 
regulation 
agent

Accompany 
the entire 
process

Alleviate 
anxiety and 
stabilize 
emotional 
fluidity

Invoke the emotion regulation 
strategy library to generate 
mindfulness guidance or 
soothing prompts (e.g., “You 
can start from the most 
familiar angle.”) to help 
students relieve tension

High load or failure 
experiences 
lead to anxiety 
and withdrawal

Motivation 
support 
agent

Accompany 
the entire 
process

Motivate 
sustained 
engagement 
and enhance 
self-efficacy

Push stage-specific goal 
prompts or model cases 
at key nodes; prompts 
generate motivational 
feedback such as “You have 
completed X%, next you 
can try Y.” to dynamically 
maintain students’ sense of 
task value and self-efficacy

Motivation 
declines in 
long-term 
tasks, leading 
to burnout or 
procrastination

(Continued)
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4.2　Dynamic Collaborative Scheduling Mechanism of the Multi-Agent System
In a GenAI multi-agent collaborative system, reasonable role division and functional 
positioning alone are insufficient to achieve efficient collaboration. Different agents 
need to participate dynamically, be invoked flexibly, and produce alternating outputs as 
tasks progress, which requires the system to possess a dynamic multi-agent collaborative 
scheduling mechanism.

4.2.1　Intention Recognition and Task Stage Determination Strategy

The effective scheduling of a multi-agent system is premised on accurately recognizing 
learners’ input intentions. Based on GenAI’s language processing capabilities, this system 
integrates technical approaches such as semantic parsing and keyword extraction to 
conduct multi-dimensional analysis of students’ input texts, thereby extracting their latent 
intentions. Specifically, this includes identifying the student’s type of interaction need, such 
as information seeking, expression feedback, or problem solving. It further infers their 
task stage, such as task perception, plan conceptualization, and expression optimization, 
by combining context and historical interaction trajectories. Subsequently, the intention 
recognition results are transmitted to the scheduling module in the form of structured labels, 
serving as the basis for agent invocation.

4.2.2　Agent Matching and Scheduling Response Strategy

After completing user intention and task stage recognition, the system schedules and 
prioritizes available agents based on a set of predefined strategy rules, thereby realizing the 
most suitable intelligent response combination. The scheduling strategy is mainly based 
on the following two types of indicators. First, the task stage function mapping rule, which 
clarifies the types of agents required at different stages. For instance, the idea generation 
stage prioritizes matching the cognitive activation agent and the knowledge generation agent. 
Second, the psychological state intervention strategy rule, where the system can judge the 
learner’s psychological state based on emotional signals or response behaviors in the learner’s 
input, triggering timely intervention by the emotion regulation agent or the motivation support 
agent. Third, the context consistency and agent redundancy avoidance mechanism, which 
avoids content repetition or invalid invocation by searching dialogue memory. Ultimately, the 
scheduling result forms a set of agent task configurations with a clear division of labor and 
temporal logic for the next stage of combined generation.

The response strategy for invoking agents follows the scheduling algorithm below: For the 
agent set A = {a1, a2, ..., an} in the GenAI multi-agent collaborative system, a multi-factor 
priority scoring function is defined for each agent, as shown in Equation 1.

	 Score(ai ) = α·TaskFit(ai ) + β·EmotionFit(ai ) + γ·Context(ai ).� (1)
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Here, TaskFit(ai) represents the agent’s degree of fit for the current task stage. EmotionFit (ai) 
represents the agent’s adaptability to the current emotional state. It is calculated based on 
emotional analysis and the emotional categories that agent ai can respond to. Context (ai) 
represents the penalty score derived from the agent redundancy avoidance mechanism. α, β, 
and γ are adjustable weights.

4.2.3　Combined Output and Integration Strategy

After multiple agents complete their response generation, the system strategically integrates 
the outputs based on the student’s input content in the current dialogue turn and the historical 
interaction records. This system does not rely on complex fusion algorithms or semantic 
weight ranking. Instead, it completes the combination and unified presentation of agent 
responses based on task-oriented prompt templates. First, according to the specific task needs 
corresponding to the student’s input (e.g., divergent suggestions, expression polishing, plan 
evaluation, or emotional support), the system filters out relevant agent responses to avoid 
information interference. Second, the outputs of all agents are embedded into uniformly 
structured prompt templates, such as “You can try...” or “If you look at it from another 
perspective...,” ensuring that the feedback is semantically clear and stylistically consistent. 
If the student’s input intention is unclear, the system can backtrack to previous dialogue 
turns and optimize the response based on invocation records, avoiding repetitive content or 
ineffective suggestions.

4.3　Semantic Base Based on the Knowledge Graph Mechanism
Different from traditional knowledge graphs that primarily enumerate disciplinary concepts, 
this study proposes a dynamic mapping mechanism centered on task–knowledge–thinking. 
This mechanism enables the graph to directly align with students’ cognitive activities and 
expressive behaviors during creative problem solving (see Figure 2).

The graph adopts a three-layer semantic structure. The bottom layer is the knowledge 
support layer, which consists of four types of knowledge components, namely, concept, 
principle, strategy, and expression. These components respectively carry disciplinary 
terminology, reasoning logic, generation strategies, and multimodal expression resources. 
Relevant nodes can form a composable and retrievable knowledge network via semantic 
edges, including “support, causality, dependency, and application.” Additionally, this 
layer incorporates semantic roaming and cross-domain linking mechanisms to support 
interdisciplinary integration and thinking leaps. The middle layer is the task system layer, 
with typical task types serving as the core nodes. Based on their complexity and creative 
demands, these tasks are divided into three categories, namely, reproduction, transformation, 
and innovation. Reproduction tasks emphasize the structured representation of knowledge. 
Transformation tasks focus on restructuring and reworking knowledge across modalities 



WANG Zhaoxue, WU Fati, GUO Zihan, ZHANG Muhua138

Figure 2
Knowledge Graph Construction for Cultivating Creative Thinking
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or styles. Innovation tasks require students to propose original solutions by synthesizing 
their existing knowledge. This layer supports the progressive development of students’ 
cognitive stages while providing semantic anchors for agent-task matching and prompt 
generation. The top layer is the thinking generation layer, which corresponds to four 
core dimensions of creative thinking: divergence, originality, flexibility, and elaboration. 
By tracking task pathways and knowledge invocation trajectories, it enables the reverse 
inference of students’ thinking patterns and the visualization of their cognitive evolution. 
Additionally, it provides a data foundation for process evaluation and personalized feedback.

In terms of technical implementation, the knowledge graph constructed in this study adopts 
an automated knowledge extraction and graph database implementation process driven by 
an LLM. This design supports knowledge scheduling and cognitive pathway tracking for the 
multi-agent collaborative system in complex tasks.

4.3.1　Knowledge Graph Generation Method

The system extracts structured knowledge from multi-source heterogeneous data. First, 
disciplinary and domain knowledge documents, such as course handouts, professional 
textbooks, experimental guidebooks, and case analysis texts, provide conceptual,  
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principle, and methodological support. Second, project and task files, including research plans, 
project descriptions, experimental records, and design sketches, reflect real-world problem-
solving processes and contexts. Third, open web and academic resources, such as academic 
papers, technical standards, patent descriptions, professional Q&A posts, and project practice 
sharing, offer cross-domain knowledge linkages and strategic inspiration. The formats include 
PDF files, Word documents, web texts, academic repository data, and so forth. To address the 
characteristics of varying text lengths, diverse formats, and high information noise, this study 
uses the LangChain framework for paragraph-level segmentation and semantic parsing to 
realize text chunking and vectorization.

The study utilizes ChatGPT to perform semantic analysis and structured extraction on 
input texts and generate semantic triples, which are structural units in the form of head entity, 
relation, and tail entity. Assuming the input text chunk is T, the goal of the LLM is to learn a 
mapping function fLLM, as shown in Equation 2:

	 fLLM: T→ {(hi, ri, ti, Ai)} ni = 1.�  (2)

Here, hi is the head entity, ri is the relation, ti is the tail entity. Ai is the attribute set, such as 
time, location, and quantity.

After completing information extraction, all structured data are mapped into node and 
relationship structures conforming to the Neo4j graph database specification, and written into 
the graph database via Cypher statements to achieve the storage of the knowledge graph. The 
construction process in the graph database can be formalized as follows.

Node set V: V = {v | v = hi or v = ti}, where v represents a node in the knowledge graph;
Relation set E: E = {ei = (hi, ri, ti)}, where ei represents a triple;
Attribute set: ∀v ∈ V, Av = {k: vk}, where k denotes the attribute name and vk denotes the 

specific attribute value. All extracted triples and their attributes are written into the Neo4j 
graph database using the Cypher query language. This creates a scalable and queryable 
knowledge network and achieves the automatic implementation from text semantics to 
structured knowledge.

4.3.2　Graph Layer Connection and Semantic Mapping Technology

The graph adopts a three-layer semantic structure of knowledge–task–thinking and realizes 
logical connectivity between layers through cross-layer triples and semantic relation mapping.

The bottom knowledge support layer consists of concept, principle, strategy, and expression 
nodes, providing semantic support for the task system layer. When a mapping is established 
between a knowledge node and a task node, the system generates a cross-layer triple, as 
shown in Equation 3.

	 T = (HLn, R, TLn+1), n ∈ {1, 2}.� (3)

Specifically, HLn represents the head node of layer Ln (i.e., the semantic unit in the source 
layer). TLn+1 represents the tail node of layer Ln+1 (i.e., the associated element in the target layer). R 
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represents the semantic relation between the two (i.e., “support,” “stimulate,” and “transfer to”).
Taking a typical cross-layer triple as an example, if Knowledge = principle knowledge ∈ 

HL1, Task = reproduction task ∈ TL2, and r1 = cognitive support ∈ R, then this triple can be 
expressed as Equation 4:

	 T1 = (Knowledge, r1, Task).� (4)

That is, the knowledge type “principle knowledge” provides cognitive support for the 
“reproduction task.”

Furthermore, the task nodes also form connections with the thinking dimension nodes in 
the thinking generation layer, generating task-thinking cross-layer triples:

For example, if the thinking performance required by a reproduction task is “flexibility,” 
the resulting triple is shown in Equation 5:

	 T2 = (Task, r2, Thinking).� (5)

At this point, Task = reproduction task ∈ HL2, r2 = guide ∈ R, Thinking = flexibility ∈ TL3.
This indicates that the task activates knowledge reorganization and analogy, guiding students to 

demonstrate thinking flexibility in terms of expression style and perspective shifting.
In summary, the system constructs the cross-layer triples shown in Equation 4 and Equation 

5 to establish a logical advancement chain, namely, principle knowledge–reproduction tasks–
flexible thinking. It constructs a layered semantic projection that moves from knowledge 
activation to task generation and then to thinking manifestations. This design provides 
structured pathway support for the systematic tracking of cognitive evolution and process 
evaluation.

5　Experimental Design of Human–Machine Collaborative Creative Problem 
Solving Embedded with the Multi-Agent Collaborative System

5.1　Participants and Research Design
This study adopts a quasi-experimental design to explore the operational mechanism 
through which a multi-agent system supported by GenAI affects college students’ creative 
thinking development. The participants are undergraduates from a teacher education 
program at a comprehensive university, with a total of 70 students. Based on gender and 
major concentration from a pre-questionnaire, balanced grouping is conducted to ensure 
comparability between groups, with 35 students in each group.

The experimental group uses a GenAI-based multi-agent system during tasks. This system 
consists of multiple functionally complementary agents working together, providing multi-
dimensional assistance such as heuristic guidance, instant feedback, idea integration, and 
emotion regulation. The control group uses a single-agent system designed for general 
purposes. It mainly offers conventional question-answering support and lacks mechanisms for 
multi-role division and collaboration. The comparison between the two groups aims to reveal 
the differences between multi-agent and single-agent environments in promoting creative 
thinking development.
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5.2　Experimental Procedure
The experiment adopts a quasi-experimental design and lasts six weeks. Before the 
experiment begins, a pretest is conducted to measure AI literacy, metacognitive style, and 
creative problem-solving ability, ensuring comparability between groups. Subsequently, 
four rounds of progressive tasks are carried out, with intervals of one to two weeks between 
rounds. Each round has no time limit, and the overall task theme is “conceptualizing and 
building an AI learning companion.” The four task stages are completed in sequence. 
Participants start by identifying learning problems and submitting a problem statement 
report. After that, they conceptualize the AI companion’s role and interaction mode and form 
a role profile and interaction plan. Subsequently, they elaborate on core functions and sub-
modules, and drawing a system function structure diagram. Finally, they integrate outcomes 
and complete a prototype design draft and application scenario description. After each task 
round, three experts use the Consensual Assessment Technique (CAT) to score the novelty 
and appropriateness of students’ outputs. The multi-round task design of this study ensures 
the observability of outcomes and avoids the contingency brought by a single experiment. 
Moreover, it allows students’ creative potential to be gradually revealed and enhanced through 
sustained interaction and iteration.

5.3　Data Collection
This study obtains three types of data. First, before the experiment, a structured 
questionnaire is used to measure students’ baseline abilities, including AI literacy 
(Cronbach’s α = 0.755) (Nong et al., 2024), metacognitive style (Harrison & Vallin, 2018), 
and creative problem-solving capacity (Cronbach’s α = 0.94) (Carmeli et al., 2013). 
Second, the outputs of all four task rounds are scored via CAT. CAT is widely regarded as 
the gold standard for assessing creative levels, especially suited for innovation evaluation 
in open-ended tasks. It relies on the independent judgment of multiple domain experts, 
ensuring fairness and diversity in evaluation while avoiding the constraints of objective 
scoring criteria. This study invites three experts with teaching experience to anonymously 
score students’ works based on the two dimensions of novelty and appropriateness. After 
that, scoring consistency is tested using Kendall’s W (novelty W = 0.812; appropriateness  
W = 0.794, both p < 0.01), which indicates high consistency in the evaluation results. 
Finally, interaction logs between students and the multi-agent system are collected to 
characterize the roles of different agents in creative tasks.

5.4　Results
5.4.1　Analysis of Pretest Data

Prior to the formal creative problem-solving task, researchers conduct a pretest on key 
variables, such as AI literacy, metacognitive styles, and creative problem-solving capacities. 
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The pretest ensures comparable baselines between the experimental group and the control 
group and minimizes the interference of non-experimental variables on the research 
conclusions. Subsequently, an independent sample t-test is used to statistically examine the 
differences in the pretest data between the two groups. The test results show that there are 
no significant differences between the experimental group and the control group in pretest 
scores on dimensions such as AI literacy (p = 0.312 > 0.05), metacognitive style (p = 0.274 
> 0.05), and creative problem-solving capacity (p = 0.198 > 0.05). This indicates that prior to 
the formal experiment, the two groups are relatively homogeneous on these core variables, 
thereby highly comparable. This provides a solid foundation for comparing the effects of the 
subsequent intervention.

5.4.2　Analysis of the Overall Effect of Creative Thinking Scores

To examine whether changes in learners’ creative task outcome scores are affected by the 
interaction between group (experimental vs. control) and task stage, this study adopts repeated 
measures analysis of variance (RMANOVA) to statistically analyze the evolution trend of 
the four creative thinking scores of students in both groups. Prior to the main analysis, the 
Shapiro–Wilk normality test is conducted for each group, confirming that the data in all 
groups are normally distributed. Mauchly’s sphericity test for creative thinking scores across 
the four experiments indicates that the sphericity assumption is not violated (W = 0.908, χ2 =  
6.411, df = 3, p = 0.268 > 0.05). Therefore, uncorrected results are used in the subsequent 
analyses. In other words, the measurement results of the four stages satisfy the required 
statistical conditions, ensuring the validity of the variance analysis.

The RMANOVA results demonstrate that the main effect of task stage is significant (F = 
24.666, p < 0.001, η2 = 0.266), indicating that there are significant differences in students’ 
creative thinking levels across the four tasks. The main effect of the group is also significant 
(F = 73.807, p < 0.001, η2 = 0.520), indicating that there is a significant difference in the 
overall score levels between the experimental group and the control group. Furthermore, the 
interaction effect between task stage and group is significant (F = 5.719, p < 0.001, η2 = 0.078), 
and the data results indicate that the change trends of the two groups of students at different 
task stages are not consistent.

5.4.3　Between-Group Differences and Stage-Based Evolution Patterns of Creative Thinking 

Scores

To visually present the differences between the two groups in creative thinking performance, 
this study compares the mean values across the four stages (see Table 2). The experimental 
group’s scores are consistently higher than those of the control group, and the gap 
progressively widens as the tasks advance.
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Table 2
Within-Group Stage-Based Evolution and Between-Group Comparison of Creative Thinking 

Scores across the Four Tasks

T1 T2 T3 T4 F p

Control 24.60 ± 2.81b 25.49 ± 2.69ab 26.66 ± 2.74a 26.80 ± 3.10a 4.685 0.004

Experimental 26.23 ± 3.02c 27.63 ± 3.30bc 29.57 ± 3.01b 32.37 ± 3.58a 23.653 < 0.001

t −2.336 −2.976 −4.231 −6.954

p 0.022 0.004 < 0.001 < 0.001

Note. Different superscript letters indicate significant differences between task stages within the same group (p < 
0.05), while identical letters indicate non-significant differences.

Furthermore, this study conducts a simple effects analysis of the between-group differences 
at each stage. The overall difference between the experimental group and the control group 
is significant. The between-group difference is significant at T1 (t = −2.336, p = 0.022) and 
gradually expands as the tasks proceed. By stage T4, the difference between the experimental 
group and the control group reaches its maximum (t = −6.954, p < 0.001).

Furthermore, this study examines the stage at which advancing creative thinking 
occurs. Bonferroni post hoc comparisons reveal that in the experimental group, scores rise 
continuously across the four task stages, with significant differences between each stage  
(F = 23.653, p < 0.001). The largest increase occurs from T3 to T4. This indicates that as the 
experiment proceeds, the enhancement effect on creative thinking in the experimental group 
becomes more pronounced. In contrast, in the control group, although scores show a certain 
upward trend, the magnitude of change is smaller (F = 4.685, p = 0.004), and there is no 
significant difference between T2 and T3.

5.4.4　Analysis of the Relationship between Multi-Agent System Invocation Structure and Creative 

Thinking Development

This study draws on the behavioral data generated from the interactions the students from 
the experimental group have with the system during four rounds of creative problem-solving 
tasks. It analyzes the invocation structure and change trends across the six types of functional 
agents. The evolution of agent invocation frequency reveals students’ demand characteristics 
for cognitive and emotional support at different task stages. Moreover, this study explores the 
process mechanism by which the multi-agent system facilitates the advancement in creative 
thinking (see Figure 3).

(1) Motivation and emotion support agents: Transformation from external regulation to 
personalized adaptation. In the initial stage of the tasks, the emotion regulation agent (5.48) 
and the motivation support agent (4.94) are invoked with high frequency. This indicates that 
students urgently need external systems to provide emotional stabilization and motivational 
activation when facing unfamiliar tasks. As task familiarity increases and self-efficacy 
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Figure 3
Line Chart of Multi-Agent System Invocation Frequency
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strengthens, the invocation frequencies of both agents gradually decline to 2.63 and 2.05, 
respectively, in Task 4. This reflects that learners gradually develop stronger internal regulation 
abilities and cease to depend on external regulation mechanisms to sustain task engagement.

(2) Cognitive processing support agents: From stimulation and guidance to deep 
generation. The invocation evolution of cognitive processing agents reflects the gradual 
deepening of students’ cognitive pathways. The cognitive activation agent reaches its peak 
invocation in Task 2 (8.57) before declining slightly. This indicates that its primary role is 
concentrated in the early stages, stimulating problem awareness and activating thinking. The 
associate construction agent maintains high invocation frequencies in Tasks 3 and 4 (7.77 
and 7.88, respectively). This suggests that in the middle-to-late stages, students rely more on 
the system for organizing and expanding multidirectional thinking. Notably, the invocation 
frequency of the knowledge generation agent rises sharply from 3.22 in Task 1 to 8.41 in 
Task 4. This trend demonstrates a shift in students’ cognitive processing from initial external 
stimulation toward in-depth construction and complex knowledge integration.

A comprehensive analysis reveals a clear shift in invocation structure as tasks progress. In 
the initial stage, students rely primarily on stimulation and motivational mobilization. In the 
middle stage, they draw more upon knowledge generation and emotion regulation. In the later 
stage, their dependence shifts toward associate construction and knowledge generation. This 
trajectory maps directly onto the generative pathway of creative thinking from initiation and 
development to optimization during interaction.

6　Discussions
6.1　The Dynamic Enhancement Effect of Creative Thinking Supported by GenAI
First, creative thinking development is not a fixed and unchanging ability but a dynamic 
process that can be activated and enhanced with the support of GenAI. This study provides 
empirical support for this view. During the six-week process in which both the experimental 
group and the control group use different GenAI systems for creative problem solving, 
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students’ creative performance shows significant progressive changes. This indicates that 
creative thinking development does not rely solely on individual endowments but can achieve 
new leaps through the support of GenAI. Through instant feedback, knowledge connections, 
and multimodal inspiration, GenAI creates a dynamically evolving cognitive space for 
students. Students are able to continuously reorganize their thinking representations via 
repeated attempts and revisions, gradually advancing toward higher-level creative output. 
This aligns with Amabile’s emphasis on the role of an external supportive environment.

Second, the experimental group significantly outperforms the control group overall, while 
the interaction between task stage and group is significant. This indicates that the multi-
agent system possesses an advantage over the single-agent system in fostering creative 
thinking. Compared with the control group, the experimental group scores higher in the 
initial stage. This advantage becomes increasingly pronounced as the tasks advance. This 
finding is consistent with Lin et al. (2025), who argue that LLM-driven multi-agent systems 
can systematically stimulate complex thinking structures. It resonates with the view that AI 
should amplify rather than replace human creative potential (Urmeneta & Romero, 2025).

6.2　The Stage-Based Advancement Pattern of Creative Thinking Development Supported 
by the Multi-Agent System

This study provides empirical evidence on when and how GenAI can be integrated into 
education to foster creative thinking development. The findings demonstrate that advancing 
creative thinking supported by GenAI-based multi-agent systems does not occur uniformly, 
instead being concentrated in the middle-to-late stages of the tasks. Post hoc comparison 
results reveal stage-based differences in creative thinking development. Specifically, the 
experimental group’s scores show limited improvement in the early stages, whereas they 
increase significantly in the middle-to-late stages with substantial improvements. This 
indicates that the development of students’ creative thinking is not linear and uniform; instead, 
it undergoes a greater acceleration and a more pronounced advancement during the middle-
to-late stages. This pattern suggests that multi-agent support goes beyond merely providing 
direct assistance in the early stage. Through sustained role division, viewpoint confrontation, 
and dynamic feedback, it gradually facilitates the occurrence of students’ representation 
reorganization and remote association. This process ultimately leads to a qualitative change in 
creative thinking during the middle-to-late stages. This aligns with the classic creative thinking 
process model of preparation–incubation–illumination–verification proposed by Wallas. To 
elaborate, students complete the necessary preparation and accumulation in the earlier stages. 
With the guidance and stimulation of the multi-agent system, they tend to trigger breakthroughs 
in the illumination and verification stages in the later phase. In addition, recent research points 
out that multi-agent systems possess the ability to simulate real collaboration processes, 
demonstrate cognitive diversity, and implement role division mechanisms, further promoting 
creative thinking development (Sorour et al., 2024). This finding is consistent with the  
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conclusions of this study. Therefore, multi-agent support is a key mechanism driving creative 
thinking from gradual development to a stage-based advancement.

6.3　Multi-Agent Interaction Behavior Mapping the Pathway of Creative Thinking 
Development

In this study, the system records students’ interaction behaviors with the six types of 
functional agents. A coupled analysis of task progression and changes in creative performance 
reveals the following typical pathway characteristics in creative thinking development: 
Interaction behavior exhibits a cognitive shift from reliance on external guidance to internally 
driven generative integration. In the initial tasks, students heavily invoke agents such as the 
cognitive activation agent and the motivation support agent to activate thinking direction and 
maintain motivation. As the tasks deepen, they increasingly adopt the knowledge generation 
agent and the thinking evaluation agent. This shift reflects that their thinking activities are 
moving from being emotionally driven to rationally organized and from inspiration generation 
to systematic expression.

Therefore, this study offers three insights for the design of future intelligent systems. 
Firstly, stage sensitivity rather than task-drivenness needs to serve as the core parameter of the 
system’s response logic. The system identifies which thinking stage (e.g., problem activation, 
information integration, structural reconstruction) a learner is situated in and dynamically 
schedules the appropriate agent accordingly, rather than merely responding to surface-level 
input. Therefore, precise process evaluation of creative thinking is indispensable. Secondly, 
advancing creative thinking often occurs at moments of sufficient cognitive preparation, 
emotional stability, and heightened motivation. Therefore, it is necessary for future systems 
to place greater emphasis on coupled monitoring and intervention coordination of multi-
dimensional states. Finally, these agents go beyond responding to students’ current input. 
Moreover, they recognize their task history, dialogue context, behavioral patterns, and 
changes in thinking pathways. Accordingly, they dynamically determine students’ cognitive 
stages and psychological states and invoke appropriate support strategies.

Overall, interaction behavior serves as process evidence of technological intervention 
and a window for observing changes in students’ thinking and the system’s effectiveness. A 
valuable intelligent system should not be a strong assistant that relies on frequent interaction 
but a cognitive companion capable of timely withdrawal, precise embedding, and continuous 
reflection.

6.4　Deepening Pathways for GenAI to Promote Creative Thinking Development
Future multi-agent collaborative systems for creative thinking development are required 
to strengthen three key aspects in terms of design. First, current collaboration mechanisms 
among agents mainly rely on preset rules and keyword triggers, lacking the ability to 
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accurately perceive and self-regulate according to students’ real-time learning states and task 
progress. This indicates that although instant feedback is swift, it may bring negative effects 
such as reduced self-efficacy or narrowed thinking if the feedback quality is insufficient or 
its content exceeds learners’ zone of proximal development. Therefore, future research needs 
to introduce more refined regulation mechanisms into the system to ensure the accuracy 
and appropriateness of feedback, fully enabling its role in promoting metacognition and 
motivation. Second, the field needs to expand from individual support to collaborative co-
creation. As Sawyer (2007) points out, creativity does not simply stem from individual 
cognitive processing but rather is a systemic product that emerges in the collaborative process. 
Collaborative interaction can provide individuals with multi-dimensional support through 
perspective intersection, cognitive activation, and social feedback. This breaks cognitive 
inertia and stimulates multi-pathway thinking generation, allowing research to extend from 
individual support to collaborative co-creation. Future research can expand into human–
machine–group co-creation scenarios. In these settings, GenAI acts not merely as a student’s 
assistant but as a co-creator that engages in conception, reflection, and expression. This 
reshapes interaction relationships and output structures in collaborative learning and project-
based learning. Furthermore, the intervention methods of psychological support agents (e.g., 
emotion regulation and motivation activation) remain relatively simplistic, making it difficult 
to comprehensively respond to learners’ complex and changeable emotional and motivational 
states. Therefore, future systems are advised to introduce multimodal recognition (e.g., facial 
expression, voice, behavioral rhythm) and personalized profile generation mechanisms. These 
would enable precise assessment of students’ states and the matching of differentiated support 
strategies, allowing for a more elaborate and flexible psychological intervention logic.

7　Conclusions
Education, as an endeavor to shape “humans,” is essentially about activating thinking and 
guiding values (Zhu et al., 2025). This study constructs a multi-agent collaborative system 
supported by GenAI and explores the advancement patterns of students’ creative thinking 
across four consecutive rounds of creative problem-solving tasks. The results demonstrate 
that the system significantly enhances students’ creative output and cognitive engagement. 
Notably, it enables an advancement from shallow generation to deep structural reorganization 
at key nodes in the development of thinking. The study indicates that a multi-agent system 
with appropriate role division can provide a more ecological and personalized support 
pathway for the generation of higher-order thinking abilities. This works through the synergy 
of cognitive guidance and emotional regulation. In the future, how to continuously embed 
such intelligent systems into real-world creative problem-solving scenarios and build an 
innovative teaching ecology of human–machine collaboration will be a key direction for 
promoting the transformation toward intelligent education.
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