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Introduction

Nguyen Thanh Huy , Pham Quang Minh , Le Thi Bich1* 1 2

The integration of artificial intelligence (AI) into materials science represents a paradigm shift in how scientific
creativity is manifested and harnessed. This conceptual paper develops a novel theoretical framework for
understanding AI-mediated hypothesis generation, emphasizing its role in enhancing scientific creativity within
materials discovery and design. Traditional hypothesis generation in materials science relies on human intuition,
empirical observation, and theoretical deduction, often constrained by cognitive limitations and the vast complexity of
material systems. AI, through machine learning algorithms and generative models, augments this process by enabling
rapid pattern recognition, simulation of hypothetical scenarios, and exploration of uncharted chemical spaces. The
proposed framework, termed the symbiotic creativity cycle (SCC), posits a dynamic interplay between human and AI
agents, where AI serves as a cognitive amplifier, facilitating divergent exploration and convergent refinement of
hypotheses. This cycle incorporates iterative feedback loops that integrate domain knowledge with data-driven
insights, fostering emergent creativity that transcends individual capabilities. Key elements includeAI’s ability to handle
multidimensional data, predict material properties, and generate novel conceptual blends. The framework highlights
potential applications for accelerating discoveries in advanced alloys, nanomaterials, and energy storage materials,
while addressing challenges such as interpretability and ethical integration. By reconceptualizing scientific creativity as
a hybrid human-AI endeavor, this paper lays the foundation for future theoretical developments and practical
applications in applied artificial intelligence for materials science. Ultimately, AI-mediated hypothesis generation
promises to democratize innovation, enabling more efficient navigation of the materials design landscape.

1

2

Materials science occupies a central position at the intersection of physics, chemistry, and engineering, underpinning
technological advances across domains ranging from renewable energy systems to biomedical devices. A persistent
challenge within the field is the discovery and design of materials with precisely tailored properties to meet evolving
societal and industrial demands, including sustainable energy storage, lightweight structural components, and
biocompatible implants. Historically, progress has relied on a combination of experimental trial-and-error, theoretical
modeling, and incremental empirical insight. While these approaches have yielded substantial advances, they are
inherently constrained by the vastness and complexity of materials design spaces. The rapid expansion of computational
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resources and data availability has therefore catalyzed interest in data-driven methodologies, particularly those
associated with artificial intelligence (AI) and machine learning (ML) [1, 2].

The integration of AI into materials research represents a methodological shift rather than a simple increase in
computational throughput. Data-driven models have demonstrated effectiveness in property prediction, structure–property
mapping, and inverse design, where target functionalities guide the identification of candidate compositions and
structures [3]. Despite this progress, the role of AI in earlier epistemic stages of scientific inquiry—most notably
hypothesis generation—remains comparatively underexamined. Hypothesis generation constitutes a foundational
component of scientific practice, involving the formulation of testable propositions that explain observed phenomena or
anticipate emergent behavior [4]. Unlike predictive tasks, this process is inherently exploratory and synthetic, requiring the
integration of prior knowledge with speculative reasoning under uncertainty.

Scientific creativity in materials research encompasses both divergent and convergent cognitive processes, including the
generation of multiple candidate ideas and their subsequent refinement toward physically and chemically plausible
solutions. These processes often rely on analogical reasoning, whereby concepts from one materials system or domain
inform another, as well as abductive inference, which seeks the most plausible explanatory hypothesis for observed data
patterns [5]. A long-standing limitation in this context is the combinatorial explosion of materials parameter spaces. The
number of possible compositions, structures, and processing conditions increases exponentially with system complexity,
quickly exceeding the capacity of exhaustive experimental or computational exploration—a challenge commonly
described as the curse of dimensionality [6]. For example, multicomponent alloy systems may involve billions of distinct
compositional permutations, rendering systematic search infeasible [7].

Machine learning methods provide formal mechanisms for navigating such high-dimensional spaces by extracting
regularities from large, heterogeneous datasets. Techniques, including deep neural networks and generative models,
have been widely applied to identify latent relationships among composition, structure, and properties [8]. Recent
developments extend these capabilities beyond forward prediction, enabling the systematic proposal of candidate
material configurations that satisfy specified constraints or objectives [9]. Conceptually, these developments raise
important questions about how hypotheses are formed, evaluated, and refined within materials research workflows.
Rather than arising solely from manual synthesis of theory and experiment, hypothesis formation increasingly involves
iterative interaction between computational inference and expert scientific judgment. Large-scale screening studies
illustrate that such approaches can reveal stable or functional material candidates that would be unlikely to emerge from
conventional heuristic exploration alone [10].

The intellectual foundations of this shift can be traced to theories of creativity that characterize innovation as a
recombinatorial process, in which existing conceptual elements are reorganized into novel configurations [11]. In
materials science, recombination manifests through the rearrangement of atomic motifs, bonding environments, or
functional substructures to yield emergent properties. Latent-space modeling approaches, such as variational
autoencoders (VAEs), provide mathematical tools for exploring such recombinations by embedding materials
representations into continuous spaces amenable to interpolation and extrapolation [12]. However, the increasing reliance
on these methods raises unresolved conceptual issues. Distinguishing genuine scientific novelty from statistical
extrapolation, assessing the relevance of proposed hypotheses, and clarifying the roles of computational inference and
human interpretation remain open challenges.

This paper addresses these issues through a conceptual and theoretical analysis rather than empirical validation. Building
on existing literature, it advances an original synthesis that examines how hypothesis generation in materials science is
shaped by interactions between data-driven inference, domain knowledge, and scientific reasoning. This perspective
differs from dominant approaches that emphasize predictive performance in isolation [13], instead foregrounding the
epistemic structure of hypothesis formation itself.
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Theoretical Background and Literature Synthesis

The relevance of this inquiry is underscored by the urgency of contemporary global challenges. Climate mitigation
demands materials optimized for energy conversion, storage, and carbon capture, while advances in healthcare
increasingly depend on materials designed for biological compatibility and patient-specific functionality [14]. Improving the
efficiency and robustness of hypothesis generation can shorten the trajectory from conceptual exploration to experimental
validation. For example, data-driven studies in electrochemical energy storage have identified previously unexplored
electrolyte candidates with favorable transport properties, accelerating early-stage discovery processes that traditionally
span years [15].

More broadly, this work aligns with interdisciplinary trends in applied AI, where concepts and methods transfer across
materials science, biology, and physics, informing areas such as biomimetic design and quantum materials research [16].
Nevertheless, a clear theoretical gap persists: most existing studies focus on accuracy, scalability, or computational
efficiency, offering limited insight into how data-driven methods reshape the creative and epistemic dimensions of
scientific practice [17]. By synthesizing perspectives from materials informatics and theories of scientific creativity, this
paper aims to clarify that relationship.

In summary, this work positions hypothesis generation as a critical and under-theorized dimension of AI-enabled materials
research. By examining how data-driven inference intersects with scientific creativity, it contributes a conceptual
foundation for understanding and guiding future materials discovery workflows.

AI applications in materials science
Artificial intelligence has permeated materials science, revolutionizing workflows from discovery to deployment. Early
applications focused on predictive modeling, in which ML algorithms forecast material properties from compositional and
structural descriptors [18]. For example, random forests and support vector machines have been used to predict
bandgaps in semiconductors, achieving accuracies comparable to those of density functional theory (DFT) at reduced
computational cost [19].

Advancements in deep learning have expanded AI’s scope to generative tasks. GANs and VAEs enable the creation of
virtual material libraries that simulate structures with desired traits [20]. In nanomaterials, AI has facilitated the design of
graphene derivatives with tunable electronic properties by optimizing defect patterns and doping strategies [21]. Similarly,
in polymers, neural networks predict mechanical behaviors, aiding the development of flexible electronics [22].

A key evolution is AI’s role in high-throughput screening. Integrated with databases like the Materials Project, AI
algorithms sift through millions of candidates to identify stable compounds [23]. This data-driven approach has led to
discoveries such as novel perovskites for photovoltaics, where AI correlates crystal symmetry with optoelectronic
performance [24].

Beyond prediction, AI supports multi-scale modeling, bridging atomic-level simulations with macroscopic properties.
Physics-informed neural networks (PINNs) incorporate physical laws into the learning process, thereby enhancing the
accuracy of simulations of diffusion processes in alloys [25]. In energy materials, AI has accelerated battery research by
predicting lithium-ion intercalation sites, informing the design of high-capacity cathodes [26].

However, these applications often treat AI as a tool rather than a creative agent. Recent work explores AI’s potential for
hypothesis formulation, where generative models propose untested material configurations [27]. For instance,
reinforcement learning has been applied to optimize synthesis routes, hypothesizing intermediate states that guide
experimental validation [28].

Mechanisms of scientific creativity
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Scientific creativity is a cognitive process involving novelty, utility, and surprise, as defined in psychological frameworks
[26]. In materials science, it manifests in conceptual blending—merging disparate ideas, such as bio-inspired hierarchies
in composites. Divergent thinking generates breadth, exploring multiple possibilities, while convergent thinking narrows to
feasible hypotheses.

Cognitive science models creativity as a search in a conceptual space, constrained by prior knowledge and heuristics.
Analogical reasoning is central, transferring structures from known domains to novel ones, e.g., applying fractal geometry
to porous materials. Intuition, informed by tacit knowledge, enables leaps beyond deductive logic.

In collaborative settings, creativity emerges from interactions in which diverse perspectives spark innovation [25]. This
social dimension extends to human-AI systems, where AI provides computational diversity [26].

Challenges in materials science include cognitive overload from data volume and confirmation bias, favoring familiar
hypotheses [27]. Theoretical models suggest creativity thrives in “edge of chaos” regimes, balancing order and
randomness [28].

Intersection of AI and scientific creativity in hypothesis generation
The confluence of AI and creativity in hypothesis generation represents a fertile theoretical terrain. AI augments divergent
thinking by exploring vast parameter spaces, generating hypotheses that humans might miss due to bounded rationality
[26]. For example, in crystal structure prediction, AI has hypothesized metastable phases with unique topological
properties [20].

Generative AI fosters conceptual blending by recombining learned representations, akin to human analogy-making [21].
In materials design, this yields hybrid systems, such as metal-organic frameworks with bio-mimetic pores [22].

However, AI’s creativity is debated: it lacks intrinsic intentionality, relying on statistical patterns rather than understanding
[23]. Theoretical frameworks propose “augmented creativity,” where AI handles routine exploration, freeing humans for
high-level synthesis [24].

In hypothesis generation, AI enables abductive reasoning by inferring plausible explanations from data anomalies [25].
For instance, ML has hypothesized defect-induced ferromagnetism in 2D materials, which has guided subsequent
theories [26].

Ethical and epistemological considerations arise: AI hypotheses must be interpretable to build trust [19]. Black-box
models risk spurious correlations, necessitating hybrid approaches that integrate physical principles.

Literature synthesis reveals a shift from AI as a predictor to AI as a co-creator. Early studies emphasized ML for property
mapping, while recent work explores generative AI for hypothesis ideation. Gaps include limited theorization of human-AI
creative dynamics, which this framework addresses.

Proposed conceptual framework
The proposed conceptual framework, the symbiotic creativity cycle (SCC), conceptualizes AI-mediated hypothesis
generation as an iterative, interdependent process between human and AI agents. Unlike existing models that view AI as
a passive tool, SCC posits a symbiotic relationship where creativity emerges from mutual adaptation and feedback. This
novelty lies in framing hypothesis generation as a cycle of amplification, in which AI extends human cognitive boundaries,
and humans refine AI outputs with contextual insight.

At its core, SCC comprises four interconnected phases: exploration, synthesis, refinement, and iteration. In Exploration,
AI ingests multimodal data—structural, spectroscopic, and simulation-derived—to map the hypothesis space. Machine



Huy et al. J. Artif. Intell. Mater. Sci. (2025) 4:77
Page 5 of 11

https://doi.org//s870334768

learning techniques, such as clustering and anomaly detection, identify patterns and gaps, generating divergent
hypotheses. In materials science, this might involve screening compositional variants for superconductivity and proposing
unconventional pairings.

Synthesis follows, in which AI blends concepts using generative models such as VAEs to create hybrid hypotheses. This
phase leverages transfer learning, drawing analogies across domains, e.g., applying biological self-assembly to
nanomaterial design. Human input here injects domain expertise, ensuring relevance.

Refinement employs convergent mechanisms: AI simulates hypothesis outcomes using PINNs to predict feasibility, while
humans evaluate novelty and utility. This phase mitigates AI hallucinations by quantifying uncertainty.

Iteration closes the loop, incorporating feedback to update models. Reinforcement learning adapts AI to human
preferences, fostering co-evolution. Over cycles, SCC enhances collective creativity, yielding hypotheses with emergent
properties. The SCC circular diagram illustrating human-AI collaboration phases appears in Figure 1.

Figure 1. SCC: Circular human-AI symbiosis framework across four research phases.

Thisframework’s originality stems from its emphasis on symbiosis as a creative engine, distinct from linear pipelines. It
applies to materials challenges, such as hypothesizing quantum materials with topological protection. Potential limitations
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include data biases, addressed through diverse training sets. The functional roles of human and AI agents across the four
phases of the Symbiotic Creativity Cycle, along with their dominant creativity mechanisms and epistemic risks, are
summarized in Table 1.

Table 1. Functional roles of AI and human agents across the phases of the symbiotic creativity cycle (SCC) in materials
hypothesis generation

SCC Phase Primary AI functions Primary human
functions

Dominant
creativity

mode

Epistemic
contribution to

hypothesis
generation

Key risks if
unbalanced

Exploration High-dimensional
pattern recognition;
clustering; anomaly

detection; generative
sampling of

compositional and
structural spaces

Problem framing;
selection of

relevant variables;
interpretation of

emergent patterns

Divergent
creativity

Expansion of
hypothesis space
beyond intuitive or

heuristic boundaries;
identification of non-

obvious material
candidates

Overgeneration of
spurious or physically

implausible
hypotheses; bias
amplification from

training data

Synthesis Latent-space
recombination (e.g.,
VAEs, GANs); cross-

domain transfer
learning; analogical

blending of
representations

Domain
knowledge
injection;
constraint

specification;
plausibility

assessment

Conceptual
blending

Formation of hybrid
hypotheses that
integrate ideas

across materials
classes or
disciplines

Loss of contextual
relevance;

statistically novel but
scientifically trivial

hypotheses

Refinement Physics-informed
modeling; feasibility

screening; uncertainty
quantification;

surrogate simulation

Evaluation of
novelty, utility, and

relevance;
alignment with
experimental

realities

Convergent
creativity

Filtering of
hypotheses toward
testable, meaningful

scientific
propositions

Over-conservatism
suppressing novelty;
reliance on opaque
black-box validation

Iteration Reinforcement
learning; preference
adaptation; model
updating based on

feedback

Strategic steering;
reflective

judgment; theory
revision

Meta-
creativity
(adaptive
learning)

Progressive
alignment of AI-

generated
hypotheses with
human scientific
values and goals

Lock-in to local
optima; erosion of

exploratory diversity

Propositions
The symbiotic creativity cycle (SCC) framework yields several theoretical propositions that delineate the mechanisms,
outcomes, and boundary conditions of AI-mediated hypothesis generation in materials science. These propositions are
derived from the synthesized literature and the novel logic of symbiosis as an emergent creative process.

Proposition 1: AI-mediated hypothesis generation enhances divergent creativity in materials science by expanding the
explorable chemical and structural space beyond human cognitive limits, thereby increasing the novelty of proposed
hypotheses.
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Results and Discussion

In the exploration phase of SCC, AI employs generative models and high-dimensional pattern recognition to propose
candidates that diverge from established paradigms [18, 20, 27]. This proposition posits that the volume and diversity of
AI-generated hypotheses correlate positively with novelty scores, as measured by conceptual distance from known
materials, thereby mitigating human anchoring biases.

Proposition 2: Human-AI symbiosis in the Synthesis and Refinement phases produces hypotheses with superior utility
compared to either agent operating independently, due to complementary strengths in recombination and contextual
evaluation.

Human domain knowledge constrains AI outputs to physically plausible and synthetically viable concepts, while AI
provides combinatorial breadth. This symbiotic refinement yields hypotheses optimized for both innovation and
applicability, such as in inverse design tasks, where utility emerges from iterative feedback.

Proposition 3: Iterative cycles within SCC amplify collective creativity through adaptive learning, where successive
iterations exhibit increasing alignment between AI latent representations and human-evaluated relevance.

Reinforcement mechanisms and uncertainty-guided updates enable co-evolution, resulting in emergent patterns that
transcend initial training data. This proposition suggests a temporal trajectory of creativity, with early cycles favoring
divergence and later ones convergence toward breakthrough hypotheses.

Proposition 4: The effectiveness of AI-mediated hypothesis generation is moderated by the degree of interpretability in
AI outputs, with higher interpretability strengthening human trust and integration into the creative loop.

Black-box limitations can disrupt symbiosis if hypotheses lack a mechanistic rationale [27]. Propositions here emphasize
hybrid models incorporating physical constraints to enhance explainability, thereby sustaining productive human-AI
collaboration.

Proposition 5: SCC facilitates cross-domain transfer in hypothesis generation, enabling materials science to leverage
analogies from unrelated fields, thereby increasing the likelihood of paradigm-shifting discoveries.

Generative blending across latent spaces supports analogical leaps, such as from biological to synthetic systems. This
proposition highlights the framework’s potential for interdisciplinary creativity, where AI serves as a bridge for knowledge
recombination.

These propositions provide testable theoretical anchors for the SCC, distinguishing it from prior linear or tool-centric
models by centering emergent symbiosis.

The symbiotic creativity cycle offers a novel lens for reconceptualizing hypothesis generation as a distributed, hybrid
cognitive process in materials science. By integrating AI as a co-creative partner, SCC addresses long-standing
constraints in traditional discovery workflows, including the vastness of compositional spaces and reliance on serendipity
or incremental intuition [6, 7, 10]. Table 2 situates the SCC framework relative to traditional and contemporary AI-driven
materials discovery paradigms, highlighting its distinctive epistemic and creative contributions.

Table 2. Comparison of traditional hypothesis generation, AI-assisted discovery, and the symbiotic creativity cycle (SCC)
framework in materials science

Dimension Traditional human-led
hypothesis generation

AI-assisted (tool-centric)
discovery

Symbiotic creativity cycle (SCC)
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Role of AI Absent Computational tool for
prediction or screening

Co-creative agent embedded in
hypothesis formation

Role of a human
scientist

Sole originator and evaluator
of hypotheses

Supervisor and interpreter of
AI outputs

Creative partner providing context,
judgment, and steering

Creativity model Intuition-driven, experience-
based

Data-driven but largely
correlational

Emergent, distributed creativity
through interaction

Exploration
capacity

Severely constrained by
cognitive limits

Expanded but often
unguided

Vast, guided, and adaptive
exploration

Hypothesis
novelty

Incremental or serendipitous Potentially high but uneven Systematically enhanced through
iterative divergence

Epistemic
transparency

High (explicit reasoning) Often low (black-box
models)

Moderated through interpretability
and human grounding

Handling of
uncertainty

Implicit, experience-based Quantified but rarely
contextualized

Explicitly integrated into refinement
and iteration

Cross-domain
transfer

Rare and intuition-dependent Limited by training
distributions

Actively enabled through latent-
space recombination

Risk profile Cognitive bias; narrow search Spurious correlations;
overfitting

Balanced risk through reciprocal
constraint

Scientific outcome Hypotheses grounded but
limited in scope

Scalable but epistemically
fragile

Novel, testable, and contextually
meaningful hypotheses

Central to SCC is the notion that creativity arises not from isolated agents but from dynamic interplay. This aligns with
cognitive theories that view creativity as search and recombination in conceptual spaces [11], extended here to include
computational agents. AI’s strength in exhaustive exploration complements human capacities for abductive inference and
value judgment [5], yielding hypotheses that are simultaneously novel and grounded.

Applications of SCC span key challenges in materials science. In energy materials, the framework could accelerate the
development of hypotheses for next-generation batteries by blending electrochemical principles with unexpected
structural motifs [15, 26]. In quantum and topological materials, AI-driven analogy-making might suggest protected states
informed by condensed-matter analogies [16]. In sustainable materials, cross-domain synthesis could yield bio-inspired
designs for carbon capture or degradable polymers [10].

Theoretical implications extend beyond materials science. SCC contributes to broader discourses on augmented
intelligence, positing symbiosis as a pathway to superhuman creativity in data-rich domains [12]. It challenges
anthropocentric views of scientific creativity by demonstrating how non-intentional systems can participate in intentional
processes through structured interaction.

Challenges remain. Data biases in training corpora may propagate spurious hypotheses, necessitating diverse, curated
datasets. Interpretability gaps could erode trust, particularly for high-stakes applications. Ethical considerations include
equitable access to advanced AI tools and attribution of credit in hybrid outputs [17].

Future theoretical extensions might incorporate multi-agent architectures, where specialized AI modules handle distinct
phases, or integrate real-time experimental feedback for closed-loop refinement [28]. Longitudinal models could examine
how symbiosis evolves as AI autonomy increases.
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Conclusion
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In conclusion, SCC reframes AI not as a replacement for human creativity but as an amplifier of human creativity,
fostering a new era of collaborative discovery in materials science.

This conceptual manuscript has introduced the symbiotic creativity cycle as an original framework for AI-mediated
hypothesis generation in materials science. By synthesizing recent advancements in generative AI, machine learning, and
theories of scientific creativity, SCC conceptualizes hypothesis generation as an iterative, symbiotic process between
human and AI agents.

The framework’s phases—Exploration, Synthesis, Refinement, and Iteration—capture the dynamic amplification of
creativity, where AI extends exploratory breadth, and humans ensure contextual depth. Propositions articulate
mechanisms of novelty enhancement, symbiotic utility, iterative amplification, interpretability moderation, and cross-
domain transfer.

SCC holds promise for accelerating materials innovation amid pressing global needs, from energy transition to advanced
manufacturing. It underscores the transformative potential of applied AI when integrated thoughtfully with human
expertise.

Future work should empirically test the propositions, refine the mechanisms of symbiosis, and explore extensions to
autonomous systems. Ultimately, this framework advances the theoretical foundation for hybrid human-AI scientific
creativity, positioning materials science at the forefront of intelligent discovery.
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