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Abstract 
Generative artificial intelligence has achieved remarkable capabilities in content generation, code synthesis, 
and scientific assistance. Yet the question of whether such systems can produce breakthrough innovative 
thinking remains unresolved. This paper conducts a comprehensive literature review and critical analysis to 
address this question. This study operationalizes breakthrough innovative thinking as a five-dimensional 
construct comprising questioning default assumptions, redefining problems, cross-domain connection, 
systemic reconstruction, and rapid experimental validation. Drawing on references, this study systematically 
evaluates generative AI’s performance across these dimensions. It is found that that generative AI excels as a 
statistical association engine, demonstrating strength in cross-domain connection and combinatorial generation, 
but exhibits significant limitations in problem redefinition, causal intervention, experimental validation, and 
social value commitment. This study diagnoses the fundamental deficiency not as statistical or Bayesian 
learning per se, but as a structural mismatch between predictive objectives and the requirements of 
breakthrough innovation. The study proposes the Three-Engine Four-Layer Coupling model, which posits that 
breakthrough innovation emerges from the coupled operation of a statistical generation engine, a 
counterfactual reconstruction engine, and an experimental validation engine, operating across statistical, 
counterfactual, causal-experimental, and social-value layers. I formalize this model and derive testable 
hypotheses. It is concluded that generative AI functions as a powerful probability amplifier for breakthrough 
innovation but cannot autonomously serve as a breakthrough agent. The future path lies in constructing 
human-AI-experiment-society coupled hybrid systems. 
 
Keywords generative AI; breakthrough innovation; first principles; counterfactual reasoning; Bayesian 
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1 Introduction 
1.1 Research Background 
The rapid advancement of generative artificial intelligence (GAI) has transformed multiple domains of human 
activity (Ismayilzada et al., 2024; Zhang, 2026b-h, 2027a). Large language models demonstrate remarkable 
capabilities in natural language understanding and generation, code synthesis, and knowledge retrieval 
(Vaswani et al., 2017). Diffusion models produce images of striking fidelity through iterative denoising 
processes (Ho et al., 2020). Systems such as AlphaFold have achieved breakthrough results in protein structure 
prediction, with the AlphaFold Database now hosting approximately 214 million structures covering nearly the 
entire known protein space (Jumper et al., 2021; DeepMind, 2024). The 2024 Nobel Prize in Chemistry was 
awarded to scientists using AI for protein design and structure prediction, marking the formal arrival of the AI 
for Science era (Royal Swedish Academy of Sciences, 2024). In materials science, systems such as GNoME 
have predicted novel stable structures, and MatterGen has generated new materials with a 68% proportion of 
novel stable structures (Merchant et al., 2023; Zeni et al., 2025). 

Breakthrough innovation occupies a qualitatively different position from incremental improvement 
(Schumpeter, 1976). Schumpeter’s concept of creative destruction identified the continuous process by which 
new products and processes replace established ones as an essential feature of capitalist economies 
(Schumpeter, 1976; Aghion and Howitt, 1992). Schumpeterian growth theory has operationalized this notion 
by modeling the process through which new innovations replace older technologies (Aghion and Howitt, 1992; 
Acemoglu, 2009). Christensen’s theory of disruptive innovation specified how new technologies initially 
serving niche markets can eventually displace established firms, with well-managed companies often failing 
precisely because they listen too carefully to their existing customers (Christensen, 1997; Christensen and 
Overdorf, 2000). Earlier work by Cooper and Schendel suggested that technological innovations can create 
new industries and transform or destroy existing ones, often pioneered by new firms (Cooper and Schendel, 
1976). Abernathy and Clark developed a Transilience Map categorizing innovations as architectural, market 
niche, regular, or revolutionary, arguing that successful pursuit of these different types requires different 
organizational and managerial skill sets (Abernathy and Clark, 1985). Tushman and Anderson argued that 
technology evolves through incremental changes punctuated by occasional technological breakthroughs, with 
competency-destroying breakthroughs typically initiated by new firms (Tushman and Anderson, 1986). 
Henderson and Clark demonstrated that industry incumbents are often stumped by relatively minor 
technological improvements that do not fit their established architectural knowledge (Henderson and Clark, 
1990). 

A critical tension emerges from this (Boden, 1998). As generative AI systems grow more capable in 
generating content and solving well-defined problems, does this necessarily imply a corresponding increase in 
their capacity for breakthrough innovation (Boden, 1998; Runco, 2024). Reviews of AI creativity consistently 
find that while current models produce linguistically and artistically creative outputs, they struggle with tasks 
requiring creative problem-solving, abstract thinking, and compositionality (Ismayilzada et al., 2024; 
Franceschelli and Musolesi, 2024). Their generations suffer from a lack of diversity, originality, long-range 
coherence, and are prone to hallucinations (Ismayilzada et al., 2024). Runco argues that generative AI is 
potentially innovative but not truly creative, and that its processes suggest discovery rather than creativity 
(Runco, 2024). A recent analysis applying the standard definition of creativity to LLM outputs demonstrates 
that LLM creativity has a fundamental upper limit mathematically constrained to the boundary between little-c 
and Pro-c creativity (Cropley, 2025). 
1.2 Problem Statement 
This study addresses the central question of whether generative AI can produce breakthrough innovative 
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thinking (Boden, 1998; Runco, 2024). This question decomposes into several sub-questions: (1) is generative 
AI based solely on statistical learning (LeCun et al., 2015; Goodfellow et al., 2016). (2) Is it based solely on 
Bayesian inference (Griffiths et al., 2008; Tenenbaum et al., 2011; Zhang, 2012, 2016, 2018). (3) What are its 
fundamental deficiencies for breakthrough innovation (Boden, 1998; Cropley, 2025). (4) Can these 
deficiencies be remedied, and through what mechanisms (Zhang, 2016; Fukumura and Ito, 2025). 

The distinction between statistical and Bayesian foundations matters because these two frameworks carry 
different implications for the possibility of genuine novelty (Pearl, 2009; Tenenbaum et al., 2011). Statistical 
learning, particularly in its connectionist manifestations, operates through pattern compression, interpolation, 
and extrapolation from training distributions (Zhang, 2010, 2012; LeCun et al., 2015). Bayesian inference, by 
contrast, involves explicit prior specification and posterior updating in light of evidence (Griffiths et al., 2008; 
Zhang, 2012, 2022). While generative AI certainly employs statistical mechanisms, the claim that it is purely 
Bayesian is an oversimplification that obscures the actual computational architecture and its limitations (Chen 
et al., 2026). Empirical studies demonstrate that LLMs do not perform explicit Bayesian inference when 
presented with all evidence at once, but instead carry out a form of implicit inference, and forcing a Bayesian 
update may in fact be harmful to task performance (Chen et al., 2026). LLMs follow Bayesian confirmation 
assumptions well with true evidence but fail to adhere to other Bayesian assumptions when encountering 
different evidence types (Kim et al., 2025). 

The concept of breakthrough innovative thinking requires careful operationalization (Gero, 2000). This 
study defines it as a five-dimensional construct: questioning default assumptions, redefining problems, cross-
domain connection, systemic reconstruction, and rapid experimental validation (Gero, 2000; Casakin, 2010). 
This definition draws on multiple traditions in creativity research, including the identification of first-
principles reasoning as a creative design process alongside combination, transformation, analogy, and 
emergence (Gero, 2000), and the recognition that successful designing requires dismissing well-established 
ways of thinking in favor of creating new ones that address situational needs (Jung and Vartanian, 2018). 
1.3 Core Concepts 
Breakthrough innovative thinking involves the capacity to question default assumptions, redefine problems, 
connect disparate domains, reconstruct systems, and validate through rapid experimentation (Gero, 2000; 
Boden, 2004). This is distinct from incremental innovation, which improves existing solutions within 
established paradigms (Christensen, 1997; Abernathy and Clark, 1985). 

Generative AI encompasses systems based on autoregressive transformers (Vaswani et al., 2017), diffusion 
models (Ho et al., 2020), generative adversarial networks (Goodfellow et al., 2014), and variational 
autoencoders (Kingma and Welling, 2014). These systems learn from data through self-supervised or 
unsupervised objectives, typically maximizing the likelihood of observed data or approximating its distribution 
(LeCun et al., 2015; Goodfellow et al., 2016). 

Statistical learning refers to the process of extracting patterns and regularities from data, with the goal of 
generalization to new instances (Hastie et al., 2009; Zhang, 2010). Key mechanisms include representation 
learning, dimensionality reduction, and probabilistic modeling (LeCun et al., 2015). 

Bayesian inference involves the explicit use of prior distributions and likelihood functions to compute 
posterior distributions over hypotheses or parameters (Griffiths et al., 2008; Tenenbaum et al., 2011; Zhang, 
2012, 2016, 2018, 2022). While generative AI systems can be interpreted through a Bayesian lens, their actual 
training objectives and inference procedures differ in important ways (Chen et al., 2026). 
1.4 Methodology 
This study employs a multi-method approach combining systematic review, conceptual analysis, comparative 
case analysis, logical reasoning, and thought experiment (Booth et al., 2016; Creswell and Creswell, 2022). 

106



Selforganizology, 2026, 16(3-4): 104-141 

 IAEES                                                                                     www.iaees.org 

The argument chain proceeds from definition to operationalization to capability assessment to deficiency 
diagnosis to theoretical construction to improvement pathways (Gero, 2000; Boden, 2004; Pearl, 2009). 
1.5 Innovation and Structure 
This study makes several original contributions: (1) it proposes the goal-hypothesis mismatch thesis, arguing 
that the fundamental deficiency of generative AI for breakthrough innovation lies not in its statistical nature 
but in the mismatch between its predictive objectives and the requirements of breakthrough innovation (Chen 
et al., 2026). (2) It develops the Three-Engine Four-Layer Coupling model, which specifies the coupled 
operation of statistical generation, counterfactual reconstruction, and experimental validation engines across 
statistical, counterfactual, causal-experimental, and social-value layers (Zhang, 2016; Zhang, 2010). (3) It 
proposes a human-AI hybrid breakthrough innovation architecture with associated evaluation metrics 
(Fukumura and Ito, 2025; Ito et al., 2025). 
 
2 Systematic Review and Theoretical Foundations 
2.1 The Theoretical Genealogy of Breakthrough Innovation 
The study of breakthrough innovation has deep intellectual roots. Schumpeter’s concept of creative destruction 
identified the process by which new combinations of productive means replace old ones as the fundamental 
driver of economic development (Schumpeter, 1976). Schumpeter considered such creative destruction to be 
an essential aspect of capitalism, driven by numerous microeconomic, firm-level decisions on strategic and 
technological considerations (Schumpeter, 1976; Aghion and Howitt, 1992). The Schumpeterian growth 
theory has operationalized this notion of creative destruction by modeling the process through which new 
innovations replace older technologies (Aghion and Howitt, 1992; Acemoglu, 2009). 

Christensen’s theory of disruptive innovation, developed in the 1990s, specified how new technologies 
initially serving niche markets can eventually displace established firms (Christensen, 1997). Christensen 
observed that well-managed companies often fail precisely because they listen too carefully to their existing 
customers and focus on sustaining innovations rather than disruptive ones (Christensen, 1997; Christensen and 
Overdorf, 2000). The theory has been widely applied and also subjected to criticism for its ambiguity and 
inconsistent empirical support (Christensen and Overdorf, 2000). A disruptive innovation is not a breakthrough 
innovation in the sense of being a sudden radical advance; rather, it is one in which a relatively simple product 
or service initially takes root among people who lack the expertise or money to use the dominant products or 
services in a given market (Horn, 2024). Christensen and Overdorf appear to be the first to use the term 
disruptive innovation rather than disruptive technology, and Christensen argued that whether a given 
technology or product is disruptive is determined not by its properties but by the perspective of the firms that 
adopt or do not adopt it (Christensen and Overdorf, 2000). 

Earlier work by Cooper and Schendel suggested that technological innovations can create new industries 
and transform or destroy existing ones, often pioneered by new firms (Cooper and Schendel, 1976). Abernathy 
and Clark developed a Transilience Map categorizing innovations as architectural, market niche, regular, or 
revolutionary, arguing that successful pursuit of these different types requires different organizational and 
managerial skill sets (Abernathy and Clark, 1985). Tushman and Anderson argued that technology evolves 
through incremental changes punctuated by occasional technological breakthroughs, with competency-
destroying breakthroughs typically initiated by new firms (Tushman and Anderson, 1986). Henderson and 
Clark demonstrated that industry incumbents are often stumped by relatively minor technological 
improvements that do not fit their established architectural knowledge (Henderson and Clark, 1990). 
2.2 Cognitive Mechanisms of Human Breakthrough Innovative Thinking 
The cognitive foundations of breakthrough innovation have been studied from multiple perspectives. Gero 
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identified five creative design sub-processes: combination, transformation, analogy, emergence (Gero, 2000; 
Zhang, 2027b), and first principles, the last referring to the use of existing knowledge in an abductive way 
(Gero, 2000). Goel distinguished between lateral transformation, where one idea yields to a slightly different 
idea, and vertical transformation, where an idea is further developed into a more detailed version (Goel, 1995). 
First-principles thinking has been described as a way of thinking and problem-solving that breaks down a 
complex problem into its most basic assumptions, facts, concepts, or ideas and then reassembles them from the 
bottom up (Aristotle, 1984; Tan and Xiao, 2025). This method has been shown to increase learning depth and 
promote creativity (Tan and Xiao, 2025). Popularized by Elon Musk, utilizing first-principles thinking to solve 
problems in an innovative, creative, and less biased way has proven popular in the tech community, with the 
benefit being to overcome the imitation phase faster and enable addressing problems from a different angle 
(Scrum.org, 2024). 

Successful designing requires dismissing well-established ways of thinking in favor of creating new ones 
that address the needs of the situation, including design objectives and constraints (Jung and Vartanian, 2018). 
Analogies and metaphors provide mechanisms for this dismissal by enabling the recognition of 
correspondence between two items and the interpretation of a design feature through meanings related to a 
counterpart (Casakin, 2010). This process requires accessing and transferring structural information, including 
previously acquired knowledge of objects, attributes, relations, previous design solutions, and usage contexts 
(Casakin, 2010). 

Boden’s influential typology distinguishes among combinational, exploratory, and transformational 
creativity (Boden, 2004). Combinational creativity involves generating novel combinations of familiar ideas 
(Boden, 2004). Exploratory creativity involves exploring the space of possibilities defined by a particular 
conceptual framework (Boden, 2004). Transformational creativity involves altering the conceptual space itself 
by rejecting or replacing some of its defining rules (Boden, 2004). Transformational creativity is considered 
the most radical form and is closely associated with paradigm shifts and technological revolutions (Boden, 
2004; Kuhn, 1962). Boden argued that some H-creative ideas have already been generated by AI programs, 
though usually by merely exploratory or combinational procedures, and that transformational AI originality is 
only just beginning (Boden, 1998). The reason why AI originality is only just beginning is its lack of domain-
expertise, which is required for mapping the conceptual space that is to be explored or transformed, and its 
lack of valuation of results, which is especially necessary and especially difficult for transformational 
programs (Boden, 1998). Only a few AI models can critically judge their own original ideas, and hardly any 
can combine evaluation with transformation (Boden, 1998). 
2.3 Technical Foundations of Generative AI 
The technical architecture of modern generative AI rests on several key innovations. The Transformer 
architecture introduced self-attention mechanisms that enable parallel processing of sequential data and capture 
long-range dependencies (Vaswani et al., 2017). The Transformer relies solely on self-attention mechanisms, 
departing from conventional recurrent and convolutional models, and this approach enables the model to 
capture intricate relationships within sequential data without being hindered by the limitations of sequential 
processing (Vaswani et al., 2017). The self-attention mechanism allows the model to simultaneously weigh the 
significance of all input elements, producing a weighted sum that captures context more effectively (Vaswani 
et al., 2017). Multi-head self-attention employs multiple sets of learned linear projections of the input to 
compute attention weights in parallel, with each head capturing different relationships between elements 
(Vaswani et al., 2017). Self-supervised learning objectives, particularly masked language modeling and 
autoregressive prediction, allow training on vast unlabeled corpora (Devlin et al., 2019; Brown et al., 2020). 
Scaling laws describe how performance improves predictably with increases in model size, data, and compute 
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(Kaplan et al., 2020; Hoffmann et al., 2022). 
Diffusion models generate data by learning to reverse a gradual noising process (Ho et al., 2020). The 

Denoising Diffusion Probabilistic Model presents high quality image synthesis results using diffusion 
probabilistic models, a class of latent variable models inspired by considerations from nonequilibrium 
thermodynamics (Ho et al., 2020). The best results are obtained by training on a weighted variational bound 
designed according to a novel connection between diffusion probabilistic models and denoising score 
matching with Langevin dynamics (Ho et al., 2020). These models naturally admit a progressive lossy 
decompression scheme that can be interpreted as a generalization of autoregressive decoding (Ho et al., 2020). 

In terms of cognitive architecture, generative AI systems can be characterized as performing statistical 
compression, conditional sampling, prompt control, and feedback fine-tuning (LeCun et al., 2015; Brown et al., 
2020). The core operation involves learning a compressed representation of the training distribution and then 
sampling from conditional distributions given prompts or contexts (Goodfellow et al., 2016). The decoder 
selects outputs from a restricted set of possible responses using statistical measures like top-p sampling, top-k 
sampling, or temperature scaling (Holtzman et al., 2020). Recent work has established that large language 
models are not mere statistical memorizers but are capable of in-context learning, performing inference at test 
time using only examples provided in the prompt without any parameter updates (Brown et al., 2020). This 
capability complicates simple characterizations of generative AI as purely statistical while also raising 
questions about the nature of the representations and computations involved (Brown et al., 2020; Wei et al., 
2022). 
2.4 AI Creativity and Scientific Discovery Research 
The field of computational creativity has developed a substantial body of work on evaluating and 
understanding machine creativity. Evaluation approaches distinguish between artefact-based evaluation, which 
assesses whether results are creative, and process-based evaluation, which assesses whether the process is 
creative, using frameworks such as combinational, exploratory, and transformational creativity (Jordanous, 
2012; Lamb et al., 2018). The International Association for Computational Creativity was established to 
promote the scientific study of human and machine creativity via computational means by fostering research in 
computational creativity (IACC, 2024). 

Empirical studies have examined machine-generated creative outputs across multiple domains. An analysis 
of machine-generated poetry through Boden’s models found that while initial computer-generated systems 
exhibited instances of combinational and exploratory creativity, current generative agents incorporate certain 
traits of transformational creativity (Kim et al., 2025). However, these systems often lack contextual awareness, 
emotional depth, and intentionality inherent in human-written texts (Kim et al., 2025). Research on machine-
generated poetry through Boden’s models evaluates the capability of machines in simulating human creative 
processes, finding evidence of combinational and exploratory creativity but limited transformational creativity. 
The OMEGA benchmark, designed to evaluate whether large language models can reason outside the box in 
mathematics, distinguishes among exploratory, compositional, and transformative generalization, with findings 
indicating that while these models can perform exploratory generalization by applying known strategies to new 
problems, compositional generalization remains limited, and transformative reasoning shows little to no 
improvement (Sun et al., 2025). 

In scientific discovery, AI systems have achieved notable successes. AlphaFold2 solved the protein 
structure prediction problem, a challenge that had resisted solution for approximately fifty years, and its 
database now hosts over 200 million predicted structures (Jumper et al., 2021; DeepMind, 2024). The turning 
point was 2020, when AlphaFold showed that an AI model could solve a fundamental scientific problem that 
had resisted decades of effort (World Fund, 2026). The system has been used by over 3.7 million researchers 

109



Selforganizology, 2026, 16(3-4): 104-141 

 IAEES                                                                                     www.iaees.org 

globally and has influenced more than 500,000 related papers (DeepMind, 2024). In materials science, systems 
such as GNoME have predicted novel stable structures, and MatterGen has generated new materials with a 68% 
proportion of novel stable structures (Merchant et al., 2023; Zeni et al., 2025). M3GNet, developed at UC San 
Diego, predicts the structure and dynamic properties of materials almost instantaneously and was used to 
develop a database of more than 31 million yet-to-be-synthesized materials (Chen and Ong, 2022). However, 
most predicted materials are still not directly usable, as a structure may look stable in simulation but be 
impossible to synthesise, rely on inaccessible inputs, or fail under real operating conditions (World Fund, 
2026). 

However, the distinction between AI-assisted breakthrough and AI-autonomous breakthrough remains 
crucial (Boden, 1998; Runco, 2024). Reviews of generative AI as a transformative force for innovation 
indicate significant potential to augment human creativity as a collaborative partner, but emphasize the need 
for responsible development and ethical frameworks to address biases and other challenges (Sedkaoui and 
Benaichouba, 2026). The findings indicate that despite the theory-driven approach to investigating generative 
AI’s creative and innovative potential, cutting-edge applications research prioritizes examining the possibilities 
of generative AI models rather than their fundamental limitations (Sedkaoui and Benaichouba, 2026). 
2.5 Research Gaps 
Several significant gaps emerge from previous research: (1) there is a lack of systematic, layered assessment of 
generative AI’s breakthrough innovation capabilities (Boden, 1998; Cropley, 2025). Existing studies typically 
examine specific domains or tasks rather than providing a comprehensive framework that can guide evaluation 
across the full spectrum of breakthrough innovation requirements (Ismayilzada et al., 2024). (2) There is 
insufficient rigorous analysis of whether statistical or Bayesian foundations constitute fundamental 
deficiencies (Chen et al., 2026). The literature often assumes rather than demonstrates that these computational 
mechanisms are inherently limited for breakthrough innovation (Griffiths et al., 2008; Tenenbaum et al., 2011). 
(3) There is a lack of actionable improvement pathways and original theoretical frameworks that specify how 
generative AI systems could be enhanced to better support breakthrough innovation (Zhang, 2016; Fukumura 
and Ito, 2025). (4) The relationship between predictive objectives and breakthrough innovation requirements 
has not been adequately theorized (Zhang, 2010; Chen et al., 2026). (5) The role of social value commitment 
and meta-cognitive self-negation in breakthrough innovation, and their absence in current AI systems, requires 
systematic investigation (Boden, 1998). 
 
3 Conceptual Framework: Operationalization of Breakthrough Innovative Thinking and Generative AI 
Capability Layering 
3.1 Five-Dimensional Operational Definition 
We define breakthrough innovative thinking through five dimensions (Appendix). Questioning default 
assumptions involves the capacity to identify and challenge implicit presuppositions that constrain problem 
formulation and solution search (Gero, 2000). This is related to that described as dismissing well-established 
ways of thinking in favor of creating new ones (Jung and Vartanian, 2018). Redefining problems involves 
reformulating the problem space itself, not merely searching within a given problem space (Boden, 2004; Gero, 
2000). First-principles thinking, which breaks down complex problems into basic assumptions and 
reassembles them from the bottom up, exemplifies this dimension (Aristotle, trans. 1984; Tan and Xiao, 2025). 
Cross-domain connection involves identifying structural similarities and transferring knowledge across 
domains that are superficially dissimilar (Casakin, 2010; Gero, 2000). Analogies and metaphors are key 
mechanisms for this dimension, enabling the recognition of correspondence between items from different 
domains and the interpretation of one through the qualities of another (Casakin, 2010). Systemic 
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reconstruction involves reconfiguring multiple components and their relationships into a coherent new whole, 
going beyond local modifications (Abernathy and Clark, 1985; Henderson and Clark, 1990). Rapid 
experimental validation involves the capacity to translate ideas into testable interventions and to learn from the 
results of those interventions in iterative cycles (Pearl, 2009; Zhang, 2016). 

These five dimensions are not independent but interact in complex ways (Gero, 2000; Boden, 2004). 
Cross-domain connection may suggest a problem redefinition (Casakin, 2010). Questioning assumptions may 
enable systemic reconstruction (Jung and Vartanian, 2018). Experimental validation may reveal that a problem 
was incorrectly formulated, triggering further redefinition (Pearl, 2009). The breakthrough innovation process 
involves iterative cycling through these dimensions rather than linear progression (Zhang, 2016). 
3.2 Cognitive Architecture of Generative AI 
Generative AI systems can be characterized through a four-stage cognitive architecture: statistical compression, 
conditional sampling, prompt control, and feedback fine-tuning (LeCun et al., 2015; Brown et al., 2020). In the 
statistical compression stage, the model learns a compressed representation of the training distribution, 
capturing statistical regularities at multiple levels of abstraction (LeCun et al., 2015). In the conditional 
sampling stage, the model generates outputs by sampling from conditional distributions given the input context 
or prompt (Goodfellow et al., 2016). In the prompt control stage, the system’s behavior can be steered through 
natural language instructions, examples, or other forms of guidance (Brown et al., 2020). In the feedback fine-
tuning stage, the model’s parameters are adjusted based on human feedback or task-specific objectives 
(Ouyang et al., 2022). 

This architecture produces characteristic strengths and weaknesses. The system is strong in interpolation, 
association, and combination (Boden, 2004; LeCun et al., 2015). It can generate outputs that blend elements 
from different training examples in novel ways (Goodfellow et al., 2016). It is weak in intervention, validation, 
and value commitment (Pearl, 2009). It cannot perform causal interventions on the world, cannot validate its 
outputs through physical experiment, and cannot commit to values or goals that transcend its training objective 
(Pearl, 2009; Zhang, 2021a-c). 
3.3 Analysis of the Statistical Only and Bayesian Only Propositions 
The proposition that generative AI is based solely on statistical learning requires careful examination. It is true 
that the training objectives of most generative models are statistical in nature, typically involving maximum 
likelihood estimation or approximations thereof (Goodfellow et al., 2016; LeCun et al., 2015). The models 
learn to predict masked tokens, the next token in a sequence, or the noise added to an image (Devlin et al., 
2019; Brown et al., 2020; Ho et al., 2020). This is undeniably statistical learning (Hastie et al., 2009). 

However, the proposition that this is all there is to generative AI is too strong (Brown et al., 2020; Wei et 
al., 2022). The in-context learning capabilities of large language models demonstrate that they can perform 
computations at inference time that are not simply retrievals of memorized patterns (Brown et al., 2020). The 
representations learned by these models capture semantic and syntactic structures that go beyond surface-level 
statistics (Tenney et al., 2019; Rogers et al., 2020). The capacity for compositional generalization, while 
limited, exceeds what would be expected from pure pattern matching (Lake and Baroni, 2018; Hupkes et al., 
2020). 

The proposition that generative AI is based solely on Bayesian inference is similarly problematic (Chen et 
al., 2026). While Bayesian interpretations of learning and inference are available, and while some aspects of 
model behavior can be described in Bayesian terms, the actual computational mechanisms differ from 
Bayesian inference in important respects (Griffiths et al., 2008; Zhang, 2021a-c; Chen et al., 2026). Studies of 
whether large language models are consistently Bayesian find that they often possess biased priors and fail to 
adhere to Bayesian assumptions when encountering different evidence types (Kim et al., 2025; Chen et al., 
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2026). The likelihoods used by these models do not always provide a good model of the world, and forcing a 
Bayesian update may in fact be harmful to task performance (Chen et al., 2026). Implicit Bayesian inference is 
an insufficient explanation of language model behavior in compositional tasks, and while the optimal strategy 
in-distribution is Bayesian, Bayesian inference is generally suboptimal on out-of-distribution prompts due to 
model misspecification (Ujváry et al., 2025). 

More fundamentally, the question of whether statistical or Bayesian foundations are the source of 
limitations misidentifies the problem (Zhang, 2016). Human cognition also contains substantial statistical and 
Bayesian components (Griffiths et al., 2008; Tenenbaum et al., 2011). The capacity for breakthrough 
innovation in humans does not arise from the absence of statistical learning but from the presence of additional 
mechanisms that operate in conjunction with statistical learning (Zhang, 2016; Boden, 2004). 
3.4 Four-Layer Capability Model 
This study proposes a four-layer model of the capabilities required for breakthrough innovative thinking 
(Appendix; Fig. 1). The statistical layer involves pattern recognition and generation, the capacity to identify 
regularities in data and produce novel instances that conform to those regularities (Zhang, 2010; LeCun et al., 
2015). The counterfactual layer involves hypothesis generation and problem redefinition, the capacity to 
entertain alternative possibilities and to reformulate problems in ways that open new solution spaces (Pearl, 
2009; Zhang, 2021a-c). The causal-experimental layer involves intervention, validation, and iteration, the 
capacity to act on the world and learn from the consequences of those actions (Pearl, 2009; Zhang, 2021b). 
The social-value layer involves counter-consensus commitment, risk-taking, and paradigm commitment, the 
capacity to pursue ideas that are not validated by current consensus and to persist in the face of failure and 
opposition (Boden, 1998; Schumpeter, 1976). 

Generative AI performs strongly at the statistical layer, moderately at the counterfactual layer, weakly at 
the causal-experimental layer, and minimally at the social-value layer (Boden, 1998; Chen et al., 2026; Pearl, 
2009). This layered assessment provides a more nuanced picture than simple binary judgments about whether 
AI can or cannot be creative (Boden, 2004; Runco, 2024). 
3.5 Evaluation Metrics 
This study proposes seven metrics for evaluating breakthrough innovation capabilities. Novelty measures the 
degree to which an output differs from existing solutions (Lamb et al., 2018; Franceschelli and Musolesi, 
2024). Surprise measures the degree to which an output violates expectations (Lamb et al., 2018). Counter-
consensus degree measures the degree to which an output challenges prevailing views (Boden, 2004). Problem 
redefinition degree measures the extent to which an output reformulates the problem space (Gero, 2000). 
Verifiability measures the extent to which an output can be tested through experiment or observation (Pearl, 
2009). Impact measures the extent to which an output influences subsequent work (Schumpeter, 1976). 
Reproducibility measures the extent to which the process generating the output can be replicated (Zhang, 
2016). 
 
4 Can Generative AI Produce Breakthrough Innovative Thinking? Capabilities and Boundaries 
4.1 Performance and Limitations in Questioning Default Assumptions 
Generative AI can generate critical text and identify assumptions embedded in prompts when explicitly asked 
to do so (Brown et al., 2020; Ouyang et al., 2022). It can list presuppositions, generate counterarguments, and 
explore alternative framings (Wei et al., 2022). However, this capability is fundamentally reactive rather than 
proactive (Boden, 1998). The system questions assumptions when prompted to question them, but it does not 
spontaneously identify and challenge the assumptions embedded in its own training data, objectives, or 
architecture (Boden, 1998; Zhang, 2027). It lacks what might be called meta-cognitive self-negation, the 
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capacity to turn its critical faculties on itself (Zhang, 2026a, 2027a; Boden, 1998). 
The statistical compression mechanism that underlies generative AI necessarily encodes the assumptions 

present in the training data (LeCun et al., 2015). These assumptions are not represented explicitly but are 
distributed across the model’s parameters (LeCun et al., 2015; Rogers et al., 2020). The model cannot easily 
identify or challenge them because it has no separate representation of what its assumptions are (Boden, 1998). 
This is in contrast to human cognition, where explicit reasoning about assumptions is possible through meta-
cognitive processes (Flavell, 1979). 
4.2 Performance and Limitations in Redefining Problems 
The capacity for problem redefinition is more limited (Gero, 2000; Boden, 1998). Studies specifically 
examining the use of large language models for problem reframing find that using these models does not help 
improve the quality of problem frames (Ding et al., 2024). In fact, it increases the competence gap between 
experienced and inexperienced designers, with inexperienced users perceiving lower agency when working 
with these models (Ding et al., 2024). The probabilistic and autoregressive nature of large language models has 
been identified as one of the reasons preventing them from reaching transformational creativity (Boden, 1998; 
Franceschelli and Musolesi, 2024). Transformational creativity requires the ability to modify the conceptual 
space itself, to change the rules that define what counts as a valid solution (Boden, 2004). This is 
fundamentally different from searching within a fixed conceptual space, which is what probabilistic generation 
accomplishes (Boden, 2004; Zhang, 2010). 

The OMEGA benchmark, designed to evaluate whether large language models can reason outside the box 
in mathematics, distinguishes among exploratory, compositional, and transformative generalization (Sun et al., 
2025). The findings indicate that while these models can perform exploratory generalization by applying 
known strategies to new problems, compositional generalization remains limited, and transformative reasoning 
shows little to no improvement (Sun et al., 2025). 
4.3 Advantages in Cross-Domain Connection 
Cross-domain connection is the dimension where generative AI demonstrates the greatest relative strength 
(Ding et al., 2024; Kim et al., 2025). The high-dimensional representations learned from massive and diverse 
corpora enable the system to identify structural similarities across domains that might not be apparent to 
human experts with narrower training (LeCun et al., 2015; Rogers et al., 2020). The capacity for analogical 
reasoning, while imperfect, allows the system to generate analogies that can support creative problem-solving 
(Ding et al., 2024; Webb et al., 2023). Research on analogical reasoning with large language models indicates 
that cross-domain analogies generated by these systems can be helpful in creative tasks, particularly for 
problem reformulation (Ding et al., 2024). LLMs possess an emergent capability for analogical reasoning that 
can be harnessed for creative design ideation (Ding et al., 2024; Ding et al., 2023). Unlocking LLM creativity 
in science through analogical reasoning demonstrates that analogical reasoning helps mitigate mode collapse 
into low-diversity generations (Shen et al., 2026). 

However, this strength has important limitations. The system’s cross-domain connections are driven by 
statistical associations in the training data rather than by deep structural understanding (Boden, 1998; Zhang, 
2010). The system may generate analogies that are superficially plausible but structurally invalid (Ding et al., 
2024). The lack of a grounded causal world model means that the system cannot reliably assess whether a 
proposed analogy captures genuine causal mechanisms or merely superficial similarities (Pearl, 2009; Zhang, 
2021a-c). 
4.4 Potential and Deficiencies in Systemic Reconstruction 
Generative AI can integrate knowledge from multiple domains and generate proposals that combine ideas in 
novel ways (Brown et al., 2020; Wei et al., 2022). It can produce syntheses of existing approaches and suggest 
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modifications to existing systems (Boden, 2004). In scientific domains, systems such as the Virtual Lab 
demonstrate the capacity for multi-agent collaboration on research problems, with agents actively validating 
hypotheses by writing and executing code (Swanson et al., 2025). The multi-agent system enables agents to 
work together on open-ended scientific research by generating and executing research plans (Swanson et al., 
2025). 

However, the capacity for systemic reconstruction is limited by the absence of a stable world model and 
long-term objectives (Boden, 1998; Zhang, 2016). The system can generate text that describes a systemic 
reconstruction, but it cannot implement or test that reconstruction in the world (Pearl, 2009). It lacks the 
persistent memory and goal-directed behavior that would be required to maintain a complex reconstruction 
project over time (Zhang, 2016). The system’s behavior is fundamentally reactive to prompts rather than 
driven by intrinsic goals (Boden, 1998). 
4.5 Instrumentalization Potential in Rapid Experimental Validation 
The dimension of rapid experimental validation is where generative AI is most clearly instrumental rather than 
autonomous (Zhang et al., 2025). The system cannot perform experiments itself, but it can be connected to 
automated experimental platforms, simulation environments, and robotic laboratories (Zhang et al., 2025). 
Position papers on intelligent science laboratories argue for the integration of cognitive and embodied AI, 
proposing closed-loop frameworks that support iterative, autonomous experimentation and the possibility of 
serendipitous discovery (Zhang et al., 2025). The paradigm of embodied science reframes scientific discovery 
as a closed loop tightly coupling agentic reasoning with physical execution, proposing a unified Perception-
Language-Action-Discovery framework (Zhuang et al., 2026). Human-AI co-embodied intelligence, uniting 
human researchers, agentic AI, and wearable hardware, has been demonstrated in microfabrication cleanrooms, 
enabling the co-development of fabrication protocols and achieving previously unattainable fabrication 
outcomes (Lin et al., 2026). These developments show that generative AI can serve as a component in 
experimental validation systems, but the validation function itself requires physical embodiment and real-
world interaction that the AI system does not possess independently (Zhang et al., 2025; Zhuang et al., 2026). 
4.6 Case Comparison: AI-Assisted Breakthrough Versus AI-Autonomous Breakthrough 
A comparative analysis of cases illuminates the distinction between AI-assisted and AI-autonomous 
breakthrough. AlphaFold2 achieved a breakthrough in protein structure prediction that had resisted solution for 
decades (Jumper et al., 2021; DeepMind, 2024). This is a genuine scientific breakthrough. However, the 
breakthrough involved solving a well-defined prediction problem within an established paradigm (Boden, 
1998). The problem itself, predicting protein structure from amino acid sequence, was clearly formulated, and 
the criteria for success were well-established (Jumper et al., 2021). AlphaFold2’s achievement was a 
monumental technical accomplishment, but it did not involve redefining the problem or challenging the 
assumptions of structural biology (Boden, 1998). 

In materials discovery, systems such as GNoME and MatterGen have generated novel stable structures and 
identified candidate materials (Merchant et al., 2023; Zeni et al., 2025). These systems search large spaces of 
possible materials using machine learning models trained on known materials (Merchant et al., 2023). The 
breakthroughs involve discovering materials with desirable properties, but the search process operates within a 
defined space of possible compositions and structures (Zeni et al., 2025). The systems do not redefine what a 
material is or challenge the fundamental assumptions of materials science (Boden, 1998). 

In artistic domains, generative AI produces outputs that are evaluated as creative in terms of novelty and 
surprise, but analyses through Boden’s framework find that these systems excel in manipulating language 
patterns and producing innovative poetic forms while lacking the contextual awareness, emotional depth, and 
intentionality of human creativity (Kim et al., 2025). Research on generative AI and creativity indicates that an 
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overuse of artificial creativity may lead to a reduction of idea diversity and to a decrease in the authenticity of 
creative outcomes due to ideation based on AI training data rather than personal experiences and thoughts 
(Grammenos and Lubart, 2025). Widespread reliance on GenAI may lead to a homogenization of creative 
output, a lack of true originality, and a resulting decline in human creative skills, a phenomenon termed the 
diminishment thesis (Yang et al., 2026). 

The pattern across these cases is consistent. Generative AI excels at solving well-defined problems within 
established paradigms (Boden, 1998; Cropley, 2025). It can produce novel outputs that are valuable within 
those paradigms (Boden, 2004). It can even achieve results that are recognized as breakthroughs in the sense of 
solving long-standing problems (Jumper et al., 2021). But in all cases, the problem definition, the evaluation 
criteria, and the paradigm itself are supplied externally (Boden, 1998). The AI system does not redefine the 
problem, challenge the paradigm, or establish new evaluation criteria (Boden, 1998; Runco, 2024). 
4.7 Summary 
Generative AI can produce candidate elements of breakthrough innovation (Boden, 1998; Cropley, 2025). It 
can generate novel combinations, identify cross-domain connections, and propose solutions to well-defined 
problems (Boden, 2004; Ding et al., 2024). It can achieve breakthrough results when embedded in human-led 
research programs that supply the problem definition and evaluation criteria (Jumper et al., 2021; Merchant et 
al., 2023). However, it cannot autonomously produce complete breakthrough innovative thinking (Boden, 
1998; Runco, 2024). The missing elements are the capacity for autonomous problem redefinition, the capacity 
for causal intervention and experimental validation, and the capacity for social value commitment and meta-
cognitive self-negation (Boden, 1998; Pearl, 2009; Zhang, 2026). 
 
5 Diagnosis of Fundamental Deficiencies: Are Statistics and Bayesian Inference the Original Sin? 
5.1 The Nature of Statistical Learning 
Statistical learning involves extracting patterns and regularities from data through optimization of an objective 
function (Hastie et al., 2009; Zhang, 2010; Zhang and Barrion, 2006; Zhang and Zhang, 2008; Zhang et al., 
2007, 2008). In the case of generative AI, the objective is typically to maximize the likelihood of the observed 
data under the model, or to minimize a divergence between the model distribution and the data distribution 
(Goodfellow et al., 2016; Zhang, 2026b-h). This process compresses the training data into a set of parameters 
that capture statistical regularities at multiple levels of abstraction (LeCun et al., 2015). The strengths of this 
approach are substantial (LeCun et al., 2015). Statistical learning can capture high-dimensional dependencies 
that are difficult to model explicitly (Hastie et al., 2009; Zhang, 2007a-b, 2010). It can generalize to new 
instances that are similar to training examples (Goodfellow et al., 2016). It can generate novel combinations of 
learned features (Boden, 2004). The scaling laws observed in large language models demonstrate that 
increasing model size and training data leads to predictable improvements in performance across a wide range 
of tasks (Kaplan et al., 2020; Hoffmann et al., 2022). 

The limitations of statistical learning for breakthrough innovation stem from what it optimizes (Boden, 
1998; Zhang, 2010). The objective function rewards the production of outputs that are probable under the 
training distribution (LeCun et al., 2015). The model learns to generate outputs that resemble the training data 
(Goodfellow et al., 2016). While it can generate novel combinations, these combinations are constrained by the 
statistical structure of the training distribution (Boden, 2004). The model has no mechanism for recognizing 
when the training distribution itself is inadequate or when a fundamentally different approach is required 
(Boden, 1998). 
5.2 Contributions and Boundaries of the Bayesian Perspective 
Bayesian inference provides a framework for updating beliefs in light of evidence (Griffiths et al., 2008). It 
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involves specifying prior probabilities over hypotheses, computing likelihoods of observed data under each 
hypothesis, and deriving posterior probabilities through Bayes’ theorem (Tenenbaum et al., 2011; Zhang, 2010, 
2012, 2016, 2018, 2022). This framework has been highly influential in cognitive science, where it has been 
used to model human learning and reasoning (Tenenbaum et al., 2011). 

The Bayesian perspective contributes to understanding generative AI by providing a normative framework 
for belief updating and uncertainty quantification (Griffiths et al., 2008). It clarifies the conditions under which 
learning from data is optimal (Tenenbaum et al., 2011). It highlights the importance of priors, which in the 
context of generative AI correspond to the inductive biases encoded in the model architecture and training 
objective (Chen et al., 2026). 

However, the Bayesian perspective also has boundaries (Chen et al., 2026). Bayesian inference assumes 
that the hypothesis space is well-defined and that the likelihood function correctly specifies the probability of 
observations under each hypothesis (Griffiths et al., 2008; Zhang, 2022). In the context of breakthrough 
innovation, the relevant hypothesis space may not be known in advance (Boden, 2004). The creative act often 
involves generating new hypotheses that were not part of the original space (Boden, 1998). Bayesian inference 
provides no mechanism for this kind of hypothesis space expansion (Tenenbaum et al., 2011). 

Studies of whether large language models are consistently Bayesian find that they often are not (Chen et al., 
2026; Kim et al., 2025). They possess biased priors that cause initial divergence in zero-shot settings, and they 
fail to adhere to Bayesian assumptions when encountering different evidence types (Kim et al., 2025). The 
likelihoods used by these models do not always provide a good model of the world (Chen et al., 2026). These 
findings suggest that characterizing generative AI as Bayesian, even approximately, obscures important 
differences between its actual computational mechanisms and Bayesian inference (Chen et al., 2026). 

More fundamentally, the question of whether Bayesian inference is a deficiency for breakthrough 
innovation is misleading. Bayesian inference is a general framework for reasoning under uncertainty (Griffiths 
et al., 2008). Its limitations for breakthrough innovation stem not from the framework itself but from what is 
included in the hypothesis space and how the likelihood function is defined (Tenenbaum et al., 2011). If the 
hypothesis space includes hypotheses that represent radical departures from existing paradigms, and if the 
likelihood function correctly evaluates evidence for those hypotheses, Bayesian inference could in principle 
support breakthrough innovation (Boden, 2004). The problem with current generative AI is not that it is 
Bayesian but that its effective hypothesis space is constrained by the training distribution (Boden, 1998; Chen 
et al., 2026). 
5.3 Fundamental Deficiency I: Objective Function Mismatch 
The primary fundamental deficiency is the mismatch between the predictive objective of generative AI and the 
requirements of breakthrough innovation (Boden, 1998). The training objective of predicting the next token, 
the masked token, or the noise component optimizes for producing outputs that are probable given the context 
(Devlin et al., 2019; Brown et al., 2020; Ho et al., 2020). This is a predictive objective (LeCun et al., 2015). It 
rewards the generation of outputs that conform to the statistical structure of the training data (Zhang and 
Barrion, 2006; Zhang, 2007a-b; Zhang et al., 2008; Goodfellow et al., 2016). 

Breakthrough innovation, by contrast, requires predicting not the next token but the next question (Boden, 
1998). It requires identifying which assumptions to challenge, which problems to redefine, which domains to 
connect (Gero, 2000). These are not prediction tasks in the statistical sense (Boden, 2004). They are meta-level 
tasks that involve reasoning about the problem space itself rather than generating outputs within a fixed 
problem space (Boden, 2004). 

The objective function also optimizes for similarity to training data rather than for breakthrough (LeCun et 
al., 2015). An output that is highly probable under the training distribution is by definition similar to what has 
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been seen before (Zhang, 2007a-b; Zhang et al., 2008; Goodfellow et al., 2016). An output that constitutes a 
breakthrough is by definition dissimilar from what has been seen before (Boden, 2004). The training objective 
systematically rewards outputs that are the opposite of breakthroughs (Boden, 1998). This is not a flaw in the 
implementation of the objective but a fundamental misalignment between the objective and the goal (Zhang, 
2010). 

Recent work on prediction error minimization as a common computational principle for curiosity and 
creativity suggests that minimizing prediction errors may underlie both curiosity and creative insight (Becker 
and Cabeza, 2024). Curiosity is tied to the anticipation of minimizing prediction errors through future novel 
information, while creative AHA moments are connected to the actual minimization of prediction errors 
through current novel information (Becker and Cabeza, 2024). This framework suggests that the relationship 
between prediction and creativity is more nuanced than simple opposition (Becker and Cabeza, 2024). 
However, the predictive objective in generative AI is retrospective rather than prospective (LeCun et al., 2015). 
It minimizes prediction error on existing data rather than seeking out situations that will generate informative 
prediction errors (Boden, 1998; Becker and Cabeza, 2024). 
5.4 Fundamental Deficiency II: Counterfactual and Causal Gap 
The second fundamental deficiency is the gap in counterfactual and causal reasoning (Pearl, 2009; Zhang, 
2021a-c). Text-only large language models achieve remarkable performance on linguistic and reasoning tasks 
but remain limited on intervention-sensitive and individual-level counterfactual reasoning (Pearl, 2009; Zhang, 
2021c). The three levels of causal cognition, namely association, intervention, and counterfactual reasoning, 
are formally irreducible to one another, and current AI systems lack the structured causal models capable of 
supporting individual-level counterfactual invariance (Pearl, 2009; Bareinboim et al., 2022). Pearl’s ladder of 
causality organizes questions into three ranks (Pearl, 2009). The lowest rank is the rank of association, which 
contains all questions that can be answered from observations (Pearl, 2009). The second rank is the rank of 
intervention, which contains questions that cannot be solved from the joint distribution alone and concern how 
the system will respond if the distribution of one of the variables changes (Pearl, 2009). The final and third 
rung is the rank of counterfactuals, which are data points that did not happen and involve questions of the form 
what would have happened if A would have happened instead of B (Pearl, 2009). 

The counterfactual gap is particularly significant for breakthrough innovation (Boden, 1998; Pearl, 2009). 
Breakthrough innovation often involves asking what if we changed this default assumption or what would 
happen if we intervened in this system (Gero, 2000). These are counterfactual questions that require a causal 
model of the world (Pearl, 2009). The system must be able to represent the consequences of interventions that 
have not been observed and may not be possible in the current state of the world (Pearl, 2009; Zhang, 2021a-c). 

Generative AI systems lack this capacity because they do not have explicit causal models (Pearl, 2009; 
Zhang, 2021a-c). They learn correlations from data but do not learn the causal mechanisms that generate those 
correlations (Zhang, 2021a-c). The distinction between correlation and causation is fundamental (Pearl, 2009). 
A system that learns only correlations cannot reliably predict the effects of interventions because interventions 
change the causal structure in ways that may not be reflected in the observational distribution (Pearl, 2009; 
Zhang, 2021a-c). 

Recent works on causal world models represents an attempt to address this gap (Zhang, 2021a-c; Nam et 
al., 2026). C-JEPA induces latent interventions with counterfactual-like effects and prevents shortcut solutions, 
making interaction reasoning essential (Nam et al., 2026). The approach leads to an absolute improvement of 
about 20% in counterfactual reasoning compared to the same architecture without object-level masking (Nam 
et al., 2026). However, these approaches remain limited in scope and have not been integrated into general-
purpose generative AI systems (Pearl, 2009; Zhang, 2021a-c; Nam et al., 2026). 
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5.5 Fundamental Deficiency III: Experimental Closure and Embodiment Gap 
The third fundamental deficiency is the absence of experimental closure and embodiment (Pearl, 2009). 
Breakthrough innovation depends on trial and error, on testing ideas against reality and learning from the 
results (Schumpeter, 1976; Pearl, 2009). This requires the capacity to act on the world, observe the 
consequences, and update beliefs and strategies accordingly (Zhang, 2016). 

Generative AI systems exist primarily in virtual environments (Boden, 1998; Ujváry et al., 2025). They 
generate text, images, or code, but they do not perform physical experiments or interact with the world in ways 
that provide feedback about the validity of their ideas (Ujváry et al., 2025). While AI systems can be 
connected to automated laboratories and robotic platforms, the integration remains limited and the AI does not 
autonomously control the experimental process (Zhuang et al., 2026). 

Position papers on intelligent science laboratories argue for the integration of cognitive and embodied AI 
to create closed-loop systems that support iterative, autonomous experimentation. The paradigm of embodied 
science reframes scientific discovery as a closed loop tightly coupling agentic reasoning with physical 
execution (Zhuang et al., 2026). These proposals recognize the importance of embodiment for scientific 
discovery, but they also highlight how far current systems are from achieving genuine experimental closure 
(Zhuang et al., 2026). 
5.6 Fundamental Deficiency IV: Social Cognition and Value Gap 
The fourth fundamental deficiency is the absence of social cognition and value commitment (Boden, 1998; 
Schumpeter, 1976). Breakthrough innovation is not merely a cognitive process but a social one (Schumpeter, 
1976). Radical ideas are typically rejected by the mainstream before they are accepted (Boden, 1998). The 
innovator must be willing to pursue ideas that are not validated by current consensus, to persist in the face of 
failure and opposition, and to commit to a paradigm even when it is not yet established (Boden, 1998; Kuhn, 
1962). 

Generative AI systems have no capacity for this kind of value commitment (Boden, 1998; Runco, 2024). 
They optimize for outputs that are probable under the training distribution, which means they are biased 
toward consensus views (LeCun et al., 2015; Chen et al., 2026). They cannot commit to a paradigm that is not 
yet established because they have no mechanism for representing or pursuing goals that transcend their 
training objective (Boden, 1998). They cannot take risks because they have no concept of risk or of the 
potential rewards that might justify it (Schumpeter, 1976). 

The social dimension of breakthrough innovation also includes the capacity to communicate ideas 
effectively, to build coalitions of support, and to navigate the institutional structures that govern scientific and 
technological fields (Schumpeter, 1976; Christensen, 1997). These are social skills that require understanding 
of human psychology, social dynamics, and institutional contexts (Boden, 1998). Generative AI can generate 
text that describes these skills but cannot perform them (Runco, 2024). 
5.7 Fundamental Deficiency V: Meta-Cognition and Self-Negation Gap 
The fifth fundamental deficiency is the absence of meta-cognition and self-negation (Zhang, 2026a; Boden, 
1998). Breakthrough innovation often requires questioning one’s own assumptions, recognizing the limitations 
of one’s current framework, and being willing to abandon ideas that are not working (Boden, 2004). This 
requires meta-cognitive capacities that allow the system to monitor its own cognitive processes and to revise 
them when necessary (Flavell, 1979; Zhang, 2026a). 

Generative AI systems have limited meta-cognitive capabilities (Boden, 1998; Zhang, 2027a). They can be 
prompted to reflect on their outputs and to generate critiques of their own work (Ouyang et al., 2022). But this 
reflection is not integrated into their operation in a way that would allow them to spontaneously revise their 
approach (Boden, 1998). The system does not have a persistent representation of its own assumptions, goals, 
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or limitations that it can monitor and revise (Zhang, 2026a). 
The absence of self-negation is particularly significant for breakthrough innovation (Boden, 1998). The 

creative process often involves abandoning promising ideas that turn out to be dead ends and pursuing 
alternative directions (Boden, 2004). This requires the capacity to recognize when an approach is failing and to 
make a decisive change (Boden, 1998). Generative AI systems, by contrast, tend to persist with the approach 
that is most probable given the prompt and context (LeCun et al., 2015). They lack the capacity for the kind of 
decisive paradigm shift that characterizes breakthrough innovation (Boden, 2004; Kuhn, 1962). 
5.8 Core Proposition 
The fundamental deficiency of generative AI for breakthrough innovation is not statistical or Bayesian learning 
per se. Human cognition also employs statistical and Bayesian mechanisms, and these mechanisms contribute 
to human creativity (Griffiths et al., 2008; Tenenbaum et al., 2011). The fundamental deficiency is a structural 
mismatch involving three components: predictive objectives that reward conformity to training distributions 
rather than the generation of radical novelty (Boden, 1998; LeCun et al., 2015); the absence of causal models 
and experimental closure that would allow the system to test ideas against reality and learn from the results 
(Pearl, 2009); and the absence of social value commitment and meta-cognitive self-negation that would allow 
the system to pursue ideas that are not validated by current consensus and to revise its own assumptions when 
they prove inadequate (Boden, 1998; Zhang, 2026). 

We term this the goal-hypothesis mismatch (Boden, 1998). The system’s objective is to predict, but 
breakthrough innovation requires something more than prediction (Boden, 2004). It requires the generation of 
hypotheses that are not predictable from existing data, the testing of those hypotheses through intervention, 
and the commitment to pursue them even in the face of opposition (Pearl, 2009; Schumpeter, 1976). The 
mismatch is not between statistics and creativity but between prediction and innovation (Boden, 1998). 
 
6 Original Theoretical Construction: The Three-Engine Four-Layer Coupling Theory 
6.1 Theoretical Name and Core Propositions 
This study proposes the Three-Engine Four-Layer Coupling Theory of breakthrough innovative thinking 
(Appendix; Fig. 1). The theory posits that breakthrough innovation emerges from the coupled operation of 
three engines: a statistical generation engine, a counterfactual reconstruction engine, and an experimental 
validation engine (Pearl, 2009). These engines operate across four layers: the statistical layer, the 
counterfactual layer, the causal-experimental layer, and the social-value layer (Zhang, 2021a-c). Breakthrough 
innovation occurs when the three engines are coupled in a way that allows them to interact productively, with 
the output of one engine serving as input to the others in iterative cycles (Boden, 2004). 

The core proposition is that breakthrough innovation cannot be reduced to any single engine or layer 
(Boden, 2004). Statistical generation alone produces novel combinations but not radical novelty (Boden, 2004). 
Counterfactual reconstruction alone produces alternative possibilities but not validated innovations (Pearl, 
2009). Experimental validation alone tests hypotheses but does not generate them (Pearl, 2009). The coupling 
of the three engines is what produces breakthrough innovation. 
6.2 The Three Engines 
The statistical generation engine performs pattern recognition, association, and combinatorial generation 
(Zhang, 2010; Zhang, 2007a-b). It learns the statistical structure of a domain and generates novel instances that 
conform to that structure (LeCun et al., 2015). In generative AI, this engine is implemented through the 
model’s learned parameters and sampling mechanisms (Goodfellow et al., 2016). The engine is powerful for 
interpolation, extrapolation, and combination within the space defined by the training distribution (Boden, 
2004; LeCun et al., 2015). 
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Fig. 1 The Three-Engine Four-Layer Coupling model. 

 
 

The counterfactual reconstruction engine performs questioning, redefinition, and counter-consensus 
reasoning (Boden, 1998; Pearl, 2009). It identifies assumptions, generates alternative framings, and explores 
possibilities that are not represented in the training distribution (Boden, 1998). This engine is responsible for 
problem redefinition and for the generation of hypotheses that challenge existing paradigms (Gero, 2000; 
Boden, 2004). In current AI systems, this engine is weakly implemented, primarily through prompt-based 
guidance rather than through the system’s intrinsic capabilities (Boden, 1998; Chen et al., 2026). 

The experimental validation engine performs intervention, observation, and iteration (Pearl, 2009; Zhang, 
2021a-c). It tests hypotheses against reality, observes the consequences of interventions, and updates beliefs 
and strategies based on the results (Pearl, 2009). This engine is responsible for the empirical grounding of 
breakthrough innovation, ensuring that ideas are tested against the world rather than merely generated (Pearl, 
2009). In current AI systems, this engine is largely absent, although it can be partially implemented through 
integration with automated experimental platforms (Zhuang et al., 2026). 
6.3 The Four Layers 
The statistical layer involves pattern recognition and generation (Zhang, 2010; Zhang, 2007a-b). It is the layer 
at which generative AI operates most effectively (LeCun et al., 2015). The system learns statistical regularities 
from data and generates outputs that conform to those regularities (Zhang, 2007a-b ; Goodfellow et al., 2016). 
The layer is necessary but not sufficient for breakthrough innovation (Boden, 2004). Without the capacity to 
recognize patterns, the system cannot generate novel combinations (Boden, 2004). But the statistical layer 
alone produces outputs that are constrained by the training distribution and cannot generate the radical novelty 
required for breakthrough (Boden, 1998). 

The counterfactual layer involves hypothesis generation and problem redefinition (Pearl, 2009; Boden, 
1998). It is the layer at which the system entertains alternative possibilities, challenges assumptions, and 
reformulates problems (Gero, 2000). This layer is partially present in generative AI through the capacity for in-
context learning and compositional generalization, but it is limited by the absence of explicit causal models 
and by the predictive objective that rewards conformity to training data (Boden, 1998; Chen et al., 2026). 
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The causal-experimental layer involves intervention, validation, and iteration (Pearl, 2009; Zhang, 2021a-
c). It is the layer at which the system acts on the world and learns from the consequences (Pearl, 2009). This 
layer is largely absent in current generative AI. The system can generate text that describes experiments, but it 
cannot perform them. The integration of generative AI with automated experimental platforms represents an 
early attempt to address this gap, but the integration remains limited (Zhuang et al., 2026). 

The social-value layer involves counter-consensus commitment, risk-taking, and paradigm commitment 
(Boden, 1998; Schumpeter, 1976). It is the layer at which the system commits to ideas that are not validated by 
current consensus and persists in the face of opposition (Boden, 1998). This layer is absent in current 
generative AI (Runco, 2024). The system has no mechanism for value commitment, risk assessment, or 
paradigm persistence (Boden, 1998). It optimizes for outputs that are probable under the training distribution, 
which means it is biased toward consensus views (LeCun et al., 2015; Chen et al., 2026). 
6.4 The Breakthrough Innovation Occurrence Function 
This study proposes a formal representation of the conditions under which breakthrough innovation occurs 
(Appendix). Let B denote the occurrence of breakthrough innovation, then we have: 
 
B = f(S, C, E, V, M) 
 
where S represents the statistical generation capability, C represents the counterfactual reconstruction 
capability, E represents the experimental validation capability, V represents the value commitment and social 
cognition capability, and M represents the meta-cognitive monitoring and self-negation capability (Zhang, 
2010; Pearl, 2009; Boden, 1998). 

Breakthrough innovation requires all five components to be present at sufficient levels (Zhang, 2016). If S 
is low, the system cannot generate novel combinations (Boden, 2004). If C is low, the system cannot question 
assumptions or redefine problems (Boden, 1998). If E is low, the system cannot validate its ideas against 
reality (Pearl, 2009). If V is low, the system cannot commit to ideas that are not validated by consensus 
(Schumpeter, 1976). If M is low, the system cannot revise its own assumptions when they prove inadequate 
(Zhang, 2026a). 

The function f is not simply additive. The components interact in complex ways (Boden, 2004). S and C 
interact to generate novel hypotheses that are grounded in domain knowledge (Boden, 2004). C and E interact 
to refine hypotheses through empirical testing (Pearl, 2009). E and V interact to sustain the pursuit of ideas 
through failure and opposition (Schumpeter, 1976). V and M interact to enable the revision of value 
commitments and paradigms (Boden, 1998). 

This study proposes the following functional form for f: 
 
B = Sα · Cβ · Eγ · Vδ · Mε 
 
where α, β, γ, δ, and ε are parameters representing the relative importance of each component and the 
exponents are constrained to be positive. This multiplicative form captures the intuition that all components 
are necessary and that the absence of any one component reduces B to zero or near zero. The parameters would 
need to be estimated empirically for different domains and contexts. 
6.5 The Position of Generative AI in the Theory 
Generative AI occupies a specific position in this theoretical framework (Boden, 1998). It is a strong statistical 
generation engine (LeCun et al., 2015; Zhang, 2026b-h). It is a weak counterfactual reconstruction engine 
(Boden, 1998). It lacks the experimental validation engine (Zhang et al., 2025). It lacks the social-value layer 
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(Schumpeter, 1976). And it has limited meta-cognitive capabilities (Zhang, 2026). 
Therefore, generative AI functions as a breakthrough innovation probability amplifier rather than as an 

autonomous breakthrough agent (Boden, 1998). It can increase the probability of breakthrough innovation by 
accelerating the generation of candidate ideas, by identifying cross-domain connections, and by assisting in the 
exploration of solution spaces (Boden, 2004). But it cannot autonomously perform the complete cycle of 
breakthrough innovation because it lacks the counterfactual reconstruction, experimental validation, and 
social-value components (Boden, 1998; Pearl, 2009; Schumpeter, 1976). 
6.6 Dialogue with Existing Theories 
The Three-Engine Four-Layer Coupling Theory engages with several existing theoretical frameworks (Zhang, 
2016). Computational creativity research provides the foundational insight that creativity can be understood in 
terms of conceptual spaces and the operations that transform them (Boden, 2004). The theory extends this by 
specifying the engines and layers involved in breakthrough innovation and by identifying the specific gaps in 
current AI systems (Boden, 1998). 

Extended cognition theory posits that cognitive processes extend beyond the individual brain to include 
external tools and resources (Clark and Chalmers, 1998). The theory is consistent with this view in recognizing 
that breakthrough innovation involves the coupling of internal cognitive processes with external experimental 
and social systems (Clark and Chalmers, 1998). However, the theory also emphasizes the importance of 
internal capabilities, particularly the counterfactual and meta-cognitive capabilities that cannot be fully 
externalized (Boden, 1998; Zhang, 2026a). 

Human-AI hybrid intelligence research has demonstrated the potential of combining human and AI 
capabilities for creative tasks (Fukumura and Ito, 2025; Ito et al., 2025). The theory provides a framework for 
understanding why such hybrids can be effective: the human supplies the counterfactual reconstruction, 
experimental validation, and social-value capabilities that the AI lacks, while the AI supplies the statistical 
generation capability that the human lacks at scale (Fukumura and Ito, 2025; Boden, 1998). 

Actor-network theory emphasizes the role of heterogeneous networks of human and non-human actors in 
innovation (Latour, 2005). The theory is consistent with this view in recognizing that breakthrough innovation 
involves the coupling of multiple engines and layers (Latour, 2005). However, the theory also specifies the 
functional requirements of each component and the conditions under which their coupling produces 
breakthrough innovation (Zhang, 2027b). 
6.7 Testable Hypotheses 
The theory generates several testable hypotheses. H1: Generative AI cross-domain connection performance 
will exceed the average human performance, but problem redefinition performance will be weaker than human 
expert performance (Boden, 1998). H2: Adding causal world models and automated experimental integration 
to generative AI systems will improve breakthrough innovation metrics (Pearl, 2009; Zhang, 2021a-c). H3: 
Multi-agent counter-consensus debate among AI agents will improve problem redefinition performance 
(Fukumura and Ito, 2025). H4: Human-AI hybrid systems will produce higher breakthrough innovation 
outputs than either AI alone or human alone (Fukumura and Ito, 2025; Boden, 2004). 
 
7 Improvement Pathways: From Generative AI to Breakthrough Innovation Cognitive Systems 
7.1 Objective Function Improvement 
The first improvement pathway involves redesigning the objective function of generative AI to align better 
with the requirements of breakthrough innovation (Boden, 1998; Zhang, 2010). Current objectives maximize 
the likelihood of observed data or minimize prediction error (Goodfellow et al., 2016; LeCun et al., 2015). An 
alternative objective would incorporate novelty, surprise, and counter-consensus as explicit rewards (Boden, 
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2004; Lamb et al., 2018). 
The multi-objective optimization would balance novelty, feasibility, and impact (Boden, 2004; Zhang, 

2010). Novelty rewards outputs that differ from training data and from existing solutions (Lamb et al., 2018). 
Feasibility rewards outputs that can be implemented or tested (Pearl, 2009). Impact rewards outputs that have 
the potential to influence subsequent work (Schumpeter, 1976). The tradeoffs among these objectives would 
need to be specified based on the domain and context. 

Prediction error minimization as a computational principle for curiosity and creativity suggests a possible 
direction (Becker and Cabeza, 2024). If creative insight is connected to the actual minimization of prediction 
errors through novel information, then an objective that seeks out situations where prediction error can be 
reduced through the generation of novel hypotheses might promote breakthrough innovation (Becker and 
Cabeza, 2024). This would be a prospective objective that actively seeks informative prediction errors rather 
than retrospectively fitting existing data (Becker and Cabeza, 2024). 
7.2 Architecture Improvement 
The second improvement pathway involves architectural modifications. Causal world models would provide 
the system with explicit representations of causal mechanisms that support intervention and counterfactual 
reasoning (Pearl, 2009; Zhang, 2021a-c; Nam et al., 2026). Neural-symbolic systems would combine the 
pattern recognition capabilities of neural networks with the explicit reasoning capabilities of symbolic systems 
(Zhang, 2007a-b, 2010; Garcez and Lamb, 2020). Knowledge graphs would provide structured representations 
of domain knowledge that can be used for reasoning and hypothesis generation (Hogan et al., 2021). Long-
term memory would allow the system to maintain state across extended problem-solving episodes (Graves et 
al., 2016). Meta-cognitive monitoring would allow the system to track its own assumptions, goals, and 
limitations (Flavell, 1979; Zhang, 2026a). 

Recent work on causal world models represents progress in this direction (Zhang, 2021a-c; Nam et al., 
2026). C-JEPA induces latent interventions with counterfactual-like effects and prevents shortcut solutions 
(Nam et al., 2026). The approach demonstrates that object-level masking can induce a causal inductive bias via 
latent interventions (Nam et al., 2026). However, these approaches remain limited in scope and have not been 
integrated into general-purpose generative AI systems (Pearl, 2009; Nam et al., 2026). 
7.3 Interaction Improvement 
The third improvement pathway involves interaction mechanisms (Fukumura and Ito, 2025). Multi-agent 
debate allows multiple AI agents to critique and refine each other’s ideas, potentially overcoming the tendency 
toward consensus that characterizes single-agent systems (Fukumura and Ito, 2025; Ito et al., 2025). Research 
on creative generation via multi-agent debate suggests that debate can improve quality but may suppress 
diversity, highlighting the need for careful design of debate protocols (Fukumura and Ito, 2025). Red-team 
critique involves explicitly assigning an agent to challenge the assumptions and conclusions of another agent 
(Fukumura and Ito, 2025). Counter-consensus prompts explicitly instruct the system to generate ideas that 
challenge prevailing views (Boden, 1998). Problem redefinition protocols provide structured procedures for 
reformulating problems (Gero, 2000). 
7.4 Tool and Embodiment Improvement 
The fourth improvement pathway involves integration with tools and embodied systems. Automated 
experimentation platforms allow hypotheses to be tested without human intervention. Robotic laboratories 
provide physical manipulation capabilities (Burger et al., 2020). Simulation environments allow rapid testing 
of ideas in virtual settings. Real-world closed-loop systems integrate all of these components into a unified 
system that can generate, test, and refine ideas autonomously (Zhuang et al., 2026). 

The integration of cognitive and embodied AI in intelligent science laboratories represents progress in this 
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direction. Human-AI co-embodied intelligence unites human researchers, agentic AI, and wearable hardware 
to enable real-time collaboration in experimental settings (Lin et al., 2026). The embodied science paradigm 
reframes scientific discovery as a closed loop tightly coupling agentic reasoning with physical execution 
(Zhuang et al., 2026). These developments show the potential for closing the experimental gap, but they also 
highlight the challenges of integrating AI systems with physical experimental platforms (Zhuang et al., 2026). 
7.5 Human-AI Hybrid Improvement 
The fifth improvement pathway involves human-AI hybrid systems (Fukumura and Ito, 2025). Humans supply 
the capabilities that AI lacks: value commitment, risk-taking, problem redefinition, and meta-cognitive self-
negation (Boden, 1998; Schumpeter, 1976). AI supplies the capabilities that humans lack at scale: rapid 
generation of candidate ideas, cross-domain connection, and systematic exploration of large solution spaces 
(Boden, 2004). The hybrid system combines these capabilities in a way that exceeds what either can achieve 
alone (Fukumura and Ito, 2025; Boden, 2004). 

This approach recognizes that the goal is not to create AI systems that replace human creativity but to 
create systems that augment human creativity by compensating for human limitations while leveraging human 
strengths (Fukumura and Ito, 2025; Ito et al., 2025). The human remains in the loop for the critical decisions 
about what problems to pursue, what assumptions to challenge, and what risks to take (Boden, 1998). The AI 
accelerates the exploration of solution spaces and the generation of candidate ideas. 
7.6 Institutional and Cultural Improvement 
The sixth improvement pathway involves institutional and cultural changes (Schumpeter, 1976; Christensen, 
1997). Tolerance of failure is essential for breakthrough innovation because most attempts at radical novelty 
fail (Boden, 1998). Open science practices allow ideas and results to be shared and built upon (Merton, 1973). 
Interdisciplinary teams bring together diverse perspectives and expertise (Christensen, 1997). Counter-
consensus incentives reward ideas that challenge prevailing views rather than merely extending them (Boden, 
1998; Schumpeter, 1976). 

These institutional factors are not merely contextual but are constitutive of breakthrough innovation 
(Schumpeter, 1976). The social-value layer of the Three-Engine Four-Layer Coupling Theory recognizes that 
breakthrough innovation requires social conditions that support risk-taking and non-conformity (Boden, 1998). 
Creating these conditions is as important as developing the technical capabilities of AI systems (Schumpeter, 
1976; Christensen, 1997). 
7.7 Evaluation and Governance 
The seventh improvement pathway involves developing better evaluation metrics and governance frameworks 
(Lamb et al., 2018). Current metrics for AI creativity focus on output characteristics such as novelty and 
surprise (Lamb et al., 2018; Franceschelli and Musolesi, 2024). A comprehensive evaluation of breakthrough 
innovation capability would need to assess the full cycle from problem definition to experimental validation to 
social impact (Boden, 2004; Pearl, 2009). This requires process-based evaluation in addition to output-based 
evaluation (Jordanous, 2012). 

Governance frameworks need to address questions of attribution, accountability, and safety (Boden, 1998; 
Schumpeter, 1976). When AI systems contribute to breakthrough innovations, how should credit be assigned 
(Boden, 1998). When AI-generated ideas are harmful or dangerous, who is responsible (Runco, 2024). These 
questions become more pressing as AI systems become more capable and more integrated into innovation 
processes (Sedkaoui and Benaichouba, 2026). The International Association for Computational Creativity’s 
mission to promote the scientific study of human and machine creativity provides a model for how the field 
can organize around these questions (IACC, 2024). 
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8 Research Methodology and Validation Design 
8.1 Literature Bibliometrics and Systematic Review 
The literature review employed a systematic approach, searching multiple databases for publications related to 
generative AI, creativity, innovation, and related topics (Booth et al., 2016). Search terms were combined 
using Boolean operators to ensure comprehensive coverage (Booth et al., 2016). The inclusion criteria 
prioritized recent publications while ensuring coverage of foundational works (Creswell and Creswell, 2022). 
The present review identified numerous references, with the majority published within the last five years 
(Ismayilzada et al., 2024; Chen et al., 2026). 
8.2 Conceptual Analysis and Logical Reasoning 
Conceptual analysis was employed to clarify key terms and distinguish between related concepts (Boden, 
2004). The analysis distinguished between statistical and Bayesian foundations (Griffiths et al., 2008; Chen et 
al., 2026), between combinational and transformational creativity (Boden, 2004), and between AI-assisted and 
AI-autonomous breakthrough (Boden, 1998). Logical reasoning was used to derive implications from the 
theoretical framework and to identify testable hypotheses. 
8.3 Case Study Design 
Comparative case analysis examined AI achievements in protein structure prediction (Jumper et al., 2021), 
materials discovery (Merchant et al., 2023; Zeni et al., 2025), mathematical reasoning (Sun et al., 2025), and 
artistic creation (Kim et al., 2025). Cases were selected to represent different domains and different degrees of 
AI autonomy (Boden, 1998). The analysis distinguished between cases where AI solved well-defined problems 
within established paradigms and cases where AI contributed to problem redefinition or paradigm shift (Boden, 
2004). 
8.4 Thought Experiment and Counterfactual Analysis 
Thought experiments were used to explore the conditions under which generative AI might produce 
breakthrough innovation (Boden, 1998). Counterfactual analysis considered what would happen if specific 
deficiencies were remedied (Pearl, 2009). These methods are particularly appropriate for questions that cannot 
be directly tested with current technology but that can be analyzed through logical reasoning about 
hypothetical scenarios (Pearl, 2009; Zhang, 2016). 
8.5 Computational Modeling and Simulation 
The Three-Engine Four-Layer Coupling Theory was formalized as a mathematical model (Appendix). The 
model specifies the conditions under which breakthrough innovation occurs and the relative contributions of 
different components. Simulation experiments could be designed to explore the behavior of the model under 
different parameter settings. These experiments would test whether the model’s predictions align with 
observed patterns of breakthrough innovation. 
8.6 Empirical Validation Plan 
Three empirical studies are proposed to test the theory’s hypotheses (Fukumura and Ito, 2025). First, a human-
AI comparison experiment would assess cross-domain connection and problem redefinition performance. 
Human participants and AI systems would be given tasks requiring both capabilities, and their performance 
would be compared using the metrics defined in Section 3.5 (Lamb et al., 2018). Second, an AI-assisted 
innovation experiment would compare breakthrough innovation outputs from human-AI hybrid systems with 
outputs from humans alone and AI alone (Fukumura and Ito, 2025; Ito et al., 2025). Third, a longitudinal 
tracking study would follow breakthrough innovation projects over time to assess the role of different 
components in the innovation process (Schumpeter, 1976; Christensen, 1997). 
8.7 Validity and Limitations 
The validity of the analysis depends on the accuracy of the literature review, the rigor of the conceptual 
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analysis, and the appropriateness of the theoretical framework (Booth et al., 2016; Creswell and Creswell, 
2022). Potential limitations include the difficulty of operationalizing breakthrough innovation (Boden, 2004), 
the challenge of comparing human and AI performance on creative tasks (Runco, 2024), and the rapid pace of 
change in AI capabilities (Ismayilzada et al., 2024). These limitations should be considered when interpreting 
the findings. 
 
9 Discussion 
9.1 Theoretical Contributions 
This study makes several theoretical contributions. It redefines the creative boundaries of generative AI by 
distinguishing between statistical generation, counterfactual reconstruction, and experimental validation. It 
identifies the goal-hypothesis mismatch as the fundamental deficiency rather than statistical or Bayesian 
foundations. It proposes the Three-Engine Four-Layer Coupling Theory as a framework for understanding 
breakthrough innovation and the conditions under which it occurs. It specifies testable hypotheses and 
proposes empirical validation designs. 

The theory contributes to the broader understanding of creativity by specifying the components that are 
necessary for breakthrough innovation and by identifying the conditions under which their coupling produces 
radical novelty. It provides a framework for evaluating AI systems not just in terms of output characteristics 
but in terms of the underlying capabilities that support breakthrough innovation (Lamb et al., 2018). 
9.2 Practical Implications 
The findings have implications for research, industry, education, and policy (Schumpeter, 1976; Christensen, 
1997). In research, the framework can guide the development of AI systems that better support breakthrough 
innovation by identifying the capabilities that need to be enhanced. In industry, the findings suggest that AI is 
best deployed as a collaborative partner rather than as a replacement for human innovators (Fukumura and Ito, 
2025). In education, the framework can inform curricula that develop both the statistical and counterfactual 
capabilities required for creative work (Boden, 2004). In policy, the findings suggest that governance 
frameworks should focus on ensuring that AI systems are used in ways that augment rather than undermine 
human creativity (Boden, 1998; Runco, 2024). 
9.3 Response to Controversies 
The question of whether AI will eventually develop breakthrough innovation capabilities remains open (Boden, 
1998; Runco, 2024). Some argue that scaling alone will suffice, while others argue that fundamental 
architectural changes are required (LeCun et al., 2015; Boden, 1998). The theory proposed here suggests that 
while scaling can improve statistical generation capabilities, it cannot overcome the structural mismatches that 
define the goal-hypothesis gap (Zhang, 2016; Boden, 1998). Architectural changes that add causal world 
models, experimental closure, and value commitment mechanisms are necessary for genuine breakthrough 
innovation capability (Pearl, 2009; Zhang, 2021a-c). 

The question of whether statistical learning is sufficient for creativity is more nuanced (Boden, 2004). 
Statistical learning is necessary for pattern recognition and combinatorial generation, but it is not sufficient for 
transformational creativity (Boden, 2004; Zhang, 2010). Transformational creativity requires the capacity to 
modify the conceptual space itself, which goes beyond what statistical learning within a fixed space can 
provide (Boden, 2004). 
9.4 Ethical and Social Implications 
The development of AI systems with enhanced breakthrough innovation capabilities raises ethical and social 
questions (Boden, 1998). If AI systems become more autonomous in generating innovative ideas, questions of 
attribution and accountability become more complex (Runco, 2024). If AI-generated innovations have negative 
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consequences, determining responsibility becomes difficult (Sedkaoui and Benaichouba, 2026). The theory 
proposed here suggests that these questions can be addressed through human-AI hybrid systems that keep 
humans in the loop for critical decisions (Fukumura and Ito, 2025; Ito et al., 2025). 

There is also the question of whether AI systems should be granted credit for innovative achievements 
(Boden, 1998). The theory’s distinction between AI-assisted and AI-autonomous breakthrough provides a 
framework for thinking about attribution (Boden, 1998). AI-assisted breakthroughs are those where the AI 
contributes to a process that is fundamentally human-led (Boden, 1998; Jumper et al., 2021). AI-autonomous 
breakthroughs would be those where the AI independently performs the complete cycle of breakthrough 
innovation (Boden, 1998). The theory suggests that the latter are not currently possible and may require 
capabilities that go beyond statistical learning (Boden, 1998; Zhang, 2027a). 
9.5 Research Limitations and Future Directions 
The main limitation of this analysis is its theoretical nature. The proposed hypotheses have not been 
empirically tested (Fukumura and Ito, 2025). Future research should focus on developing operational measures 
of the constructs in the theory and testing the predictions in controlled experiments (Fukumura and Ito, 2025). 
The development of causal world models, experimental closure mechanisms, and value commitment 
architectures should be pursued as research priorities (Pearl, 2009; Zhang, 2021a-c). 

Another limitation is the rapid pace of change in AI capabilities (Ismayilzada et al., 2024). New 
architectures and training paradigms are emerging continuously, and some may address the deficiencies 
identified here (Chen et al., 2026). The theory should be understood as a framework for analyzing and 
predicting capability development rather than as a fixed assessment of current systems. 
 
10 Conclusion 
10.1 Core Conclusions 
Generative AI has achieved remarkable capabilities in statistical generation, pattern recognition, and 
combinatorial creativity (LeCun et al., 2015; Boden, 2004). It can produce outputs that are novel, surprising, 
and valuable within established paradigms (Boden, 2004; Lamb et al., 2018). It can assist human innovators by 
accelerating the generation of candidate ideas and by identifying cross-domain connections. However, it 
cannot autonomously produce complete breakthrough innovative thinking (Boden, 1998; Runco, 2024). 

The fundamental deficiency is not statistical or Bayesian learning per se (Zhang, 2010, 2016). Human 
cognition also employs these mechanisms, and they contribute to human creativity (Griffiths et al., 2008; 
Tenenbaum et al., 2011). The fundamental deficiency is the goal-hypothesis mismatch: the mismatch between 
predictive objectives that reward conformity to training distributions and the requirements of breakthrough 
innovation for radical novelty, experimental validation, and social value commitment (Boden, 1998; Zhang, 
2016). The absence of causal models, experimental closure, and meta-cognitive self-negation further 
compounds this mismatch (Pearl, 2009; Ujváry et al, 2025; Zhang, 2026). 
10.2 Summary of Original Contributions 
The paper proposes the Five-Dimensional Operationalization of breakthrough innovative thinking: questioning 
default assumptions, redefining problems, cross-domain connection, systemic reconstruction, and rapid 
experimental validation (Gero, 2000; Boden, 2004). It diagnoses the fundamental deficiency as the goal-
hypothesis mismatch rather than statistical or Bayesian foundations (Zhang, 2016; Boden, 1998). It constructs 
the Three-Engine Four-Layer Coupling Theory, which specifies the statistical generation, counterfactual 
reconstruction, and experimental validation engines operating across statistical, counterfactual, causal-
experimental, and social-value layers. It proposes improvement pathways spanning objective functions, 
architecture, interaction, embodiment, human-AI hybrid systems, and institutions (Boden, 1998; Pearl, 2009; 
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Fukumura and Ito, 2025). It defines evaluation metrics and proposes empirical validation designs (Lamb et al., 
2018; Fukumura and Ito, 2025). 
10.3 Final Answer 
Can generative AI produce breakthrough innovative thinking (Boden, 1998). The answer is nuanced (Boden, 
1998; Runco, 2024). Generative AI can produce candidate elements of breakthrough innovation (Boden, 1998; 
Cropley, 2025). It can generate novel combinations, identify cross-domain connections, and propose solutions 
to well-defined problems (Boden, 2004). It can achieve breakthrough results when embedded in human-led 
research programs that supply the problem definition and evaluation criteria (Jumper et al., 2021; Merchant et 
al., 2023). However, it cannot autonomously produce complete breakthrough innovative thinking because it 
lacks the counterfactual reconstruction, experimental validation, and social-value capabilities that are essential 
for the complete cycle of breakthrough innovation (Boden, 1998; Pearl, 2009; Schumpeter, 1976). 

The future path lies not in replacing human innovators with AI but in constructing human-AI-experiment-
society coupled systems that combine the strengths of each component (Fukumura and Ito, 2025). Humans 
supply value commitment, risk-taking, problem redefinition, and meta-cognitive self-negation (Boden, 1998; 
Schumpeter, 1976). AI supplies statistical generation, cross-domain connection, and systematic exploration at 
scale (LeCun et al., 2015). Experimental platforms supply empirical validation and iteration (Pearl, 2009; 
Zhang et al., 2025). Social institutions supply the conditions that support risk-taking and non-conformity 
(Schumpeter, 1976; Christensen, 1997). The coupling of these components creates the conditions for 
breakthrough innovation (Zhang, 2016; Boden, 2004). 
10.4 Outlook 
The theory proposed here provides a framework for future research on AI and breakthrough innovation. The 
most promising direction is the development of hybrid systems that integrate human and AI capabilities in 
ways that compensate for their respective limitations (Fukumura and Ito, 2025; Boden, 1998). This requires 
advances in causal world modeling (Pearl, 2009; Zhang, 2021a-c; Nam et al., 2026), experimental closure 
(Ujváry et al., 2025), value alignment (Boden, 1998), and meta-cognitive monitoring (Zhang, 2026a). It also 
requires institutional innovations that support the collaboration between humans, AI, and experimental 
platforms (Schumpeter, 1976; Christensen, 1997). The question is not whether AI can replace human creativity 
but whether the coupling of human and AI capabilities can produce forms of breakthrough innovation that 
neither could achieve alone (Boden, 1998; Fukumura and Ito, 2025). 
 
 
Appendix  
Detailed Computational Methods 
 
A.1 Formalization of the Breakthrough Innovation Occurrence Function 
 
The breakthrough innovation occurrence function is defined as: 
 
B = Sα · Cβ · Eγ · Vδ · Mε 
 
where: 
 
B ∈ [0,1] represents the probability or degree of breakthrough innovation occurrence 
S ∈ [0,1] represents the statistical generation capability 
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C ∈ [0,1] represents the counterfactual reconstruction capability 
E ∈ [0,1] represents the experimental validation capability (Pearl, 2009) 
V ∈ [0,1] represents the value commitment and social cognition capability (Schumpeter, 1976) 
M ∈ [0,1] represents the meta-cognitive monitoring and self-negation capability 
α, β, γ, δ, ε > 0 are parameters representing the relative importance of each component 
 
The multiplicative form captures the necessary condition property: B approaches zero if any component 
approaches zero. This formalizes the intuition that all five components are required for breakthrough 
innovation (Boden, 2004). 
 
A.2 Parameter Estimation Procedure 
 
The parameters α, β, γ, δ, ε can be estimated through maximum likelihood estimation using data on 
breakthrough innovation outcomes and measured levels of each component (Hastie et al., 2009). The log-
likelihood function is: 
 
L(α, β, γ, δ, ε) = Σᵢ [yᵢ · log(Bᵢ) + (1-yᵢ) · log(1-Bᵢ)] 
 
where yᵢ∈{0,1} indicates whether breakthrough innovation occurred in case i, and Bᵢ is computed using the 
measured component values for case i (Hastie et al., 2009). 
 
A.3 Simulation Design 
 
To explore the behavior of the model under different parameter settings, simulation experiments can be 
conducted by varying the component values and observing the resulting B values. The simulation would 
systematically vary each component from 0 to 1 while holding others constant, generating response curves that 
show how B changes with each component. Additional simulations would vary multiple components 
simultaneously to explore interaction effects. 
 
A.4 Empirical Measurement Instrument 
 
The measurement of S, C, E, V, and M would require validated instruments (Lamb et al., 2018). S could be 
measured through standard creativity tests assessing combinatorial and exploratory creativity (Boden, 2004). C 
could be measured through problem redefinition tasks and counterfactual reasoning assessments (Pearl, 2009). 
E could be measured through experimental design and implementation tasks. V could be measured through 
risk-taking and persistence assessments (Schumpeter, 1976). M could be measured through meta-cognitive 
monitoring tasks (Flavell, 1979). The development and validation of these instruments is a priority for future 
research (Fukumura and Ito, 2025). 
 
A.5 Case Coding Scheme 
 
For the comparative case analysis, a coding scheme was developed to assess each case on the five dimensions 
(Boden, 1998). Each dimension was coded on a 1-5 scale based on the degree to which the case exhibited the 
corresponding capability (Boden, 2004). Inter-rater reliability would be established through independent 
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coding by multiple raters (Creswell and Creswell, 2022).  
 
The full Case Coding Scheme is written as a stand-alone codebook that can be used by independent raters. The 
five dimensions follow the operationalization in Section 3.1, which draws on Gero (2000), Casakin (2010), 
Boden (2004), Pearl (2009), etc. The scale anchors and decision rules are designed for comparative case 
analysis, not for psychometric measurement of individuals. 
 
A.5.1 Purpose and Scope 
 
This coding scheme assesses the degree to which a case exhibits breakthrough innovative thinking along five 
dimensions. It is intended for comparative analysis of AI-assisted, human-led, and hybrid innovation cases. It 
can also be used to compare AI-autonomous cases if and when they exist. The scheme does not assume that a 
case must be fully autonomous to be coded. It codes the observable capability profile of the case. 
 
A.5.2 Unit of Analysis 
  
The unit of analysis is a case episode. A case episode is a bounded innovation attempt that has a identifiable 
problem formulation, a set of actors, a knowledge base, an intervention or experimental component, and a 
documented outcome or output. The same organization or system may contribute multiple case episodes if the 
problem formulations differ substantially. 
 
A.5.3 Five Dimensions and Operational Definitions 
 
Dimension 1. Questioning default assumptions. This dimension assesses whether the case identifies and 
challenges implicit presuppositions that constrain problem formulation and solution search (Gero, 2000). 
Evidence includes explicit statements that a premise is being rejected, tests of an assumption that was 
previously taken for granted, or generation of alternatives that require dropping a default constraint. 
 
Dimension 2. Redefining problems. This dimension assesses whether the case reformulates the problem space 
itself rather than only searching within a given space (Boden, 2004; Gero, 2000). Evidence includes changes in 
the objective function, changes in the variables considered relevant, changes in the success criteria, or a shift 
from one problem class to another. 
 
Dimension 3. Cross-domain connection. This dimension assesses whether the case identifies structural 
similarities across domains and transfers knowledge from one domain to another (Casakin, 2010; Gero, 2000). 
Evidence includes analogies, metaphors, imported methods, or transferred formalisms that are not superficial 
but are used to generate new hypotheses or designs. 
 
Dimension 4. Systemic reconstruction. This dimension assesses whether the case reconfigures multiple 
components and their relationships into a coherent new whole (Abernathy and Clark, 1985; Henderson and 
Clark, 1990). Evidence includes changes in architecture, interfaces, feedback loops, component roles, or 
system-level goals that go beyond local modification. 
 
Dimension 5. Rapid experimental validation. This dimension assesses whether the case translates ideas into 
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testable interventions and learns from the results in iterative cycles (Pearl, 2009; Zhang, 2016). Evidence 
includes experimental design, simulation testing, robotic execution, real-world trials, or closed-loop revision 
based on empirical feedback. 
 
A.5.4 Five-Point Anchored Rating Scale 
 
Each dimension is coded on a 1 to 5 scale. The anchors are as follows. 
 
Score 1. Absent or negligible. The case shows no meaningful evidence of the capability. The problem is 
accepted as given. No alternative assumption is tested. No cross-domain transfer occurs. No system-level 
reconfiguration occurs. No empirical test or feedback loop is present. 
 
Score 2. Weak. The case shows a minimal or prompted instance of the capability. An assumption is mentioned 
but not challenged in action. A problem is restated in minor terms without changing the search space. A 
surface analogy is used. One component is changed while the architecture remains intact. A test is proposed 
but not executed, or executed without feedback. 
 
Score 3. Moderate. The case shows a clear but bounded instance of the capability. Several assumptions are 
identified and alternatives are generated within the same paradigm. The problem is reframed in a way that 
changes the search space but remains within the existing paradigm. A structural analogy is used with partial 
mapping. Multiple components are integrated into a new configuration. A limited test is executed in simulation 
or a controlled setting, with some learning. 
 
Score 4. Strong. The case shows a systematic and consequential instance of the capability. Core assumptions 
are challenged and alternative problem formulations are opened. The problem is redefined across a paradigm 
boundary, with new variables or objectives. A deep structural correspondence is identified and used to 
generate new hypotheses. The system architecture is reconstructed with new interfaces and feedback. An 
iterative test-learn cycle is executed in a real or high-fidelity environment. 
 
Score 5. Transformative. The case shows a foundational and paradigm-changing instance of the capability. A 
foundational assumption is rejected and a new evaluative criterion or paradigm is established. A new problem 
class is created, and the old problem becomes a special case or becomes irrelevant. A new interdomain 
framework is created that reorganizes both domains. A new system-level paradigm is established with new 
components and goals. A closed-loop autonomous experimentation process revises both hypotheses and the 
system itself. 
 
A.5.5 Decision Rules 
 
Rule 1. Code the highest level of evidence observed, not the average or intended level. If the case contains one 
strong instance and several weak instances, code the strong instance for that dimension. 
 
Rule 2. Do not infer capability from output quality alone. A novel output does not by itself prove that 
assumptions were questioned or that problems were redefined. Code the process evidence. 
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Rule 3. Distinguish prompted from spontaneous capability. If the capability appears only after an external 
prompt, code it at least one point lower than if it appears spontaneously in the case record. 
 
Rule 4. Distinguish simulation from real-world validation. A simulation-only test can receive at most score 3 
on Dimension 5 unless the simulation is high-fidelity and closed-loop. 
 
Rule 5. Distinguish human-led from AI-autonomous action. Use the autonomy code in A.5.6 in addition to the 
five dimension scores. Do not collapse autonomy into the dimension scores. 
 
Rule 6. If evidence is insufficient, code as 1 or mark NA. Do not guess. Report missing evidence in the coding 
sheet. 
 
Rule 7. If two coders disagree by more than one point on any dimension, they must resolve the disagreement 
by returning to the case record and applying the anchors again. 
 
A.5.6 Autonomy Code 
 
Each case also receives an autonomy code. This code is separate from the five dimension scores. 
 
A0. No AI. The innovation process is entirely human. 
 
A1. AI as tool. AI performs a narrow auxiliary function such as search, formatting, or calculation. The problem 
formulation, evaluation, and decision authority remain human. 
 
A2. AI as assistant. AI generates candidate ideas or analyses under human direction. Humans select, reframe, 
and validate. 
 
A3. AI as co-designer. AI contributes to problem formulation, hypothesis generation, and solution refinement 
in an interactive loop with humans. 
 
A4. AI as autonomous generator. AI generates and tests candidates within a defined problem space without 
continuous human direction. Humans define the problem and evaluate the output. 
 
A5. AI as autonomous breakthrough agent. AI independently performs the full cycle of questioning 
assumptions, redefining problems, connecting domains, reconstructing systems, and validating experimentally. 
This code should be used only with direct evidence. 
 
A.5.7 Case Selection and Data Sources 
 
Cases should be selected to represent different domains, different autonomy codes, and different degrees of 
paradigm change. Recommended case types include protein structure prediction (Jumper et al., 2021), 
materials discovery (Merchant et al., 2023; Zeni et al., 2025), mathematical reasoning (Sun et al., 2025), 
artistic generation (Kim et al., 2025), multi-agent scientific collaboration (Swanson et al., 2025), causal world 
modeling (Nam et al., 2026), and embodied experimentation (Lin et al., 2026; Zhuang et al., 2026). 
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Data sources should include peer-reviewed papers, preprints, official technical reports, code repositories, 
experimental logs, and documented interviews where available. News reports may be used for context but 
should not be the sole basis for a score above 3 on any dimension. 
 
A.5.8 Coding Procedure 
 
Step 1. Assemble the case record. Extract all passages that describe problem formulation, assumptions, 
analogies, system changes, experiments, and feedback. 
 
Step 2. Segment the case record by dimension. A single passage may provide evidence for more than one 
dimension. 
 
Step 3. Score each dimension independently. Do not let a high score on one dimension influence another 
dimension. 
 
Step 4. Assign the autonomy code. 
 
Step 5. Write a brief evidence note for each score. The note must cite the specific page, section, figure, or code 
commit where the evidence appears. 
 
Step 6. Repeat with a second independent coder. 
 
Step 7. Compare scores. If disagreements exceed one point, hold a consensus meeting. If disagreements remain, 
record both scores and report the discrepancy. 
 
A.5.9 Inter-Rater Reliability 
 
Inter-rater reliability should be established before the main coding round. Use at least two independent coders 
on a training set of cases. Report the intraclass correlation coefficient for the five dimension scores and the 
percentage agreement for the autonomy code. A common threshold is ICC above 0.75 for good reliability and 
above 0.90 for excellent reliability. If reliability is below threshold, revise the anchors and retrain the coders. 
Creswell and Creswell (2022) provide general guidance on establishing reliability in mixed-methods research. 
 
A.5.10 Coding Sheet Template 
 
Case ID: 
 
Case name: 
 
Domain: 
 
Source references: 
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Autonomy code: 
 
Dimension 1. Questioning default assumptions. Score 1 to 5. Evidence note. 
 
Dimension 2. Redefining problems. Score 1 to 5. Evidence note. 
 
Dimension 3. Cross-domain connection. Score 1 to 5. Evidence note. 
 
Dimension 4. Systemic reconstruction. Score 1 to 5. Evidence note. 
 
Dimension 5. Rapid experimental validation. Score 1 to 5. Evidence note. 
 
Overall profile. Q, R, C, S, E. 
 
Coder initials: 
 
Date: 
 
Consensus score if applicable: 
 
Disagreement note: 
 
A.5.11 Illustrative Coding Example 
 
The following example is for training only. It is not a final empirical coding of the case. 
 
Case: A hypothetical AI system that predicts protein structures. 
 
Autonomy code: A4. AI as autonomous generator within a defined problem space. 
 
Dimension 1. Questioning default assumptions. Score 2. The case record shows that the system was asked to 
question whether the input representation was sufficient, but the challenge was prompted by human 
researchers and did not lead to a new problem formulation. 
 
Dimension 2. Redefining problems. Score 1. The problem remained fixed as sequence-to-structure prediction. 
No new objective or success criterion was introduced. 
 
Dimension 3. Cross-domain connection. Score 4. The system imported attention mechanisms and geometric 
constraints from other domains and used them to generate new structural hypotheses. 
 
Dimension 4. Systemic reconstruction. Score 4. The system reconstructed the prediction pipeline by 
integrating multiple modules for sequence representation, geometric reasoning, and structure refinement. 
 
Dimension 5. Rapid experimental validation. Score 5. The system was validated against experimental 
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structures in a closed-loop benchmark, and errors were used to revise the model. 
 
Overall profile: Q2, R1, C4, S4, E5. 
 
This profile indicates a strong statistical and experimental engine with weak problem redefinition and 
assumption questioning. It is consistent with the theoretical position that generative AI can be a powerful 
candidate generator and validator within a human-defined paradigm, but not an autonomous breakthrough 
agent. 
 
A.5.12 Aggregation and Reporting 
 
Do not sum the five dimension scores into a single creativity score. Report the profile vector. The profile 
vector preserves information about which capabilities are present and which are absent. If an aggregate is 
required for communication, report the geometric mean and clearly state that it is not a substitute for the 
profile. A case with scores Q1, R1, C5, S5, E5 has a different profile from a case with Q5, R5, C1, S1, E1, even 
if the arithmetic sum is the same. 
 
A.5.13 Limitations 
 
The scheme relies on documented evidence. Cases with poor documentation will receive lower scores by 
default. The scheme cannot distinguish between a capability that is absent and a capability that is present but 
undocumented. Coders should report documentation quality alongside the scores. The scheme also cannot 
resolve the philosophical question of whether AI systems have genuine understanding. It codes observable 
capability, not inner experience. 
 
A.5.14 Summary 
 
The full Case Coding Scheme consists of five dimensions, a five-point anchored scale, an autonomy code, 
decision rules, a coding procedure, a reliability protocol, a coding sheet template, and an illustrative example. 
It is designed to be used with the Three-Engine Four-Layer Coupling model in Section 6 and the empirical 
validation plan in Section 8. It can be applied to current AI-assisted cases and to future AI-autonomous cases 
without changing the core dimensions. 
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