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Abstract.  AI-powered educational technologies promise to enhance 
personalization, efficiency, and accessibility. However, this paper argues that 
modern AI-driven learning environments increasingly prioritize seamless 
automation over cognitive conflict, uncertainty, and disruption, key 
mechanisms for learning. Drawing on theories of cognitive disequilibrium, 
prediction error, and systems thinking, we examine how early AI learning 
systems embraced productive struggle, while contemporary adaptive platforms 
focus on minimizing errors and optimizing user experience. Finally, we explore 
the role of Human-Computer Interaction (HCI) in shaping AI’s educational 
future, advocating for intentional disruptions that foster engagement and 
conceptual change. 
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1  Introduction 

The use of Artificial Intelligence in education has gained significant interest in recent 
years, with public discourse highlighting its potential to enhance learning experiences, 
improve accessibility, and provide personalized instruction at scale [1, 2]. On the 
scientific front, AI-powered educational technologies (including Intelligent Tutoring 
Systems (ITSs), adaptive learning platforms, and generative AI tools) have long 
promised to revolutionize teaching and learning by providing data-driven insights, 
automating feedback, and tailoring content to individual learners’ needs (e.g., [3,4,5]). 
Yet, despite over 30 years of research in Artificial Intelligence in Education (AIEd), 
many educators remain unsure how to leverage these technologies pedagogically or 
understand their meaningful impact on teaching and learning [6]. Despite the growing 
interest, research in this field remains largely dominated by descriptive and pilot 
studies with a technological focus, as well as quantitative, quasi-experimental 
methods. The limited presence of longitudinal studies suggests that there is still 
significant opportunity to explore new approaches to better understand AI’s potential 
[6, 7]. 

Finally, as AI increasingly mediates the learning process, concerns have emerged 
regarding its pedagogical assumptions and their alignment with established theories of 
learning [6, 8, 9].  
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Building on these concerns, this paper examines the role of cognitive conflict, 
uncertainty, and disruption in learning, particularly in the context of AI-driven 
education. Section 2 explores how theories of learning emphasize cognitive 
disequilibrium as a driver of conceptual change, tracing its roots from Piaget’s work 
to contemporary computational models. Section 3 examines early AI-based learning 
systems, such as Intelligent Tutoring Systems (ITSs) and expert systems, highlighting 
how they integrated cognitive conflict and error-driven learning. In contrast, Section 4 
analyzes modern adaptive AI platforms, which largely prioritize efficiency and 
personalization over productive struggle. Section 5 extends the discussion to broader 
implications within AI and Human-Computer Interaction (HCI), questioning whether 
AI’s trajectory toward automation and frictionless interaction risks undermining 
deeper learning processes. Finally, Section 6 offers concluding reflections on the 
challenges and opportunities of designing AI-driven education that embraces, rather 
than eliminates, cognitive friction. 

2  The Role of Uncertainty and Conflict in Learning: A 
Historical Perspective 

Understanding how individuals process and integrate conflicting information has long 
been a central question in cognitive and educational psychology. Theories of learning 
have actually consistently emphasized the role of uncertainty, contradiction, and 
disruption in driving cognitive development and adaptation. 

This section traces the evolution of these theories, highlighting how learning is not 
a passive accumulation of knowledge, but an active, iterative process driven by 
cognitive conflict, uncertainty, and environmental disruptions. 

 
2.1  The Origins:  Cognitive Disequilibrium and Conceptual Change 
 
We will begin our historical overview with Jean Piaget’s theory of cognitive 
disequilibrium. This theory postulates that learning is not a passive accumulation of 
knowledge, but an active process driven by the conflict between new experiences and 
pre-existing mental schemas. Piaget asserted that when individuals encounter 
information that contradicts their prior knowledge, they enter a state of cognitive 
disequilibrium, a psychological discomfort that prompts them to revise, reorganize, or 
expand their understanding [10]. This process occurs through assimilation, where new 
information is incorporated into existing cognitive structures, and accommodation, 
where mental models are adjusted to resolve inconsistencies. This disequilibrium, that 
we could also define as a cognitive imbalance [11] is thus a necessary catalyst for 
intellectual growth, as learners are motivated to restore equilibrium by modifying 
their knowledge framework to incorporate the unexpected information [12]. Piaget’s 
work laid the foundation for constructivist learning theories and the idea that 
knowledge is actively constructed by learners through active engagement with novel 
and sometimes contradictory information, rather than passively absorbed. 

In the same years Leon Festinger’s [13] cognitive dissonance theory explored the 
psychological discomfort experienced when individuals encounter information 
inconsistent with their beliefs, leading them to adjust their cognitions to reduce this 
discomfort. It’s worth to note that Festinger explores how people deal with conflicting 
beliefs and attitudes, particularly in social and decision-making contexts and not in 
learning contexts. However, while Festinger’s work is more focused on the social 
psychology of belief and behavior change, his theory helps explain why individuals 
might resist new information or selectively reinterpret it.  
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Another psychologist who contributed to this topic in the 1950/60s was Daniel 
Berlyne [14]. Berlyne affirmed that curiosity serves as a motivational prerequisite for 
exploratory behavior [15]. He distinguished between different types of curiosity, 
notably perceptual curiosity, which is awakened by novel stimuli and diminishes with 
exposure, and epistemic curiosity, a desire for knowledge that motivates learning and 
intellectual exploration. Stimulus properties such as novelty, complexity, uncertainty, 
and conflict affect an individual’s motivation to explore. These variables can create a 
sense of uncertainty or conflict, prompting exploratory behavior to resolve the 
ambiguity. However, if the discrepancy between expectations and actual information 
is too large, expectation change decreases [16].  

Back to learning theories and expanding on Piaget’s idea in more recent years, 
Chinn and Brewer [17] detailed how learners react to anomalous data (and thus to 
information that directly contradicts their existing beliefs). According to the authors, 
learners exhibit a range of responses when confronted with unexpected findings, 
including outright rejection, reinterpretation, or complete restructuring of their 
conceptual framework [17]. Their findings help to explain, for example, why students 
who hold naive physics misconceptions about motion may initially resist 
experimental evidence contradicting their beliefs, and why, with sufficient cognitive 
engagement and scaffolding, they may undergo conceptual change, leading to a 
deeper and more accurate understanding.  

Less widely known is D’Mello et al. [18] work which explored the effects of 
confusion as a learning mechanism. Their research demonstrated that when learners 
encounter uncertainty, contradictions, or unexpected outcomes, they are more likely 
to engage in deep cognitive processing, provided that the confusion is effectively 
resolved. The study found that well-designed learning environments that strategically 
introduce cognitive dissonance can lead to stronger conceptual retention and more 
adaptive problem-solving skills. This supports the idea that productive struggle, rather 
than immediate clarity, fosters durable learning. 

To summarize, in these theories learning is not a passive accumulation of 
knowledge, but a dynamic process shaped by tension between existing beliefs and 
new information. When individuals encounter contradictions, they experience a 
cognitive disequilibrium that compels them to revise and expand their understanding. 
Rather than impeding learning, uncertainty and contradiction fuel intellectual growth, 
much like curiosity draws individuals toward exploration and discovery. The struggle 
to reconcile contradictions is thus not merely an obstacle but a necessary force in 
learning. When uncertainty is carefully introduced and effectively resolved, it fosters 
engagement, strengthens retention, and enhances problem-solving skills. Yet, 
responses to such challenges are not uniform: some may reject conflicting information 
outright, while others reinterpret or fully restructure their understanding, revealing the 
difficulty of conceptual change.  

Learning, then, is not best supported by immediate clarity, but by the productive 
discomfort that drives individuals to question, adapt, and ultimately construct more 
robust knowledge frameworks. 

 
2.2  From Cognitive Conflict  to Prediction Errors:  A Computational 
Perspective on Learning 
 
While cognitive disequilibrium and conceptual change theories emphasize the role of 
psychological discomfort and conceptual restructuring in learning, recent advances in 
cognitive science have formalized these processes through mathematical and 
neuroscientific frameworks. The mathematical turn in cognitive science (including for 
example predictive processing, Bayesian inference, and error-driven learning) revives 
and refines early computational models of the brain. However, while early theories 
treated the brain as a calculator, today’s models propose a more dynamic, 
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probabilistic system that constantly adjusts its internal representations based on real-
world interactions, emphasizing neural computation and embodied cognition. In 
Bayesian learning models, the brain does not treat knowledge as fixed or absolute, but 
rather as a set of evolving probabilities that change with new experiences. Instead of 
storing rigid facts, the brain assigns degrees of certainty to different beliefs, adjusting 
them based on incoming information. This means that learning is a continuous 
process of refining expectations, rather than simply replacing old knowledge with 
new facts and that learners do not passively absorb information but actively construct 
and refine mental models through continuous prediction and correction. 

For example, according to Clark [19], the human brain operates as a predictive 
engine, continuously generating expectations about incoming sensory information 
based on prior experiences. When these expectations are violated, a prediction error 
occurs, signaling that the learner’s internal model of the world requires updating [19]. 
This mechanism aligns with Bayesian inference principles, where new information is 
weighted against prior knowledge, and the brain updates its predictions accordingly.  

Other studies in cognitive neuroscience suggest that these Bayesian principles are 
fundamental to human reasoning, motor learning, and perceptual adaptation (e.g.; [20, 
21]. For example, research in physics education [22, 23, 24] has shown that when 
students predict the outcome of an experiment and then observe a result that 
contradicts their expectation, they are more likely to reflect, question their 
assumptions, and revise their conceptual models than if they were merely provided 
with an answer upfront.  

Interesting enough, these Bayesians models are reflected in neuroscientific studies. 
Schultz et al. [25], for example, demonstrated that when individuals encounter an 
unexpected outcome, the dopamine system in the brain is activated, reinforcing 
learning and prompting behavioral adjustments [25]. In particular, their work on 
reinforcement learning suggests that unexpected rewards produce stronger neural 
encoding than anticipated ones, reinforcing the importance of designing educational 
experiences that introduce controlled elements of surprise. This neuroscientific 
evidence underscores that unexpected learning moments are biologically wired to 
enhance retention and adaptability [26, 27], reinforcing the need for pedagogical 
strategies that introduce productive uncertainty. 

In summary, prediction errors and computational models expand on earlier theories 
of learning by showing that rather than simply resolving contradictions, learners are 
engaged in an ongoing probabilistic refinement of knowledge, where unexpected 
events serve as catalysts for deeper reflection and restructuring of mental models. 

 
2.3 Learning in Complex Systems: Adapting to Feedback, Disruptions,  
and Uncertainty 
 
While Bayesian models and predictive processing provide a computational framework 
for individual learning, real-world learning often takes place in dynamic, 
interconnected systems, where surprises and disruptions expose hidden causal 
relationships. In these environments, learning is not only about refining internal 
predictions but also about adapting to complex, unpredictable external forces. Unlike 
the individual updating of beliefs described in 2.2, systems learning requires 
responding to interdependent variables, feedback loops, and emergent behaviors that 
defy straightforward cause-and-effect reasoning. Unexpected challenges in such 
systems force learners to rethink causal assumptions, refine mental models, and 
develop more sophisticated problem-solving strategies [28, 29].  

Systems Thinking, introduced by Meadows [30], offers a framework for 
understanding how disruptions reveal hidden relationships in complex systems. The 
theory emphasizes that real-world problems are interconnected and often behave in 
non-linear ways, thus recognizing that small changes can create disproportionate 
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ripple effects, requiring learners to shift from linear to systemic reasoning. When 
learners engage with dynamic, complex systems (such as ecosystems, economic 
models, or, we could add, AI decision-making processes) unexpected disruptions can 
force them to reassess cause-and-effect relationships and develop more sophisticated 
mental models [31].  

One of the most well-known applications of systems-based learning is climate 
science education. Research has shown that students struggle to grasp climate 
feedback loops and emergent behaviors unless they are presented with interactive 
simulations where variables behave unpredictably [29]. This reinforces Meadows’ 
assertion that true understanding does not arise from memorizing isolated facts but 
from grasping the intricate, often chaotic interactions between elements in a system. 

To summarize, theories of cognitive disequilibrium (2.1) and prediction errors 
(2.2) have demonstrated how learning thrives on contradiction and uncertainty at an 
individual level. However, real-world learning rarely happens in isolation: it unfolds 
in complex, interconnected systems, where feedback loops, emergent behaviors, and 
non-linear relationships challenge traditional cause-and-effect reasoning. Rather than 
refining internal predictions alone, learners navigating complex systems must 
continuously reassess their assumptions in response to external perturbations.  

3 Early AI in Learning: Expert Systems and Intelligent 
Tutoring Systems 

As we have seen in Section 2, theories of learning have long emphasized the role of 
cognitive conflict, uncertainty, and environmental disruptions in shaping knowledge 
acquisition. These foundational theories have not only influenced educational 
psychology but have also informed the development of AI-driven learning 
environments from the 1970s to the 1990s.  

Early AI applications in education, in fact, sought to replicate expert reasoning and 
adapt instructional content to individual learners, incorporating principles of cognitive 
conflict and error-driven learning.  

The following sections examine how expert systems and Intelligent Tutoring 
Systems (ITSs) emerged as early attempts to bring these pedagogical theories into AI-
powered learning environments. 

 
3.1 Expert  Systems and Early AI in Education 
 
Expert systems were among the first AI applications in education, designed to 
simulate human expert decision-making within specific domains [32]. These systems 
relied on rule-based reasoning and symbolic AI to guide learners through problem-
solving processes by structuring knowledge representation and inference mechanisms 
[33, 34]. One of the earliest and most influential expert systems was MYCIN [34], a 
medical diagnostic system that provided explanations for its reasoning. Although 
MYCIN was designed for medical diagnosis, it influenced intelligent tutoring systems 
by demonstrating how AI could model expert reasoning and provide explanations. 

Building on the success of MYCIN, in fact, Clancey [35], developed GUIDON, 
which adapted MYCIN’s rule-based structure for instructional purposes. GUIDON 
allowed learners to interact with the system, receive expert feedback, and refine their 
problem-solving strategies. This approach aligned with constructivist learning 
theories, particularly in its emphasis on active engagement with expert knowledge and 
structured problem-solving. Rather than relying on passive information transfer, 
GUIDON encouraged learners to explore domain knowledge interactively and 
develop reasoning skills through guided explanations. However, these systems were 
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not designed to introduce contradictions. Instead, they helped users navigate expert 
rules and receive explanations, more in line with scaffolding and guided instruction 
rather than cognitive conflict. 

 
3.2 The Rise of Intell igent Tutoring Systems 
 
Parallel to expert systems, the 1970s and 1980s saw the development of Intelligent 
Tutoring Systems, which aimed to provide individualized, adaptive instruction based 
on a learner’s cognitive state [36]. Unlike traditional computer-assisted instruction, 
ITSs sought to dynamically adjust content delivery and problem-solving feedback, 
making them more responsive to learners’ needs [37].  

One of the earliest ITSs, SCHOLAR [38], used semantic networks to structure 
knowledge representation in geography education. SCHOLAR allowed learners to 
engage in natural language dialogue, making it one of the first AI systems to 
incorporate interactive question-answering as a pedagogical tool. However, this 
system did not explicitly introduce contradictions or challenge misconceptions as it 
was more of a structured knowledge retrieval system. 

More relevant to the purposes of this paper, SOPHIE [39] introduced learning 
through error detection, in which students’ incorrect solutions were analyzed to 
generate targeted feedback. This method reflected research on conceptual change and 
the role of cognitive conflict in learning [17]. 

Finally, a particularly influential ITS was Andes, developed in the 1990s to teach 
physics [40]. Andes implemented constraint-based tutoring, ensuring that errors led to 
adaptive, problem-specific feedback rather than generic responses. Andes was one of 
the most advanced tutoring systems developed in the late 1990s and early 2000s, and 
it contributed significantly to research on cognitive models of learning, adaptive 
feedback, and student problem-solving behavior [40]. Its design was consistent with 
cognitive theories suggesting that learning occurs most effectively when students 
experience productive struggle and have opportunities to resolve conceptual 
contradictions. 

 
3.3 Cognitive Conflict  and AI-Driven Learning in Early Systems 
 
Many early AI learning systems were directly influenced by constructivist learning 
theories (e.g.; Piaget) and cognitive disequilibrium models, emphasizing that 
contradictions between prior knowledge and new information drive conceptual 
change. Some AI-based tutoring systems employed Socratic dialogue techniques, 
encouraging students to articulate reasoning and reflect on inconsistencies in their 
understanding [41]. 

 Socratic dialogue is an instructional method rooted in the questioning approach 
used by Socrates, where an instructor (or system) poses a series of carefully structured 
questions to guide learners toward deeper reflection and self-correction. Instead of 
providing direct answers, these systems prompted students to justify their reasoning, 
identify gaps in their knowledge, and refine their mental models through critical 
thinking. For example, AutoTutor [42] used natural language processing to engage 
students in Socratic questioning, challenging misconceptions and prompting self-
explanation. By fostering metacognitive awareness and conceptual change, these 
systems leveraged cognitive conflict as a mechanism for deeper learning.  

One significant development in this regard was the “BUGGY model” approach 
[43], which simulated common student misconceptions to highlight cognitive 
conflicts. By intentionally exposing learners to conflicts between their intuitive 
understanding and correct principles, these systems fostered conceptual change, 
aligning with Chinn and Brewer’s [17] research on responses to anomalous data. 
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Additionally, AI-driven simulation-based learning environments were developed to 
integrate controlled disruptions. These systems allowed learners to interact with 
dynamic, unpredictable scenarios, reinforcing adaptability and real-time problem-
solving. For example, early AI-driven training simulations, such as those used in 
procedural learning and virtual environments, introduced unexpected variables to 
challenge students’ assumptions and encourage flexible thinking [44, 45].  

 
3.4 Transit ion from Rule-Based AI to Machine Learning (1990s) 
 
By the 1990s, AI in education began shifting from rule-based expert systems to 
machine learning-driven models, incorporating probabilistic reasoning and adaptive 
learning. The already cited AutoTutor [42] was one of the first ITSs to integrate 
natural language processing, allowing more fluid interactions between students and 
AI tutors. 

This shift also aligned with the rise of Bayesian inference models, which framed 
learning as a probabilistic process of updating beliefs based on new information [46]. 
Rather than relying on fixed rules, AI systems began using predictive algorithms to 
estimate learner comprehension and provide tailored instructional scaffolding [3]. We 
will delve further into this matter in the next section.  

To summarize, the historical evolution of AI in learning reveals a trajectory from 
rule-based expert systems to adaptive, machine learning-driven educational platforms. 
Early AI applications used cognitive conflict, conceptual change, and productive 
struggle as central elements for effective learning. These systems, while constrained 
by their reliance on symbolic AI, pioneered individualized, disruption-based learning 
experiences. 

It's worth to note that these models were recognized in academic research settings, 
but they were not widely applied or known to the general public. Their adoption 
remained limited by computational constraints, lack of widespread computing 
resources, and the challenge of integrating AI into traditional education at the time. 

4  Learning Through Unexpected Outcomes in Technology 
Enhanced Learning – Recent years.  

The theories explored in Section 2 converge on a central insight: unexpected 
outcomes are a fundamental driver of learning and learning is not a passive 
accumulation of knowledge but an active, disruption-driven process. The presented 
theories emphasize that effective learning environments should intentionally 
introduce controlled discrepancies, cognitive dissonance, and unpredictable feedback 
loops to engage learners in deeper, more adaptive cognitive processing. As we saw in 
Section 3, the same theories have historically been applied to AI-based learning. But 
what about more recent years?  

This section will focus on the use of disruptions to enhance cognitive engagement 
and foster adaptive learning strategies in Technology Enhanced Learning (TEL) after 
2010. In the second part of this section, we will address the role of disruption in AI-
powered learning systems in recent days.  

 
4.1 Unexpected Outcomes in Technology-Enhanced Learning  
 
As far as the author of this paper knows, in recent years only a small subset of 
research in Technology-Enhanced Learning has incorporated controlled disruptions as 
a means of fostering deeper engagement and adaptive learning. However, the findings 
of these studies are highly interesting. These unexpected elements act as cognitive 
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perturbations, prompting learners to revise mental models, develop problem-solving 
skills, and engage in metacognitive reflection [47, 48].  

Gamification, in particular, has emerged as a widely used strategy within TEL to 
enhance motivation and learning retention, often through dynamic goal-setting, 
feedback variability, and the strategic introduction of obstacles [49]. While gamified 
systems frequently emphasize predictable reinforcement mechanisms (e.g., immediate 
rewards and achievements), research suggests that incorporating unexpected feedback 
and variable reinforcement can lead to deeper engagement and resilience. For 
example, Sailer and Homner [50] conducted a meta-analysis on gamification in 
education and found that challenge-based learning elements, including unpredictable 
game mechanics and controlled failures, encouraged cognitive reevaluation and 
persistence. However, they also noted that excessive unpredictability could lead to 
frustration and disengagement, highlighting the need to carefully calibrate uncertainty 
in learning environments. Similarly, Seaborn and Fels [51] explored how dynamic 
goal structures and unexpected setbacks in gamification improve problem-solving 
skills by forcing learners to adapt to changing conditions rather than relying on 
memorization strategies. 

Beyond gamification, simulated learning environments provide a controlled yet 
unpredictable setting in which learners must navigate uncertainty and adapt in real 
time. For example, studies in medical education and emergency response training 
illustrate how introducing unexpected patient complications or crisis scenarios 
enhances diagnostic accuracy and decision-making [52]. Similarly, research in 
aviation training demonstrates that flight simulators incorporating unpredictable 
system failures and environmental hazards significantly improve pilots’ crisis 
management skills [53].  

These findings reinforce the argument that deliberate unpredictability in 
simulations strengthens transfer learning, improving learners’ ability to apply 
knowledge in novel real-world contexts [54].  
 
4.2 AI Driven Systems 
 
AI in education shows in recent years even less examples of the usage of disruption 
strategies. As far as we know, current AI-based learning platforms prioritize, in fact, 
efficiency, personalization, and scaffolding, often avoiding cognitive conflict or 
failure-based learning. Most AI-driven commercial educational platforms (such as 
Khan Academy, Duolingo, Coursera, and so on) leverage personalized learning paths 
that optimize instruction to match a learner’s current level of understanding. These 
systems analyze user performance and dynamically adjust content to ensure 
maximum efficiency in skill acquisition. While this approach increases engagement 
and accessibility, it largely avoids the kind of cognitive conflict necessary for 
conceptual change. 

For example, Duolingo’s adaptive algorithm aims to keep learners in a state of 
optimal engagement by providing incremental difficulty progression and immediate 
corrective feedback, reducing frustration but also minimizing conceptual struggle. 
While this may help users acquire vocabulary efficiently, it does not actively 
encourage deep linguistic reflection or metacognitive engagement with language 
structure. Similarly, Khan Academy’s mastery-based progression model ensures 
students advance only when they demonstrate proficiency in a given skill but does not 
inherently challenge them with conflicting information or force them to wrestle with 
conceptual contradictions. 

On the scientific end, however, some research has shown promising results. 
AI-powered adaptive learning systems can dynamically adjust content delivery 

based on learners’ interactions while also incorporating unpredictability to stimulate 
engagement and cognitive flexibility. Two meta-analyses by Holmes et al. [2] and 
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VanLehn [3] review studies on AI-driven educational technologies, demonstrating 
how AI-based environments can introduce controlled discrepancies between expected 
and actual learning outcomes, prompting deeper conceptual revision and 
metacognitive processing. Rooted in reinforcement learning principles, some AI 
tutors strategically delay feedback, provide counterintuitive hints, or present 
information in unexpected sequences to challenge learners’ assumptions and 
encourage adaptive reasoning [55].  

Interesting enough, generative AI tools, such as large language models (LLMs) and 
intelligent tutoring systems, can unintentionally amplify learning unpredictability by 
generating variable and sometimes inconsistent responses to identical queries, 
exposing learners to multiple perspectives and problem-solving strategies [56, 57].  

In particular in [57] the authors “played” with large LLMs probabilistic answers. In 
LLMs, in fact, the same input can produce different outputs, sometimes leading to 
inconsistencies. While often seen as a drawback, the study found that exploiting such 
inconsistencies, though reducing users’ perceived trust in AI, actually improved their 
comprehension of the information provided. These findings suggest that instead of 
hiding inconsistencies, AI systems could present them transparently to encourage 
critical thinking and more informed engagement with AI-generated content.  

However, the opacity of black-box AI models presents a challenge to learners 
navigating AI-driven environments. Many adaptive learning algorithms operate as 
complex neural networks, making their decision-making processes difficult to 
interpret [58]. The unpredictability of AI-generated reasoning requires students to 
engage in deeper critical analysis to understand the logic behind recommendations 
and feedback. While this process can enhance higher-order thinking skills, excessive 
unpredictability without adequate transparency may lead to confusion or 
disengagement [59]. Addressing this issue requires improving the interpretability of 
AI systems in education, ensuring that learners can trace and understand AI-driven 
instructional decisions [1]. 

In summary, compared to early applications of AI in learning, modern AI-driven 
systems appear to rely less on cognitive disequilibrium theories, prioritizing 
efficiency, personalization, and scaffolding over the introduction of controlled 
disruptions. While early AI-based tutoring systems leveraged cognitive conflict, 
conceptual change, and error-driven learning to challenge learners’ assumptions, 
contemporary adaptive learning environments often focus on minimizing uncertainty 
to maintain engagement and optimize learning paths. Furthermore, despite AI’s 
potential to support complex, systemic learning frameworks (for example by 
modeling interdependent variables, emergent behaviors, and feedback loops) current 
AI-driven educational platforms do not seem to embrace such an approach. Instead, 
they primarily function within linear, individualized learning trajectories, missing an 
opportunity to cultivate a deeper understanding of dynamic, interconnected 
knowledge structures. Finally, a vast body of research shows that learning is a social 
exercise, and interaction and collaboration are at the heart of the learning process 
(e.g., [64, 6]). However, online collaboration has to be facilitated and moderated [65]. 
Finally, while AI-based learning tools are often deployed in collaborative educational 
contexts (such as classrooms where students work side-by-side using platforms like 
Khan Academy, or MOOCs where learners engage in peer discussion and feedback) 
most current adaptive systems, to the best of our knowledge, remain designed around 
the individual learner, with limited modelling of peer dynamics or shared reasoning 
processes.  

While this paper analyses only a limited number of AI-based learning systems, 
these examples appear to reflect a broader trend toward prioritising efficiency, 
personalisation, and engagement over conceptual struggle and cognitive conflict. 
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5  The Winter of Our Discontent? A Reflective Discussion 

The observed decline in the integration of cognitive disequilibrium theories in modern 
AI-driven learning suggests that current AI systems prioritize efficiency, 
personalization, and scaffolding over productive struggle and conceptual conflict. 
This tendency aligns with broader historical cycles in AI and Human-Computer 
Interaction (HCI), where AI’s aspirations toward automation and frictionless user 
experiences have often sidelined research on human-centered interaction and learning 
[60]. 

If AI’s trajectory continues to prioritize minimizing errors and maximizing smooth, 
adaptive learning paths, we must ask: does this reflect a fundamental shift in how 
learning itself is conceptualized within AI-driven environments? And if so, does this 
shift risk neglecting the very mechanisms (cognitive conflict, disruption, and 
uncertainty) that have been shown to foster deep learning? 

These questions resonate with a broader debate in AI and HCI, as highlighted by 
Grudin [60] and more recently by Nolwenn Maudet [61]. Grudin’s work suggests that 
AI and HCI have historically experienced alternating cycles of dominance, with HCI 
flourishing in periods when AI’s ambitions faltered. AI, with its ambitious goal of 
replicating human intelligence, has gone through cycles of boom and bust (commonly 
referred to as AI winters, periods when optimism faded, funding was cut, and 
progress stalled). These winters left a vacuum that HCI was often able to fill. During 
AI downturns, resources were, in fact, redirected toward HCI, leading to major 
breakthroughs such as graphical user interfaces in the 1980s. However, when AI 
funding surged again, HCI often found itself in the shadow of AI’s grand promises.  

In a very provocative way, Nolwenn Maudet [61] states:  
“The goal of many designers, like Greg Brockman, co-founder of Open 

AI, when he talks about the future of ChatGPT, is therefore to understand and 
anticipate your intentions, even if you haven't explicitly expressed them 
[62]. Welcome to the ultimate personalized experience, one that makes your life 
easier by solving it in advance. So, even if the promoters of AI don’t say it in 
these terms, their vision of the future, what they are aiming for, is the death of 
interaction design, because wanting to anticipate everything ultimately means 
automating everything, eliminating all interaction.” 

If AI is now at its peak, and if, as Maudet provocatively suggests, AI ultimately 
seeks to eliminate interaction itself, what does this mean for the future of AI-driven 
learning? 

This leads us to a crucial dilemma: should education technology simply follow 
AI’s current trajectory, optimizing for seamless automation, or should we actively 
intervene to ensure that AI remains an interactive and challenging learning partner? 
Should HCI researchers and educational technologists push against the prevailing 
logic of frictionless AI, advocating instead for intentional disruptions that support 
deeper learning? 

 
5.1 The Unasked Questions of AI-Driven Learning 
 
This dilemma raises further questions about the fundamental goals of AI-driven 
learning.  

If AI is designed to anticipate and solve problems before they arise, does this 
redefine what it means to learn (and what learners will become)? Should educational 
AI systems really prioritize ease and personalization at the expense of challenge and 
struggle? 

Personalization, a central promise of AI in education, ensures that learners receive 
content tailored to their needs. However, excessive adaptation may reduce the kind of 
friction that fosters deep learning. Just as overfitting in machine learning results in 
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models that fail to generalize, could over-personalization in AI-driven learning 
environments create learners who struggle to handle unexpected challenges? 

An alternative approach would be to design AI not as a frictionless tutor but as an 
agent provocateur (in the pedagogical sense of a designed disruptor): a presence that 
introduces productive tension and cognitive friction, delays feedback or even presents 
contradictory perspectives to encourage deeper engagement. This would shift AI from 
a passive facilitator back to a Socratic challenger, making learning an iterative and 
interactive process rather than an optimized, seamless experience. 

Beyond pedagogical considerations, increasing the integration of AI into education 
raises critical ecological concerns. Large-scale AI systems, particularly those relying 
on deep learning and natural language processing, require significant computational 
power, resulting in high energy consumption and carbon emissions [63]. The 
environmental cost of training and deploying AI models forces us thus to reconsider 
when and how AI should be used in learning. 

If AI-driven education primarily serves to smooth out challenges and eliminate 
struggle from the learning process, is this a justifiable use of such a resource-intensive 
technology? Should we not, instead, reserve AI for learning scenarios where it offers 
clear and irreplaceable benefits, such as personalized accessibility tools for learners 
with disabilities or adaptive support for complex problem-solving? 

Rather than uncritically expanding AI in education, we must ask: Where does AI 
genuinely enhance learning, and where might its benefits outweigh its high ecological 
cost? If AI is used merely to automate and simplify learning rather than to deepen 
engagement and critical thinking, we risk not only compromising the quality of 
education but also contributing to an unsustainable technological race in academia. 

Finally, we raise a question about the role of HCI in shaping the future of AI-
powered education. If AI continues to dominate, could HCI research intervene to 
ensure that learning environments remain interactive, explorative, and rich in 
meaningful friction?  

Ultimately, the challenge is not just whether AI can be used in education, but how 
it should be designed and used.  

6  Conclusions  

This paper has examined the diminishing role of cognitive conflict in AI-driven 
education, where efficiency and personalization increasingly overshadow productive 
struggle, and has raised questions about the role of HCI and AI in learning. 

As some may have noticed, the title of the previous section is a double play on the 
concept of AI winters and Steinbeck’s The Winter of Our Discontent [66], serving as 
both a reflection and a warning. Just as Steinbeck’s protagonist wrestled with integrity 
and ambition, AI in education faces a choice: will it evolve as a tool that deepens 
learning through meaningful interaction, or will it sacrifice engagement and challenge 
in pursuit of seamless automation? 
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