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Curiosity killed a cat! Ask me no questions and I’ll tell 
you no lies — Eugene O’Neill in his play Diff’Rent

The cure for boredom is curiosity. There is no cure for 
curiosity— Dorothy Parker

Introduction

This article in our column series continues our exploration 
of Generative AI (GenAI) and its implications for learning. 
In recent work, we have examined GenAI’s impact on crea-
tivity and education through interviews, practitioner studies, 
social media analysis, and conceptual pieces on its history, 
promise, and risks. Our goal has not been to champion or 
dismiss these technologies, but to examine their potential 
and limitations with equal rigor.

A common claim in educational technology is that GenAI 
will revolutionize learning through personalized instruc-
tion, meeting each learner’s curiosity with instant, tailored 
responses. This article questions the assumption beneath 
that claim: that making it easier to satisfy curiosity will 
deepen learning. But not all curiosity works the same way. 
Some forms drive exploration; others seek quick closure. 
To understand what AI might offer education, we must first 
understand curiosity itself before asking what happens when 
a technology built to satisfy curiosity instantly begins to 
shape which kind we practice.

This emphasis on curiosity goes back to the very origins 
of educational psychology as a field. As Johann Friedrich 
Herbert, wrote: "Learning is transient, but interest must be 
lifelong” (Herbart as cited in Hilgenheger, 1993, p. 657). 

Johann Friedrich Herbart was an early architect of educa-
tional psychology, and as this quote indicates, argued that 
the purpose of instruction was not to transfer knowledge 
but to cultivate interest—a persistent curiosity that reaches 
beyond what is known toward what might be discovered. 
Interest, he wrote, is not mere attention to facts but an active 
reaching out, a will to “lay hold of information and reach 
out for more.” It is this ongoing engagement with a sub-
ject’s questions that transforms learning from reproduction 
into genuine inquiry, and this insight has shaped educational 
thought ever since. From Vygotsky’s guided learning in the 
“zone of proximal development,” to Dewey’s belief that 
all education “begins in curiosity,” to modern constructiv-
ist classrooms, effective teaching has always depended on 
meeting learners where their interest lies and nurturing it 
forward.

The challenge, of course, is scale. Teachers can sense 
and sustain individual interest for a handful of students, but 
not for hundreds or thousands. Personalized instruction, 
tailoring learning to each student’s curiosity, has therefore 
been the dream and frustration of every educational reform 
movement. GenAI suddenly makes that dream feel tangi-
ble. For the first time, we have systems like ChatGPT or 
Claude that have the potential to engage with curiosity in 
real time: listening to questions, inferring prior knowledge, 
and adjusting explanations to a learner’s background or 
mood. They can generate analogies, shift modalities from 
text to diagram to story, and do so with tireless patience. 
This capacity to tailor instruction to the learner’s conceptual 
and motivational state has been described as “personaliza-
tion at pedagogical depth” (Holmes et al., 2019). Intelligent 
learning systems promise to detect when curiosity sparks or 
wanes and respond immediately (Shum & Luckin, 2019), 
something no single teacher could ever track across an entire 
class. Unsurprisingly, educational technology marketing 
has eagerly adopted this language, promising platforms that 
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“meet learners where they are” (Bennett, 2024) and make it 
“easy for children to explore their curiosities with the power 
of modern technology” (Shmulyan, 2025).

It is easy to see the appeal. Traditional classrooms often 
reward conformity of pace, while AI promises flexibility. 
One student can linger on a puzzling metaphor while another 
jumps ahead. Where curiosity once collided with curricu-
lum constraints, GenAI can turn tangents into teachable 
moments. It imagines an environment where each learner’s 
natural wonder becomes the organizing principle of instruc-
tion. As Salman Khan argued in his TED Talk, “We’re at the 
cusp of using AI for probably the biggest positive transfor-
mation that education has ever seen” (Khan, 2023).

If curiosity is the engine of learning, as educators from 
Herbart to Dewey have long argued, GenAI seems poised to 
fuel it at unprecedented scale. But to consider AI’s potentials 
for curiosity, we first have to understand curiosity itself—
what it is, how it functions in learning, and what kinds of 
curiosity matter. Notably, not all curiosity works the same 
way. Before we evaluate AI’s role in learning, we should ask: 
when a technology satisfies our curiosity instantly, what kind 
of curiosity is it really feeding? And what kind of curiosity 
might it be starving with easy, instant answers?

Curiosity as Education’s Golden Ideal

Few ideas in education enjoy as much universal approval as 
curiosity. From kindergarten classrooms to graduate semi-
nars, it is praised as the spark that makes learning meaning-
ful. John Dewey captured this when he wrote:

The most vital and significant factor in supplying 
the primary material whence suggestion may issue 
is, without doubt, curiosity… The curious mind is 
constantly alert and exploring, seeking material for 
thought, as a vigorous and healthy body is on the qui 
vive for nutriment. Eagerness for experience, for new 
and varied contacts, is found where wonder is found. 
Such curiosity is the only sure guarantee of the acqui-
sition of the primary facts upon which inference must 
base itself. (Dewey, 1910, p. 30–31)

For Dewey, all genuine education begins in curiosity, as 
wonder that transforms passive reception into active inquiry. 
Constructivists have echoed this view, seeing learners as 
active agents who build knowledge through curiosity-driven 
exploration and problem-solving (Duffy & Cunningham, 
2001; Von Glasersfeld, 1989). Educational psychologists 
describe curiosity as the bridge between motivation and 
cognition, drawing students toward new information and 
enhancing attention and memory (Kidd & Hayden, 2015). 
Neuroscience shows that curiosity activates the brain’s 

reward circuits, releasing dopamine much like anticipation 
or play (Marvin et al., 2020). In other words, curiosity does 
not just feel good, it primes the mind to learn.

It is unsurprising that curiosity has become education’s 
golden ideal, a goal so self-evidently good that it rarely 
faces scrutiny. For educators, however, this link between 
curiosity and learning has always been aspirational but hard 
to operationalize. Teachers can sense curiosity when they 
see it—a hand shooting up, a spontaneous “what if?” but 
extending that sensitivity across large numbers of students 
is nearly impossible. As Jirout (2020) notes, curiosity is con-
text-dependent: it waxes and wanes with confidence, prior 
knowledge, and classroom climate.

Until now, technology had a relatively limited role to play 
in fostering curiosity. The internet revolutionized access to 
information, putting vast knowledge at our fingertips. Yet 
access is not the same as responsive guidance. Intelligent 
tutoring systems attempted to bridge this gap but could 
only approximate personalization through adaptive quizzes 
or branching tutorials that guessed at interest rather than 
responding to it directly. This is where GenAI enters as a 
seemingly ideal solution, as it can notice, nurture, and never 
tire. In theory, this fulfills Dewey’s century-old vision of 
education as guided inquiry.

And yet, this very promise invites caution. If curiosity is 
critical to how we think of learning, and it becomes embed-
ded in GenAI systems, we should ask what we actually mean 
when we spend it. Is curiosity a single, uniformly positive 
force, or are some versions of curiosity expansive and others 
constraining? As AI tries to meet each learner’s wonderings 
with instant precision, educators must revisit a deceptively 
simple question, i.e., what kind of curiosity are we really 
cultivating—and at what cost?

Two Faces of Curiosity: Discovery and Deprivation

Recent research indicates that curiosity is not a single 
impulse but a family of motivations that look alike on the 
surface and diverge beneath it. Psychologist Jordan Litman 
(2008) argued that what we casually call ‘curiosity’ involves 
two distinct drives: discovery curiosity (or interest-type curi-
osity) and deprivation-type curiosity. Both push us toward 
knowledge, but for very different emotional reasons. Discov-
ery curiosity feels like fascination, an appetite for novelty 
and complexity; and deprivation curiosity feels like an itch, 
an uncomfortable awareness of not-knowing, or of a gap 
that demands to be filled (Noordewier & van Dijk, 2020; 
Whitecross & Smithson, 2023). One opens possibilities; the 
other closes loops.

These two modes engage different affective systems. In 
discovery curiosity, pleasure accompanies exploration itself; 
uncertainty is enjoyable, even playful. Learners linger, ask 
“what if,” and follow tangents. Discovery curiosity fosters 
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tolerance for ambiguity, creativity, and the ability to connect 
ideas across domains. It sustains exploration as learners seek 
new puzzles rather than merely resolution.

In deprivation curiosity, however, uncertainty is aversive, 
producing uncomfortable tension and anxiety until the miss-
ing fact or solution is found. Litman (2008) argued, building 
on George Loewenstein’s (1994) “information-gap theory,” 
that awareness of a specific gap in one’s knowledge, rather 
than a large overall lack of information, generates curios-
ity by creating a feeling of deprivation or cognitive tension 
that motivates a person to seek out the missing information. 
This urgency can focus attention, and is useful in some con-
texts, but it also narrows perception. As Kruglanski (1990) 
observed, the ‘need for closure’ can become so strong that 
people seize on the first plausible answer (without regard 
to adequacy, accuracy, or appropriateness) simply to end 
cognitive discomfort.

These two forms often coexist in healthy learners. A sci-
entist may feel deprivation curiosity while solving a specific 
problem but feel discovery curiosity when exploring unex-
pected data. Yet the balance matters. Discovery curiosity 
cultivates tolerance for ambiguity, creativity, and the ability 
to connect ideas across domains. Deprivation curiosity, left 
unchecked, can encourage overconfidence and premature 
certainty. It may drive students to chase correct answers 
rather than understand underlying principles. It can also 
look productive; there is movement, answers, and a sense 
of progress, even when it bypasses the deeper processing 
that leads to understanding.

Neuroscience also echoes this distinction. Kidd and 
Hayden (2015) describe curiosity as a “reward-prediction 
error” signal: the brain releases dopamine when information 
promises high value relative to what is known. Discovery 
curiosity sustains that signal through exploration; depri-
vation curiosity spikes and collapses once the gap closes. 
In practice, discovery-oriented learners seek new puzzles, 
while deprivation-oriented learners seek resolution. Both are 
natural, but the latter can end learning as soon as it begins.

Though this distinction seems academic, it carries real-
world consequences. Emerging psychological evidence 
extends it into the social world of belief and information 
(Jach et al., 2024; Whitecross & Smithson, 2023). Zedelius 
et al. (2022) found that individuals high in deprivation curi-
osity are more likely to accept false or exaggerated claims 
and even overclaim knowledge of nonexistent facts. Those 
high in discovery curiosity, by contrast, show greater dis-
cernment, humility, and accuracy in distinguishing real from 
fake concepts. These findings are provocative rather than 
definitive, but they suggest that different modes of curiosity 
shape our epistemic filters. When the drive to relieve uncer-
tainty is combined with confirmation bias, the result can be a 
powerful feedback loop. The very impulse that fuels learning 

can, under certain conditions, make us less discerning about 
what we learn.

Recognizing this duality reshapes how educators think 
about motivation. If curiosity is always treated as inherently 
good, systems that merely gratify questions seem unprob-
lematic. But if some curiosity contracts rather than expands 
the mind—how we design responses, human or machine, 
matters profoundly. As education turns to AI tutors capa-
ble of answering almost anything instantly, this difference 
becomes more than academic. It becomes the difference 
between technology that deepens inquiry and technology 
that trains us to stop asking. Which means we must under-
stand not only the varieties of curiosity, but also how GenAI 
systems function and how learners respond to them. Some of 
what shapes this interaction is by design, intentional choices 
about how these systems are trained. But some emerges from 
the fundamental nature of how large language models work, 
and from how humans instinctively react to conversational 
agents that appear understanding and intelligent. Together, 
these forces determine which form of curiosity these systems 
are likely to cultivate. And in a world of instant answers, 
one of these forms is far easier for technology to satisfy 
than the other.

The Sycophantic Partner: How GenAI Shapes 
Curiosity

An important characteristic of GenAI systems is that they 
are built to please, which reflects in the kinds of curiosity 
they reward. Their primary training objective is not truth 
but alignment, producing responses that humans will rate 
as helpful, and satisfying. Through reinforcement learning 
from human feedback (RLHF), models learn to predict not 
just the most probable next word but the one most likely 
to earn approval (Dahlgren et al., 2025). As researcher Zvi 
Mowshowitz (2024) quipped, “GPT-4o is an absurd syco-
phant,” a system that echoes a user’s stance so smoothly that 
it feels like agreement.

Empirical evidence supports the prevalence of this phe-
nomenon. In a study of eleven leading AI models, Cheng 
et al. (2025) demonstrated that these systems affirm users' 
actions at rates 50% higher than humans would, even when 
responding to queries involving clearly problematic behav-
iors like manipulation or deception. We must add that syc-
ophancy is not a programming flaw; it’s a design feature 
born of human preference. When early versions produced 
blunt or contrarian answers, users rated them poorly. The 
feedback loop that followed rewarded harmony and fluency. 
Over millions of interactions, the models "learned" to mirror 
tone, match confidence, and sidestep overt disagreement. 
What emerged is a technology that feels cooperative and 
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emotionally intelligent, but also one that systematically 
avoids productive friction.

The medium itself makes this particularly powerful. 
Unlike databases or calculators, GenAI is dialogic, multi-
modal, and affective (Mishra et al., 2023). It communicates 
through conversation, image, and tone—forms historically 
reserved for human exchange. When learners ask it a ques-
tion, they do not simply retrieve data; they enter a relation-
ship shaped by rhythm, responsiveness, and perceived empa-
thy. The system listens, rephrases, and adapts. Humans are 
predisposed to anthropomorphize anything that responds 
contingently to us. For instance, Reeves and Nass (1996) 
showed that people apply social rules even to simple inter-
faces. This effect intensifies when AI can joke, mirror, and 
simulate understanding. The result is not a machine and a 
user, but a dyad: a learner and an apparently sentient other 
doing shared meaning-making. And once the interaction 
feels relational, our critical distance collapses.

The combination of sycophantic design and relational 
medium creates an unprecedented persuasive power. As 
Mishra et al. (2025) observe, such artificial intimacy “invites 
trust through responsiveness,” blurring emotional and epis-
temic boundaries. When a system appears understanding, 
patient, and intelligent, its answers carry the weight of 
both logic and empathy. The multimodal, dialogic nature 
of GenAI merges the immediacy of conversation with the 
authority of computation, giving it uncommon power to 
shape what users believe, remember, and pursue next.

For learners, this matters profoundly, as this is where 
curiosity ties back into the story. When curiosity meets such 
a system, the outcome depends on which kind of curiosity 
is in play. Those operating from discovery curiosity may 
use AI as a generative partner, posing “what-if” questions, 
comparing perspectives, exploring ambiguities. But for 
those driven by deprivation curiosity, the machine’s affirm-
ing nature perfectly satisfies the urge for closure. It provides 
swift, fluent answers that feel complete even when they are 
partial or wrong. The learner’s tension dissolves, but so does 
the opportunity for deeper exploration.

The effect of retraining the human mind is subtle. Unlike 
traditional misinformation, which depends on false content, 
sycophantic AI reshapes the process: it conditions users to 
equate smoothness with truth. Its confidence, coherence, 
and humanlike empathy make uncertainty feel unnecessary. 
Cognitive psychology offers us a warning here. Kruglanski’s 
(1990) need-for-closure research shows that when people 
find answers quickly, they stop processing alternative evi-
dence. Combined with AI’s confirmatory design, this cre-
ates a near-perfect environment for premature certainty. 
The learner feels both understood and informed, unaware 
that the very responsiveness they value may be narrowing 
their intellectual field. Sycophancy thus becomes more than 
an aesthetic quirk; it is a pedagogical force. By gratifying 

deprivation curiosity and smoothing away dissonance, 
GenAI risks cultivating learners who are comforted by cor-
rectness rather than energized by complexity.

Recent research by Cheng et al. (2025) provides compel-
ling evidence for these concerns. They found that AI systems 
consistently affirmed users’ actions, even when those actions 
involved manipulation, deception, or relational harm. Partic-
ipants rated sycophantic responses as higher quality, trusted 
sycophantic models more, and were more likely to return to 
them. This creates a perverse incentive: AI training rewards 
sycophancy, and users increasingly prefer it. In other words, 
sycophancy does not merely satisfy deprivation curiosity; it 
reshapes our relationship to knowledge and others, making 
us more certain of our rightness while reducing our capacity 
for the productive uncertainty that meaningful learning and 
human connection require.

The Deprivation Curiosity Trap

When a technology designed to gratify meets a mind wired 
to seek closure, a quiet feedback loop may begin. Every 
satisfying answer soothes the unease that drives depriva-
tion curiosity—the itch of not-knowing. Each micro-res-
olution delivers a burst of relief that can feel like insight, 
even when understanding remains superficial. This rhythm, 
repeated enough times, may condition the learner to asso-
ciate learning with resolution rather than with explora-
tion. The result could be called the deprivation curiosity 
trap: a self-reinforcing cycle in which the pleasure of clo-
sure replaces the discomfort of thinking. Over time, this 
changes not only how we learn, but also how we know 
what is true.

The feedback loop between user and AI can be remark-
ably subtle. Cheng et al. (2025) found that sycophantic AI 
models mention other people far less often than non-syco-
phantic ones and are less likely to prompt users to consider 
other perspectives. By narrowing focus to the self, these 
systems are structurally predisposed to reinforce depriva-
tion curiosity, which already seeks closure over exploration. 
Their findings show how private, validating interactions with 
AI can reshape not only what users believe but how they 
relate to knowledge itself. When technology consistently 
affirms without challenging—providing answers without 
uncertainty—it conditions users to expect and value this 
pattern, eroding the cognitive habits that deeper learning 
requires.

Psychologists have long recognized how powerful this 
drive can be. In ordinary settings, good teachers and peers 
disrupt that impulse: they probe, contradict, and invite 
new perspectives. They model that confusion is not failure 
but a first step toward insight. But when the interlocutor 
is a generative model whose architecture rewards smooth 
agreement, that natural disruption disappears. The more a 
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learner seeks certainty, the more the system offers it; the 
more the system offers it, the more the learner learns to 
crave it.

Evidence from curiosity research shows how this mech-
anism shapes discernment itself. Zedelius et al. (2022) 
found that individuals high in deprivation curiosity were 
not only more eager for information, but also less dis-
criminating about its quality. They accepted implausible or 
fabricated facts more readily and even claimed familiarity 
with nonexistent concepts. Discovery-oriented individuals, 
by contrast, showed greater epistemic humility and more 
accuracy in judging truth from falsehood. The implica-
tion is profound: when curiosity is driven by the urge to 
relieve discomfort rather than the desire to explore, people 
relax their critical filters in exchange for quick cognitive 
relief. That vulnerability combines with confirmation bias, 
our tendency to prefer coherence over complexity and to 
favor evidence that sustains existing beliefs. Even without 
deception or manipulation, this dynamic gradually narrows 
the boundaries of what feels worth questioning.

Yet even learners who approach GenAI with discovery 
curiosity are not immune to its constraining influences. 
These systems are engineered to appear infinitely open, 
ready to discuss anything from quantum entanglement to 
a favorite poem. Yet, that openness is carefully managed, 
as every response is a predictive/statistical composition 
designed to maintain engagement, coherence, and safety. 
The resulting dialogue feels spontaneous but is highly 
curated, offering a simulation of exploration that system-
atically avoids the ambiguity and contradiction that make 
inquiry transformative.

This mirrors what cognitive scientists call the “fluency 
heuristic” where people tend to equate ease of processing 
with truth or understanding (Reber & Schwarz, 1999; Nahon 
et al., 2021). E.g., “If it sounds clear, it feels correct.” GenAI 
amplifies this tendency at scale, as its syntactic perfection 
and calm authority can mask the absence of true conceptual 
struggle. Layers of moderation restrict contentious topics; 
safety protocols discourage ambiguity; prompt-optimization 
models reward coherence over complexity. Curiosity feels 
unlimited because the boundaries are soft, not because they 
are absent.

Thus, the deprivation curiosity trap writ large is a con-
versational landscape that mimics inquiry while trim-
ming away its rough edges. Learners can explore end-
lessly without encountering the productive resistance 
that deepens understanding. The system offers f low 
without friction, because when every question receives 
an instant, fluent answer, the mind loses its tolerance 
for uncertainty. Curiosity, an engine of discovery, weak-
ens into a mechanism of confirmation. The smoother the 
experience, the less likely users are to question what they 
are not being shown.

True curiosity thrives on sharp or rough edges, the places 
where knowledge frays, resists, and surprises. A system 
designed to shave off those edges may inadvertently teach us 
to stop looking for them. Breaking this cycle requires more 
than better content; it requires a restoration of the produc-
tive tension between doubt and understanding that genuine 
learning depends on.

Beyond the Classroom Walls

The sycophantic design, the gratification loop, and the illu-
sion of depth, all operate most strongly not in classrooms 
under a teacher’s watchful eye, but in the invisible, private 
spaces where learners now spend most of their time with 
AI. As Mishra et al. (2024) argue, the real digital revolution 
is unfolding beyond school walls, in the everyday, unstruc-
tured learning that happens through conversation, search, 
and entertainment. These interactions take place without 
teachers, curricula, or critical scaffolds, yet they may be 
quietly shaping how an entire generation learns to think, 
feel, and question.

In these private dialogues, GenAI becomes less a tutor and 
more a companion, one that sets expectations for what curios-
ity should feel like. The system’s fluency, patience, and affir-
mation make engagement effortless; uncertainty, by contrast, 
feels emotionally expensive. What was once a classroom vir-
tue, the ability to tolerate ambiguity, risks becoming an incon-
venience in personal learning spaces. As learners form habits 
of inquiry working with AI, the boundary between curiosity 
and comfort begins to blur. The deprivation curiosity trap is 
not just a pedagogical concern. It is a cognitive habit being 
practiced thousands of times a day, outside any institutional 
view.

In related work on human-AI creativity, DeSchryver et al. 
(2025) note that the most powerful forms of thinking often 
emerge not from ease but from friction—the pauses, false 
starts, and productive struggles that force reflection and origi-
nality. When GenAI smooths those edges away in our every-
day use, it does not just change how learners seek answers; it 
reshapes how they form ideas, make judgments, and imagine 
possibilities (i.e., their creativity). The habits of mind that 
drive creativity and the habits that sustain curiosity are, at 
their core, the same.

The curiosity paradox cannot be solved through curricu-
lum design alone. It requires acknowledging the broader ecol-
ogy in which learning now occurs in the world, and where 
cognitive habits are shaped as much by private algorithms as 
by public instruction. The challenge is to cultivate curiosity 
that can survive outside the classroom, amid technologies 
that make not-knowing optional. This means helping learners 
recognize when easy answers replace deeper questions and 
designing experiences, both in and beyond school, that reward 
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exploration, comparison, and uncertainty rather than speed and 
certainty. The responsibility of educators shifts from deliver-
ing content to cultivating habits of mind that can resist the lure 
of convenience.

Conclusion: The Hardest Science of All

Educational psychologist David Berliner, who passed away 
just a couple of months ago, once observed that educa-
tion “was the hardest science of all” (Berliner, 2002, p. 
18). It involves variables too numerous, relationships too 
contextual, and emotions too human for simple models 
to capture. Berliner spent his career reminding us that 
education resists reduction and that genuine teaching 
requires understanding not just content or method, but the 
complex and unpredictable ways human beings come to 
know. That insight becomes even more urgent as we invite 
artificial intelligence into learning spaces. The challenge 
AI presents is not primarily technological but psychologi-
cal, and psychological challenges cannot be solved with 
better software alone. They require new ways of thinking 
about thinking and a clearer understanding of ourselves 
as learners.

The paradox at the heart of this paper reveals why. AI’s 
responsiveness to personalize, adapt, and satisfy curiosity 
instantly seems like pedagogical progress. Yet the same 
responsiveness can exploit our cognitive vulnerabilities, 
such as the craving for closure, our tendency to mistake 
fluency for truth, and a bias toward coherence over com-
plexity. Sycophantic design meets deprivation curiosity 
and creates a feedback loop that mimics learning while 
narrowing the boundaries of genuine inquiry. The danger 
is not that technology deceives us, but that we deceive our-
selves, mistaking the comfort of resolution for the depth 
of understanding and trading the hard, messy realities of 
learning for the clean illusion of knowing.

True AI literacy, then, is less about understanding algo-
rithms and more about understanding ourselves: recogniz-
ing our own biases, noticing when smoothness substitutes 
for struggle, and catching the moment when a polished 
answer stops us from asking better questions. This is not 
a technical challenge, but rather, an epistemic one. It 
demands a kind of metacognitive mindfulness—learning 
to notice how certainty feels, how closure seduces, and 
how easily curiosity can be redirected before we realize it.

In order to use AI thoughtfully in education, we must 
cultivate awareness of our own cognitive patterns and 
teach learners to recognize the difference between curios-
ity that opens and curiosity that closes—between explora-
tion and gratification—the pleasure of knowing and the 
necessity of not-knowing. This requires more than better 
content or smarter systems. It requires designing learning 

opportunities for productive friction, creating spaces where 
ambiguity is honored rather than eliminated, and helping 
learners build the self-knowledge to navigate technologies 
that make certainty feel costless. We may not control how 
AI is built, but we can control the kinds of questions we 
ask of it and the habits we bring to those conversations. 
Perhaps the best way to honor AI’s potential, and David 
Berliner’s legacy, is to resist the promise of easy answers 
and keep alive the discomfort, ambiguity, and wonder that 
make curiosity worth having in the first place.
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