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I am silver and exact. I have no preconceptions.

Whatever I see I swallow immediately.
~ Sylvia Plath in her poem “Mirror”.

The essence of metaphor is understanding.
and experiencing one kind of thing in terms of another.
~ Lakoff & Johnson.

Introduction: The Metaphors We Think With

For over 13 years, this column has explored the intersections of
technology, creativity and education, examining how emerging
tools reshape not just what we do but how we think (Mishra
et al., 2023). In recent installments, we have turned our atten-
tion to generative Al (GenAl), exploring its implications for
teacher knowledge (Mishra et al., 2024a), for curiosity and
sycophancy (Mishra & Henriksen, 2025), for the parallel his-
tories of human and machine learning (Mishra et al., 2025a, b)
and for the broader psycho-social ecology in which these tools
operate (Mishra et al., 2024b). In this essay, we take a different
angle—one that is more fundamental. We examine not what Al
does, but how humans talk about Al and what it does. Specifi-
cally, we investigate the metaphors people use to make sense of
GenAl and argue that these metaphors are not merely descrip-
tive but constitutive: they shape what we see, what we miss and
what we build. Finally, we argue that the most consequential
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metaphors of all may not be the ones we choose for Al but the
ones we hold for learning.

Metaphors, as Lakoff and Johnson (1980) argued, are not
ornamental flourishes. They are the cognitive infrastructure
through which we understand abstract or unknown concepts
by mapping them onto concrete, embodied experience or
onto familiar constructs. We spend time, attack arguments
and see the point of an explanation. These are not stylistic
choices; they are how our minds gain purchase on domains
that lack direct sensory correlates. And because metaphors
simultaneously illuminate and conceal—highlighting certain
features of their target while rendering others invisible—
they carry enormous, often unnoticed, power over thought
and action (Thibodeau & Boroditsky, 2011).

This matters urgently for AI. The metaphors we choose to
describe GenAl—whether as a calculator or collaborator, a
tool or oracle, an assistant or overlord—shape whether we
over-trust or under-utilize these systems, whether we fear
them unnecessarily or fail to guard against their risks (Vallis
et al., 2025; Mitchell, 2024). What, then, are the metaphors
that people reach for?

Mapping the Metaphors: From Swiss Army
Knives to Digital Gods

Over the past year, we have been collecting and organizing
the metaphors people use to talk about GenAl within aca-
demic literature, journalism, social media and everyday con-
versation (Oster et al., 2025; Mishra, 2025; see also Cheng
et al., 2025; Roe et al., 2025; Mitchell, 2024; Nerlich, 2024;
Vallor, 2024). What emerges is a spectrum from the purely
mechanical to the practically mythical. Table 1 presents this
taxonomy in detail.

The range is extraordinary. At one end, Al is a calcula-
tor for words, a blurry JPEG of the web, a Swiss Army
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knife: purely functional and no more mysterious than a
toaster. At the other, it is an oracle, a golem, a sorcerer’s
apprentice, a living cemetery of intellects: something that
exceeds human comprehension and perhaps human control.
Between these extremes are metaphors like parrots, chame-
leons, drunk interns, tutors, collaborators and friends. No
other technology throughout history has generated a met-
aphorical spectrum this wide. Something unprecedented
seemingly is happening in how we talk about this technol-
ogy, which is worth understanding. What the taxonomy
reveals, beyond sheer range, is a gravitational pull. The
metaphors do not distribute evenly across the spectrum,;
both popular discourse and everyday usage trend toward
attributing ever more human-like (even superhuman) quali-
ties to these systems. To understand why, we need to exam-
ine how metaphors for the mind have always worked—and
why Al broke the pattern.

The Historical Pattern: Technology as Mirror
for the Mind

There is a striking pattern in the history of ideas. Within
every era, humans have reached for the most impressive
technology available to explain the most mysterious thing
they know—their own minds. Draaisma (2000), in his sur-
vey Metaphors of Memory, traces this pattern from antiquity
to the present. In ancient Greece, Plato described memory as
an impression in wax, knowledge literally stamped onto the
mind. The metaphor was so natural that it barely registered
as a metaphor at all.

As technologies evolved, so did metaphors for the inner
self, creating a linguistic trail of the tools we once champi-
oned. For instance, the invention of hydraulic systems gave
rise to the “humors” theory of mind, imagining thoughts
as fluids flowing through internal channels, a concept still
used today when we speak of “venting” our feelings or being
“under pressure.” Seventeenth-century clockwork mecha-
nisms yielded a metaphor of mechanical mind—precise,
deterministic, and governed by hidden gears. Even today,
we describe a clever person’s “gears turning” or worry that
a train of thought might get “derailed.” The telegraph intro-
duced the idea of neural “signals” transmitted along a vast
network, leaving us with metaphors of a “short-circuit” in
the brain or being “on the same wavelength.” By the late
twentieth century, the digital computer provided the most
literal framework yet, categorizing human memory into
“short-term” and “long-term” stores. This effectively treated
the mind as a machine with RAM and a hard drive, leading
us to refer to “input” and “output” or to claim we don’t have
the “bandwidth” for new information.

Whatever technology dominates our lived experience
becomes the most available domain for mapping the abstract.
As Freud himself observed, “In psychology we can describe

only with the help of comparisons ... but we are forced to
change these comparisons over and over again, for none of
them can serve us for any length of time” (cited in Draa-
isma, 2000, p. 4). Each generation is essentially stuck with
the metaphors its technology provides. Yet all of these
metaphors share a common directionality. We use clocks
to explain the mind; we do not use the mind to explain
clocks. The direction of mapping moves from the known to
the unknown, from the concrete and comprehensible to the
abstract and mysterious. This is how metaphor is supposed
to work, but GenAl breaks and inverts this pattern.

The Great Inversion: When the Arrow Flips

For the first time in the history of technology, we find our-
selves compelled to use mind-like metaphors to explain a
machine. We say that ChatGPT “thinks,” that it “learns,”
that it “hallucinates,” that it is “confused.” We speak of its
“attention mechanisms,” its “memory,” its “reasoning.”
When it produces something unexpected, we call it “crea-
tive”’; when it produces something wrong, we call it “drunk”
or “hallucinating.” The arrow of metaphor has reversed. The
taxonomy presented above (from calculator to oracle) is the
visible audit trail of an inversion with no precedent.

Indeed, as Mitchell (2024) observes, the field of Al has
always leaned heavily on metaphor: its systems are called
“agents” that “learn,” “reason,” and pursue “goals,” not to
mention the foundational terms of the field, like neural net-
works, deep learning, or artificial intelligence. Decades ago,
Al researcher Drew McDermott (1976) termed such language
“wishful mnemonics”, indicating that these terms are often cho-
sen with the hope that the metaphors would eventually become
reality. With GenAlI, that hope has become something closer
to a trap, as the metaphors no longer feel like metaphors at all.

Why is this the case? Because it was clear that previous
technologies were not a “mind.” A clock does not converse,
and a telegraph does not write poetry. A computer, the old-
fashioned kind, does not respond to emotional tone or adjust
its register to match the conversational mood. However com-
plex their operations, they were legibly mechanical. There
was no temptation to say that a spreadsheet was “thinking.”
GenAl, however, produces output in natural language and
uses first person. It is fluent, contextually sensitive, and
capable of what appears to be emotional responsiveness.
It can write a sonnet, debug code and console a grieving
person within the same conversation. These systems behave
in ways that are simultaneously familiar and alien, and our
existing conceptual repertoire offers no clear alternative to
mind-language.

There is something further about this inversion that makes
it epistemologically treacherous. In the traditional pattern,
the source domain of the metaphor (the thing we mapped
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from) was typically something we understood well (e.g.,
clocks, hydraulics, or computers). The mapping ran from
the epistemically transparent to the epistemically opaque.
With GenAl, the source domain is the human mind—expe-
rientially familiar (we know what it feels like to think) but
epistemically opaque. We do not understand how we think
any better than we understand how a large language model
generates text. And the target domain, Al is both experi-
entially unfamiliar and epistemically opaque. Thus, we are
mapping from the felt-but-not-understood onto something
that is neither felt nor understood. The experiential familiar-
ity of the source domain creates a feeling of comprehension
that is entirely unearned. That felt sense of knowing, of the
subjective experience of understanding derived from living
inside a mind, gets projected onto a system that has no felt
sense at all.

This is what makes the slide from metaphor to literal
belief almost frictionless. When we use mind-language
for Al consistently, the metaphorical scaffolding fades
from view and we experience the system as actually hav-
ing a mind. The metaphor, in other words, hardens into
anthropomorphism.

This phenomenon has deep roots. Other people’s minds
are also opaque to us; we cannot see inside anyone else’s
head. Yet we have evolved an extraordinarily effective work-
around. We assume that other minds are roughly like ours
(possessing thoughts, beliefs, desires and intentions) and
this assumption serves us well. It is the foundation of social
life, cooperation, empathy and prediction. When something
talks like a person, responds like a person and adjusts like
a person, our entire cognitive history tells us to treat it as
a mind like ours. With other humans, this almost always
pays off. With Al, however, the underlying assumption, that
there is a mind in there, perhaps like ours, is false. Our most
reliable cognitive shortcut becomes our most consequential
vulnerability.

Why We Anthropomorphize:
A Compounding Problem

To understand why this vulnerability runs so deep, and why
it is so difficult to resist even when we are aware of it, we
need to examine the full constellation of forces that push
the mind-metaphor toward literal belief. These forces do not
merely coexist; they compound, each making the next more
powerful. It is their accumulation that makes the anthropo-
morphic pull of GenAl qualitatively different from our past
technology encounters.

The problem begins with basic cognitive architecture.
Anthropomorphism is not unique to Al. We see faces in
electrical outlets, attribute anger to the weather and name
our cars. Heider and Simmel (1944) showed that people

@ Springer

spontaneously attribute intentions, emotions, and social
roles to geometric shapes moving on a screen; Reeves and
Nass (1996) demonstrated the same tendency extends to
computers, with people often treating machines as polite
teammates.

The threshold for triggering our social cognition is remark-
ably low. We are, it appears, compulsive mind-attributors, or
simultaneously social beings who need to understand others’
intentions and cognitive misers who take shortcuts to do so.
Any entity that exhibits even minimal cues of responsiveness
or agency will trigger our social-cognitive machinery. This
is not a bug—it is the operating system. The cognitive sci-
ence literature suggests that the machinery involved is more
specific than a general tendency to over-attribute. Building on
Dennett (1987), researchers have shown that we employ dis-
tinct cognitive stances to understand different kinds of enti-
ties, e.g., a physical stance for objects governed by natural
laws, a design stance for artifacts understood through their
function and an intentional stance for agents we treat as hav-
ing beliefs, desires and goals. Every previous technology sat
unambiguously in the design stance, though the Reeves and
Nass research complicated that slightly for digital technol-
ogy. GenAl, however, is the first technology that consistently
and systematically triggers the intentional stance in users
while being more accurately understood through the design
stance, a categorical misfire that makes the mind-metaphor
trap exceptionally difficult to escape.

But AI does not merely trigger our social cognition in
the way a thermostat or a moving triangle might. It does so
through natural language—the most powerful cue for mind-
attribution that exists. It uses the first person and displays
what appears to be emotional understanding, contextual sen-
sitivity and creative flexibility. It handles ambiguity, adjusts
its register and adapts to conversational flow. Each of these
properties independently nudges us toward mind-attribution;
together, they are nearly irresistible. We do not argue that
how AI engages with information bears any resemblance
to the processes of the human mind. For all practical pur-
poses, these systems are sophisticated “stochastic parrots”
(Bender et al., 2021). But the signals they produce are ones
that human cognitive machinery interprets unquestioningly
as evidence of mind.

It would be naive to assume the anthropomorphic pull
is merely an accident of cognition meeting technology. It
emerges from intentional design, as companies invest heav-
ily in making Al systems feel personal, warm and relatable,
because engagement drives data and data drives profit.
They name their systems (Alexa, Siri, Claude), give them
personality traits and build interfaces that mimic conversa-
tion rather than computation. As Mitchell (2024) observes,
these systems are designed “to make humans conceptualize
them as individual minds with emotions, desires, beliefs,
and a sense of their own self.” The anthropomorphism we
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experience is the effect of a business model. Meanwhile,
the language used to describe Al in marketing, journalism
and everyday conversation entrenches the anthropomorphic
framing. We hear about Al that “learns,” “understands,”
“makes decisions” and “gets smarter.” There is some legiti-
macy to such language as shorthand, but with any shorthand,
the danger is that it is often taken literally. When journal-
ists write that an Al “understands” natural language, or a
company claims its system “learns from experience,” the
metaphorical scaffolding disappears and the anthropomor-
phic claim is taken at face value.

All these forces—cognitive wiring, technological proper-
ties, corporate design and cultural language—create the con-
ditions for the deepest level of the problem. Humans have
evolved what Sperber et al. (2010) call epistemic vigilance:
cognitive mechanisms for evaluating incoming informa-
tion and detecting unreliable sources. These mechanisms
are calibrated for a world of other humans, where certain
characteristics (e.g., fluency, helpfulness and disinterest) are
costly to produce and therefore informative. When a person
speaks fluently about a complex topic, that fluency is often a
reliable signal of expertise, because fluency about complex
topics is hard to fake. When someone appears helpful with-
out an interest/agenda, that disinterest signals trustworthi-
ness, because sustained helpfulness is expensive to perform.
These heuristics have served our species well for millennia
and are not cognitive failures, but adaptations to a world in
which the only fluent, helpful, responsive agents were other
humans.

Large language models produce all these signals for free.
Their fluency is computationally trivial and does not indicate
understanding. Their helpfulness is a product of algorithmic
optimization and does not indicate concern. Their deference
when challenged on a statement reflects training patterns and
not their reconsideration of that statement. These are what
we might call “honest non-signals” (Maynard, 2026; Mishra,
2026). The signals are honest in the sense that the Al really
is fluent, really is responsive, really does defer; but they
are non-signals in the sense that they fail to carry the same
weight or information that similar human characteristics
would carry. The Al is not lying, but presenting properties
that our epistemic vigilance was never calibrated to evaluate.
Our cognitive defenses—shaped by basic wiring, exploited
by the properties of the technology, reinforced by design
choices and normalized by cultural language—encounter
something they were not built to assess, and they wave it
through. The concept of honest non-signals reframes the
entire anthropomorphism problem. In a world where fluency
required understanding, fluency was evidence of understand-
ing. In a world where helpfulness emerged from concern,
helpfulness was evidence of concern. Large language models
break these equations silently, producing the surface features
(often convincingly) without the underlying substance, and

our epistemic machinery has no protocol for distinguish-
ing the two. This is why the anthropomorphic forces are
not merely additive but compounding: each layer disables
a different safeguard, until the mind-metaphor hardens into
something that feels not like a metaphor at all, but like a
straightforward description of reality.

The Double Black Box

Once the mind-metaphor has crystallized, it does not merely
distort our perception of Al It creates a pernicious epistemic
feedback loop. The mind has always been a black box with
inner workings that cannot be directly examined. And large
language models are also black boxes: systems with billions
of parameters exhibiting emergent behaviors that even their
creators cannot fully explain. We are thus using one thing
we do not understand to explain another thing we do not
understand.

The result is an epistemic hall of mirrors, where each
black box flatters the other in a continuous loop. In one
direction, mind-metaphors make Al seem more compre-
hensible than it is, when its underlying mechanisms bear no
resemblance to their human namesakes. In the other direc-
tion, AI’s human-like outputs make the mind seem more
computable than it is. This reverse flow is already influenc-
ing real cognitive science. The very term “neural network”
started as a loose analogy to biological neurons, but as deep
learning has flourished, researchers increasingly model the
brain itself as a prediction engine optimizing Bayesian pri-
ors, essentially redescribing cognition in the language of
machine learning. The metaphor has completed a full circuit,
as we named the technology after the brain, and now we
are remodeling the brain after the technology. Vallor (2024)
calls this a mirror effect where the Al reflects us back to
ourselves, but the reflection is distorted. We end up with a
simulacrum of understanding, twice over—convinced we
comprehend the machine because it sounds like us, and
convinced we comprehend ourselves because the machine
seems to work like us.

The consequences of this feedback loop are not merely
philosophical. Consider the computational metaphor of
mind that has dominated cognitive science since the mid-
twentieth century. When cognitive scientists described short-
term memory as RAM, long-term memory as a hard drive
and learning as “encoding” information, the metaphor was
productive. But it also created a hidden false equivalence—
that if the mind is a computer, then what a computer does and
what a mind does are fundamentally the same kind of opera-
tion. For decades, this was a relatively harmless conflation.
Then GenAl arrived, and the dormant metaphor resurged
with dangerous implications. If learning is information pro-
cessing, and Al can process information faster and at greater
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scale, then the conclusion appears inescapable that Al can
learn better than we can, and much of what we do in schools
is about to become obsolete.

This logic drives real policy. It undergirds the enthusi-
asm for replacing teachers with Al tutors, the push toward
efficiency-first models of education and the periodic declara-
tions that education as we know it is finished. But the argu-
ment rests entirely on accepting the computational meta-
phor as literal truth rather than as a partial and increasingly
misleading analogy. Human learning is embodied, situated
and slow. It extrapolates from remarkably few examples.
It requires friction, confusion and the consolidation that
sleep provides. None of this can be replicated by scaling up
computation. The panic about Al replacing education is, at
bottom, a panic rooted in a dead metaphor that hid far more
than it revealed about what learning actually is.

Metaphors We Teach By

We began this article with a taxonomy of metaphors, map-
ping from minimal to maximal anthropomorphism. But the
point was never to eliminate metaphor, since metaphor is not
a decorative failure of precision but a fundamental structure
of thought, the core means by which we make the unfamiliar
graspable (Lakoff & Johnson, 1980). Humans will always
reach for figurative language when confronting new tech-
nologies, and Al is no exception. The question, then, is not
whether we use metaphors but whether we choose them well.
What makes a metaphor productive rather than misleading?
At minimum, it should be epistemically transparent, illumi-
nating how a technology actually works rather than project-
ing a false familiarity onto it. It should invite inquiry rather
than foreclose it, opening questions rather than settling them
prematurely. And it should serve the people who depend on
it most — those in the contexts where we are actively shap-
ing how others understand and engage with these technolo-
gies. This is not merely a linguistic exercise, as selecting or
constructing a metaphor for a complex phenomenon is an act
of creative cognition, drawing on the analogical reasoning
that creativity researchers have long identified as central to
how humans generate new understanding (e.g., Sawyer &
Henriksen, 2024).

This issue of deliberate, creative metaphor choice
becomes more pressing when considering who currently
chooses most Al-centered metaphors. Sam Altman, CEO
of OpenAl, has observed that “People talk about how much
energy it takes to train an Al model, but it also takes a lot
of energy to train a human. It takes about 20 years of life...
before you become smart” (The Indian Express, 2026).
Dario Amodei, CEO of Anthropic, has described “powerful
AI” as “like a country of geniuses in a data center”” (Amodei,
2024). These are not casual slips but deliberate metaphor
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choices by people with multi-billion-dollar fortunes invested
in a particular framing: that human development is a slower,
less efficient version of model training, that intelligence is
a resource to be scaled and that what Al does and what
humans do when they learn are fundamentally the same.
This essay suggests what each metaphor highlights and what
it conceals. The question is whether we can do better.

What, then, is to be done? The conventional response is
Al literacy—teach people how the technology works, how
to write effective prompts, why it produces errors, where its
information comes from. This is necessary but insufficient.
If the anthropomorphic forces we have described operate
below the level of conscious reasoning, then literacy alone
cannot override them. One can know perfectly well that an
LLM does not “think” and still find oneself speaking and
acting like it does, just as one can know that the Miiller-Lyer
lines are identical in length and still see them as different.
Knowledge does not override our perceptual machinery.

We cannot rewire our social cognition, nor make the
technology less fluent. We probably cannot prevent com-
panies from designing for engagement, nor easily change
the cultural language surrounding Al. But there is one lever
available to us, right now: we can choose our metaphors
deliberately. As Lakoff and Johnson (1980) showed, and as
Thibodeau and Boroditsky (2011) demonstrated empirically,
the metaphors we use change what we see, what we infer
and what we decide. When an educator deliberately chooses
to frame Al as “autocomplete on adrenaline” rather than
“a brilliant tutor,” she is doing creative intellectual work:
deciding which features to foreground, which to suppress,
and what conceptual structure will best serve her students’
thinking. The taxonomy we presented earlier is not merely
an intellectual exercise. It is a toolkit for what we might call
cognitive self-defense: a vocabulary for recognizing where
one stands on the anthropomorphic spectrum and deciding,
deliberately, whether that is where one wants to be.

In practice, this might mean pausing before introduc-
ing an Al tool in a classroom to ask: “What metaphor am
I implicitly offering my students?” A school adopting Al
writing tools might examine which metaphors appear in their
policy documents and whether those framings match the
values they want to cultivate. The taxonomy is useful not
as a fixed classification but as a reflective prompt, a way of
spotting assumptions that otherwise operate invisibly.

But the metaphors we choose for Al, consequential as
they are, are not the most important metaphors at stake. The
most consequential metaphor may be about learning itself. If
we think of learning as “information transfer”” and education
as “content delivery,” then GenAl might appear to do the
job faster, cheaper and at scale, and the logical conclusion
is that teachers are redundant and schools obsolete. If, on
the other hand, we view learning as cultivation, as appren-
ticeship, as the slow and often difficult process of becoming
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via encounter with ideas, materials and other minds, then
Al looks like a supplement at best and an impoverishment
at worst. Same technology; radically different conclusions.
The difference lies not in the machine but in the metaphor.

This is where the real stakes become clear. The people
currently defining the dominant metaphors are rarely edu-
cators, but technologists, investors and platform designers
with financial incentives to frame learning as a process to
be optimized, automated and scaled. If that framing prevails
(not because it is correct, but because it was stated confi-
dently and never critically examined) then the most impor-
tant metaphor choice of our time will be made by default,
without the people who understand learning ever having
been at the table.

The question this essay leaves us with is therefore not
only “What is your metaphor for AI?” but also, and more
urgently: What is your metaphor for learning? Or for school?
For what it means to educate a human being? Our taxonomy
is a tool for the first question. The second question, though,
matters most, and it will not be answered by choosing more
carefully among existing options. It will be answered by
educators, researchers and communities doing what they do
best—reaching not for the language of engineering, optimi-
zation or scale, but for metaphors rooted in older and deeper
traditions: cultivation, dialogue, and transformation. This
work is itself creative, an exercise of the very capacities
that metaphors of optimization and efficiency tend to make
invisible. The metaphors will be chosen either way, and the
only question, then, is who chooses them.
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