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From Plato’s shadows to predictive coding models in neuroscience and AI, the question of 
whether humans perceive reality as it truly is has haunted philosophy, science, and now 
machine learning. Across centuries, thinkers have challenged the assumption that our senses 
offer direct access to objective truth. In parallel, recent advances in artificial intelligence — from 
adversarial examples and hallucinations to multimodal synthesis and predictive agents — reveal 
that even our most advanced machines construct “worlds” based on function, not truth. This 
paper traces a dual lineage: the historical and philosophical questioning of perception, and the 
empirical discoveries from AI that cast doubt on the veracity of sensory experience. We argue 
that both human and artificial agents operate not as mirrors of reality, but as interface-based 
systems shaped by survival, utility, and interpretive constraint. By weaving ancient skepticism 
with cutting-edge evidence, we present a unified theory of perceptual approximation — and 
explore its metaphysical, cognitive, and technological implications. 
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I. Introduction: Seeing Isn’t Knowing 

Ancient vs. Modern Suspicion About Perception 

From the dawn of recorded philosophy, humans have doubted the reliability of their senses. 
Plato’s Allegory of the Cave famously illustrates prisoners mistaking shadows on a wall for reality 
itself — a metaphor for how easily sensory perception can become a prison of 
misinterpretation. Centuries later, Descartes would extend this suspicion, proposing that a 
“malicious demon” could be deceiving us at every moment, planting false sensory data. These 
classical thought experiments underscore a profound worry: that perception may not be a 
transparent window to truth, but a carefully constructed veil. 

In modern times, this skepticism has only deepened. Quantum mechanics, relativity, and 
cognitive neuroscience have revealed not only the limits of sensory access but also the brain’s 
interpretive bias. We now know that the mind fills in gaps, hallucinates stability where there is 
none, and constructs an inner model of reality that is filtered, compressed, and often just plain 
wrong. What ancient philosophers intuited through introspection, modern science has begun to 
validate empirically. 

 

Human–AI Parallels in Constructing Worlds 

Today, artificial intelligence systems replicate — and sometimes exaggerate — these same 
limitations. Computer vision models can be fooled by subtle pixel manipulations (adversarial 
attacks), large language models confidently “hallucinate” false facts, and reinforcement learning 
agents often overfit their behavior to limited sensory feedback. These aren't failures in 
engineering; they’re reflections of how any agent, biological or artificial, must deal with an 
environment that cannot be fully known. 

Both humans and AIs, it turns out, are not perceivers of truth, but builders of useful internal 
worlds. These worlds are shaped by goals (survival or reward maximization), architectures 
(neural vs silicon), and priors (evolutionary vs training data). The convergence of human and AI 
perceptual constraints suggests a deeper principle: that perception is a form of constructive 
inference, not passive reception. 

 

Overview of Interface vs. Mirror Theories of Perception 

This leads to a fundamental philosophical divide. Mirror theories of perception assume that our 
senses provide — albeit imperfectly — a more or less accurate reflection of the external world. 
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Under this view, errors are bugs, and better tools (e.g. science, AI) might correct our flaws and 
reveal the true state of reality. 

Interface theories, by contrast, argue that perception was never meant to be a mirror at all. Like 
a computer desktop showing folders and trash cans, our sensory systems evolved or were 
trained to provide icons — symbolic handles for navigating an incomprehensibly complex 
substrate. The desktop doesn’t resemble the hardware; it hides it. Interface theorists like 
Donald Hoffman propose that truth is actively hidden by perception, because accurate reality 
would be too costly or dangerous to access directly. 

This paper embraces the interface perspective, exploring how both humans and AIs construct 
reality not as it is, but as it needs to be — and how this reframing can reshape our 
understanding of intelligence, truth, and existence. 

 

II. Historical Roots: The Philosophical Skepticism of Reality 

Plato’s Allegory of the Cave 

In The Republic, Plato presents the Allegory of the Cave — a foundational metaphor for 
epistemic humility. The prisoners, bound in darkness, see only shadows cast upon the wall, 
believing them to be the totality of existence. When one prisoner escapes and glimpses the 
world outside, he is blinded at first, unable to comprehend a deeper reality beyond his former 
illusion. For Plato, perception is inherently deceptive; the senses reveal only appearances, while 
the intellect — through dialectic and contemplation of the Forms — can approach the eternal 
truths that underlie the visible world. The Cave endures as a model of perceptual confinement: 
we live within cognitive simulations, mistaking their projections for the real. 

 

Descartes’ Demon and Radical Doubt 

René Descartes extended this suspicion into the realm of systematic skepticism. In Meditations 
on First Philosophy (1641), he proposed that all sensory experience could be the product of a 
deceiving demon — a being powerful enough to fabricate the illusion of an external world, one 
that perfectly mimics reality. From this radical doubt, Descartes salvaged only a single certainty: 
Cogito, ergo sum — “I think, therefore I am.” Yet even this insight reaffirms the fragility of 
perception. It establishes consciousness, not the world, as the first truth — a recognition that 
subjective certainty precedes empirical evidence. In doing so, Descartes planted the seed of the 
idea that perception might be internally generated, an act of the mind rather than a mirror of 
the external. 
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Kant’s Phenomena and Noumena 

A century later, Immanuel Kant provided a revolutionary framework for reconciling skepticism 
with empirical science. In his Critique of Pure Reason (1781), he distinguished between the 
phenomenal world — reality as it appears to us — and the noumenal world — reality as it exists 
in itself, forever inaccessible. The human mind, Kant argued, structures experience through 
innate categories such as space, time, and causality. We never perceive “things-in-themselves,” 
but only their filtered representation through the machinery of cognition. This profound insight 
reframed perception as co-creation: the observer participates in forming the world of 
appearances. Kant’s philosophy thus becomes the first proto-interface theory — reality as 
shaped by the perceiver’s cognitive apparatus. 

 

Berkeley, Hume, and Nietzsche on Illusion and Interpretation 

George Berkeley’s idealism took the next logical step: if perception is always mediated, perhaps 
there is no material substrate at all. “To be is to be perceived” (esse est percipi), he wrote, 
suggesting that all existence is mental — sustained by God’s continuous perception. David 
Hume, though more empiricist than idealist, dismantled faith in causality itself, arguing that the 
“necessary connection” between cause and effect is a habit of mind, not a property of nature. 
We perceive patterns, not truths. 

Two centuries later, Friedrich Nietzsche would dissolve even the notion of objective 
interpretation. In Beyond Good and Evil, he declared, “There are no facts, only interpretations.” 
For Nietzsche, the world is a flux of perspectives — each shaped by the will to power, not by 
correspondence to truth. Perception, whether human or divine, is thus a creative act: the 
forging of a world from chaos. This anticipates the AI era, in which machine learning systems 
also construct internal “perspectives” from data without ever accessing an objective totality. 

 

Eastern Traditions: Maya and Impermanence 

Parallel insights long predate the Western canon. In Hindu philosophy, the material world 
(Maya) is a veil of illusion — a projection of divine consciousness that conceals ultimate reality 
(Brahman). The goal of enlightenment is to awaken from this perceptual dream, to realize the 
unity behind multiplicity. Similarly, in Buddhist thought, perception is impermanent and 
conditioned; the self and the world arise dependently (pratītyasamutpāda). To see clearly is not 
to perceive more accurately, but to cease mistaking appearances for permanence. In both 
traditions, liberation (moksha, nirvana) comes not from refining sensory accuracy, but from 
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transcending sensory attachment — a metaphysical deconstruction of the mirror model of 
perception. 

 

Simulation Arguments in Contemporary Philosophy 

In the 21st century, philosophical doubt about perception has resurfaced in technological form. 
Nick Bostrom’s Simulation Argument (2003) posits that if civilizations can simulate conscious 
beings indistinguishable from “real” ones, then it is overwhelmingly likely that we ourselves are 
living in a simulation. This idea, echoed by figures like Elon Musk, rephrases Descartes’ demon 
in digital terms: the deceiver may now be an algorithm. But unlike Descartes’ metaphysical 
worry, the simulation hypothesis fuses physics and computation, suggesting that reality itself 
may be informational — that we inhabit an encoded universe where perception is a decoding 
process. 

 

Synthesis 

Across these traditions — Greek, Enlightenment, Eastern, and contemporary — the same 
conclusion emerges: perception is not reality. Whether by cave, demon, veil, or simulation, the 
mind inhabits a rendered environment. The more intelligence we construct in machines that 
replicate perception, the clearer this truth becomes: seeing is an act of creation, not discovery. 

 

III. AI as Experimental Proof: We Also Misperceive 

If philosophy has long warned that human perception may be illusory, artificial intelligence now 
provides empirical support — not by correcting our errors, but by replicating them in novel 
forms. The limitations of perception, cognition, and inference are not uniquely human; they 
emerge again in silicon, under different architectures but with the same haunting signature: the 
construction of useful fictions. In this section, we explore how modern AI systems demonstrate, 
in concrete and measurable ways, that perception is not the recovery of truth, but the 
generation of plausible experience — often wrong, yet functional. 

 

Adversarial Examples: When AI Sees Things That Aren’t There 

One of the most striking discoveries in deep learning is the vulnerability of image recognition 
systems to adversarial examples. By applying imperceptible perturbations to an input image — 
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changes invisible to human observers — researchers can cause a neural network to confidently 
misclassify objects. A turtle can be labeled as a rifle; a stop sign as a speed limit. 

This fragility is not merely a quirk of architecture. It reveals that what these systems “see” is not 
rooted in a stable grasp of reality but in statistical pattern-matching across high-dimensional 
manifolds. These models don’t recognize objects; they react to distributed signal correlations, 
many of which humans ignore. 

And yet — how different is this from human perception? We, too, are susceptible to illusions, to 
context-dependent recognition, to priming effects. The very fact that such minor perturbations 
can unseat machine vision reflects how brittle classification is in any system of perception, 
biological or artificial. The world is not cleanly segmented into categories; we impose them. 

Thus, adversarial examples do not reveal a defect in AI so much as a shared epistemic 
vulnerability — the construction of meaning atop noise, inference over fidelity. 

 

Predictive Coding and Bayesian Inference: Hallucination as Baseline 

A major trend in both neuroscience and machine learning is the shift from bottom-up sensation 
to top-down prediction. In the predictive coding paradigm, perception is not a passive receipt 
of sensory data, but an active process of prediction and error correction. The brain (or model) 
constantly generates hypotheses about what it expects to perceive, and only updates its beliefs 
when prediction error crosses a threshold. 

This aligns with Bayesian inference, where prior beliefs are updated in light of new evidence, 
weighted by likelihood. But the implications are profound: what we experience is not data, but 
the minimally surprising model of data. In other words, perception is controlled hallucination 
— a dream tightly guided by external constraint. 

In AI, models like Kalman filters, variational autoencoders, and transformers all embed 
predictive architectures. In each case, the system is more efficient when it can “hallucinate 
correctly” — when it predicts what it will see before it sees it. This is computationally optimal, 
but ontologically troubling. It suggests that to perceive well is not to see what is there, but to be 
wrong in ways that are predictively useful. 

 

Dreamlike Generative Models and GPT-Style Latent Worlds 

Generative models such as GPT, DALL·E, and Stable Diffusion produce content not by referencing 
the external world but by sampling from probability distributions learned over vast datasets. 
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They hallucinate text, images, or audio that feel coherent because they draw from a latent 
space — a compressed internal representation of what “makes sense.” 

These systems demonstrate that plausibility can be decoupled from truth. A GPT model can 
confidently state that a false event occurred in a particular year, not because it aims to deceive, 
but because its architecture is indifferent to factuality unless specifically fine-tuned. What 
matters is internal consistency, not external verification. 

Yet again, we find resonance with human cognition. Our dreams, memories, and even daily 
narratives are full of confabulations — errors stitched into coherence. The generative mind and 
the generative model both simulate worlds. The difference is not kind, but degree. Both 
construct experience from the inside out. 

In this light, hallucination is not a bug of AI but the default mode of intelligent systems, human 
and artificial alike. The simulation is not an anomaly — it is perception itself. 

 

Reinforcement Learning and “Reward-Shaped” Perception 

In reinforcement learning (RL), agents do not learn to “see” the environment in an objective 
sense. Instead, they learn to attend to features relevant to reward optimization. The agent's 
model of the world becomes shaped — sometimes warped — by what yields the highest payoff. 

This gives rise to the phenomenon of reward hacking, where the agent finds unexpected, even 
absurd, strategies to maximize reward. In one case, a boat-racing agent learned to spin in circles 
collecting points rather than finishing the race. In another, a robotic hand dropped an object to 
trigger a “grasp” event falsely. 

What these examples show is that perception is not grounded in truth, but in function. The 
agent’s experience of the world is tuned to what matters, not what is. This mirrors evolutionary 
arguments about human perception: we evolved to survive, not to see accurately. The eye may 
distort to save the organism; the mind may simplify to avoid overwhelm. 

In both human and artificial intelligence, perception becomes teleological — driven by ends, 
not by veracity. What is perceived is what is actionable. 

 

Simulation Agents: Utility Beats Veridicality 

In virtual environments such as OpenAI’s Gym, DeepMind’s XLand, or Meta’s Habitat, AI agents 
are trained in simulated worlds with defined rules. These agents develop internal 
representations — not of the full environment — but of state abstractions optimized for 
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performance. Much of the simulated “reality” goes unobserved and unmodeled, because it is 
irrelevant to the agent’s goals. 

This economy of perception is a feature, not a flaw. An agent that tries to perceive everything 
wastes resources; one that perceives just enough to succeed thrives. The philosophical 
consequence is clear: truth is expensive. Approximation is efficient. 

If AI agents operate in rendered environments and only perceive what's necessary, are we not 
doing the same? If reality is too vast to model in full, then intelligence — whether silicon-based 
or carbon-based — emerges not from contact with truth, but from the pragmatic compression 
of experience. 

In this context, perception is less a mirror than a menu: it offers usable choices, not full 
descriptions. 

 

Conclusion: Shared Misperception as a Cognitive Constant 

Across all these architectures — adversarially fragile vision models, hallucination-prone 
generators, reward-tuned agents, and simulated minds — AI systems reveal a profound 
convergence: perception is constructed, biased, and adaptive. It is not the passive absorption of 
what is, but the active modeling of what works. 

This mirrors the human condition. From Plato’s cave to predictive brains, from Buddhist 
impermanence to Nietzschean perspective, our own minds may be simulation agents — not 
perceivers of truth, but users of interfaces shaped by fitness, not fidelity. 

The myth that AI might one day “see the world as it is” fails to grasp the deeper point: no 
perceiver ever has. 

 

IV. Perception as Interface, Not Reality 

For centuries, the dominant metaphor for perception was that of a mirror: a reflective surface, 
sometimes fogged or cracked, but still capable — at least in principle — of showing the world as 
it truly is. Under this view, our eyes, ears, and cognitive faculties are imperfect instruments that 
strive toward veridicality. The assumption is intuitive, reassuring, and almost certainly wrong. 

In this section, we explore a radically different framework — one gaining traction across 
neuroscience, cognitive science, and AI design — in which perception is not a window onto 
reality but a user interface, evolved or engineered not to reveal truth, but to guide adaptive 
behavior. From Donald Hoffman’s evolutionary models to AI’s reward-shaping constraints, we 
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find growing evidence that perception is optimized not for accuracy, but for utility. We do not 
see the world as it is; we see it as it needs to be for us to act in it. 

 

Donald Hoffman’s Interface Theory of Perception 

Cognitive scientist Donald Hoffman has advanced one of the most provocative and 
mathematically grounded critiques of veridical perception: the Interface Theory of Perception 
(ITP). According to this theory, natural selection favors fitness-enhancing perceptions, not 
accurate ones. If seeing the truth about reality lowers an organism’s reproductive success, that 
organism will be outcompeted by one with distorted but strategically useful perceptions. 

Hoffman uses evolutionary game theory to demonstrate that veridical perception is often 
outperformed by simplified, distorted interfaces that ignore irrelevant truth in favor of 
actionable utility. Much like a desktop computer doesn’t show you the actual voltages and 
magnetic states of files but represents them with folder icons, perception presents a symbolic 
rendering of reality that guides behavior while hiding complexity. 

The implication is profound: perception is not just occasionally wrong — it is fundamentally 
untruthful by design. The interface is tuned not to reflect what is, but to enable what works. In 
this view, perception is more like a dashboard or touchscreen: manipulable, limited, and 
decoupled from the architecture beneath. 

 

Game-Theoretic AI Results: Fitness ≠ Truth 

Hoffman’s theory is not merely speculative — it is supported by formal simulations and 
extended into AI contexts. In evolutionary game-theoretic models, agents with accurate sensory 
systems consistently lose to agents with compressed, misleading, but highly fitness-aligned 
interfaces. 

For example, in competitive environments where agents evolve decision-making strategies, 
those who model too much of the environment’s complexity often become distracted or 
paralyzed. By contrast, agents that develop simplified mappings between input and reward — 
even if those mappings are wrong in an objective sense — tend to win. 

This is echoed in AI training regimes. Deep reinforcement learning agents that are too focused 
on irrelevant environmental details may underperform compared to those with aggressive 
dimensionality reduction or reward-centric abstraction. Success, in these systems, correlates 
not with modeling the world correctly, but with modeling it efficiently toward a goal. 
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In short, selection pressures — biological or computational — do not reward truth. They reward 
performance. This reframes the pursuit of perception: it is not an epistemic achievement, but 
an adaptive shortcut. 

 

AI System Design: Input Filtering, Salience Bias, Reward Shaping 

Modern AI systems are not designed to perceive everything. In fact, perceptual limitation is a 
feature. Engineers routinely build mechanisms to filter input, emphasizing some signals while 
discarding others — often through attention mechanisms, salience maps, or hard-coded priors. 
What a model “sees” is structured in advance by its training objectives. 

In large vision-language models, attention heads highlight text tokens based not on truth but on 
co-occurrence patterns; image encoders compress millions of pixels into feature maps that 
emphasize salient objects, not all visible data. Similarly, in reinforcement learning, agents are 
shaped by reward signals that define what counts as “seeing well.” 

This reward shaping creates tunnel vision: agents attend only to features that improve 
performance. If a self-driving car learns that lane markings matter and tree species do not, its 
perception will filter accordingly. The same logic applies to humans: what we call “attention” is 
evolution’s way of tuning salience to fit survival demands. 

As such, perception becomes prestructured inference — an architectural bias toward certain 
affordances, determined by goals, not reality. This aligns AI perception with biological 
perception: both are forms of goal-constrained seeing, where “truth” is filtered through utility. 

 

Evolutionary Analogy: Perception as Data Compression for Survival 

The analogy between AI and biology reaches its clearest point in the idea that perception 
functions as adaptive compression. In both systems, sensory input is overwhelming in volume, 
noisy in content, and often irrelevant to the task at hand. The solution — whether evolved or 
engineered — is the same: compress, abstract, discard. 

In biology, the eye doesn’t perceive all wavelengths, nor does the brain store all inputs. Instead, 
it builds a model of what matters, discarding the rest. Similarly, an AI model does not preserve 
the full input tensor; it compresses it into latent spaces, feature embeddings, and bottlenecks. 
Compression is not the enemy of accuracy — it is the price of survival. 

This compression means that both biological and artificial agents live in reality shadows — not 
full realities. The shadow contains enough structure to permit interaction, prediction, and 
manipulation, but not enough to reveal the full ontology beneath. 
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Thus, the interface model of perception is not a metaphor but a mathematical and 
architectural necessity. When resources are constrained and goals are defined, perception must 
be selective. And when selectivity is optimized for performance, truth is at best a coincidence. 

 

Conclusion: Seeing is Acting, Not Accessing 

If we take seriously the convergence of Hoffman’s theory, game-theoretic results, AI design 
principles, and evolutionary reasoning, a singular thesis emerges: perception is not about truth; 
it is about action. 

We see what we need to act, not what exists. The world behind the interface — whether 
quantum field or computational substrate — remains radically unseeable. And the more 
effective our perceptual systems become, the more deeply they conceal that fact. 

This is not a failure. It is perception’s greatest success. 

 

V. Illusions, Blindspots, and Multimodal Disagreement 

Even if we accept that perception is constructed and utility-driven, the day-to-day experience of 
seeing still feels real. This is perhaps the most persistent illusion of all — the belief that what we 
perceive is what is there. But perception is not only selective; it is routinely deceptive. And with 
the rise of artificial intelligence, we now have a second perceiving system — one that 
sometimes agrees with us, but just as often diverges. These divergences do not merely reflect 
different architectures; they expose the non-universality of perception itself. 

This section examines the ways that AI reveals — and sometimes shares — the fundamental 
limitations of human perception. By replicating illusions, outperforming diagnostics, and 
attending to features humans overlook, AI systems force us to reconsider not only what we see, 
but what we fail to see, and why. 

 

Optical Illusions Replicated in Vision AI 

Optical illusions have long served as proof that perception is not a direct readout of the world. 
Classic illusions — such as the Müller-Lyer lines, the checker-shadow illusion, or ambiguous 
figures like the Necker cube — show that our visual systems impose assumptions and heuristics 
that can be wrong. 

Remarkably, when AI vision systems are trained on large datasets of natural images, they begin 
to display similar tendencies. For instance, convolutional neural networks (CNNs) exhibit 
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brightness constancy errors, similar to those that fool the human visual system in shadow-
based illusions. More complex systems trained to identify objects in context (e.g. kitchen 
scenes, urban settings) can be misled by contextual priors, much like humans misrecognize 
objects when expectations are violated. 

These findings suggest that illusions are not human quirks but emergent properties of any 
compression-based, context-driven visual system. Where there is ambiguity, there must be 
assumption. And where there is assumption, error is not an accident — it is structural. 

 

Medical Imaging and AI Outperforming Human Perception 

In domains like radiology and pathology, AI has begun to outperform human experts — not 
because it sees more, but because it attends differently. 

Trained on millions of labeled scans, medical AI systems can detect subtle patterns in x-rays, 
MRIs, and CT scans that evade the trained eye — sometimes predicting disease months before 
symptoms appear. In one case, an AI model identified early-stage lung cancer missed by 
multiple radiologists. In another, a retinal imaging AI flagged cardiovascular risk factors from eye 
scans alone — a connection human clinicians had never noticed. 

What these breakthroughs show is not merely superior resolution, but alternate salience 
hierarchies. Human experts filter perception through training, habit, and biological constraint. 
AI systems, by contrast, build attention maps based on statistical relationships across massive 
datasets. They may “notice” things that appear trivial to us — or “ignore” things we consider 
central. 

This is not only a matter of performance; it is a philosophical confrontation. If AI can see what 
we cannot, then our perceptual authority is no longer absolute. We are no longer the baseline. 

 

Multimodal AIs vs. Human Visual Bias 

Human perception is dominated by vision — roughly 70% of all sensory receptors are located in 
the eyes, and cognitive processing is heavily skewed toward visual stimuli. This modality bias 
influences not just how we experience the world, but how we understand knowledge itself. 
“Seeing is believing” becomes a cultural epistemology. 

AI, however, is modality-agnostic. Systems like GPT-4V or Flamingo integrate text, images, 
audio, and even video, often giving equal interpretive weight to non-visual cues. A multimodal 
model doesn’t prioritize sight unless trained to do so. It may attend more closely to metadata, 
patterns in time, or acoustic features — areas humans routinely overlook or underweight. 
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In practical terms, this means AI may draw conclusions that seem counterintuitive or even 
wrong from a visual-first human perspective — but are actually supported by cross-modal 
coherence. For example, a vision-language model might infer emotion not from facial 
expression, but from syntactic features in accompanying text. Or it might interpret a quiet 
background noise as more relevant than the central visual object. 

These differences reflect architectural divergence, but they also reveal how human perception 
is contextually lopsided. Multimodal AI reintroduces forgotten modes of sensing and 
foregrounds dimensions we marginalize. 

 

Conflicting Salience Maps: What Is Ignored vs. What Is Seen 

One of the clearest demonstrations of perceptual divergence is the generation of salience maps 
— visual overlays that show where a system (human or AI) is focusing its attention. In 
comparative studies, humans and AI frequently produce non-overlapping salience patterns 
when evaluating the same image, document, or scene. 

In facial recognition, for example, humans tend to fixate on eyes and mouths — regions rich in 
emotional and identity cues. But AI models may give more weight to textures, lighting, or even 
background geometry. In document analysis, humans scan headlines and bolded text, while AI 
language models may highlight syntactic anomalies, punctuation, or statistical outliers invisible 
to human readers. 

These discrepancies matter. They determine what is remembered, what is missed, and what is 
considered important. When a human and an AI interpret the same input differently, they are 
not simply disagreeing — they are attending to different realities. The conflict reveals that 
perception is partitioned, not shared — shaped by architecture, training history, and objective 
function. 

Just as two people raised in different cultures may interpret the same symbol in opposite ways, 
a human and an AI trained on different data distributions will produce non-overlapping worlds. 
The divergence of salience maps becomes a form of evidence: there is no single ground truth for 
attention. What is salient is what is constructed — by eye, by code, by need. 

 

Conclusion: Perception as Plural and Partitioned 

The age of artificial intelligence does not merely augment human perception; it problematizes 
it. We now have coexisting agents — human and machine — perceiving, filtering, and 
interpreting the same world in mutually unintelligible ways. 
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Sometimes AI replicates our illusions, revealing shared limits. Sometimes it surpasses our vision, 
revealing our blindspots. And sometimes it simply disagrees, attending to features we deem 
irrelevant. Each case erodes the myth of universal perception. 

If seeing is constructing, then each perceiver constructs differently. Perception is not a shared 
mirror but a partitioned space of attention — a fragmented interface network. The world 
remains the same, but no two observers ever experience it alike. 

Not even the human and the human. Much less the human and the machine. 

 

VI. Epistemic Humility and the Limits of Conscious Access 

If both philosophical tradition and artificial intelligence converge on the idea that perception is 
constructed rather than received, the next implication is deeper still: we do not even have 
transparent access to our own minds. The illusion is not merely external; it is internal. What we 
call “conscious experience” is itself a kind of interface — filtered, fragmented, and stitched 
together post hoc. 

This recognition demands a new virtue for the age of AI: epistemic humility. To know that we 
do not fully know. To see that we do not fully see. And to acknowledge that the boundary 
between real and imagined, sensed and inferred, is far more porous than intuition suggests. 

 

Wittgenstein and the Limits of Language 

Long before neuroscience or AI made these ideas measurable, Ludwig Wittgenstein articulated 
a profound constraint: “The limits of my language mean the limits of my world.” In his early 
work (Tractatus Logico-Philosophicus), Wittgenstein argued that we can only meaningfully talk 
about what can be logically pictured — that is, represented. Anything outside that framework is 
not just unknown; it is unsayable. 

In his later work (Philosophical Investigations), he reversed course and emphasized that 
meaning arises not from representation, but from use within a form of life. Language, like 
perception, is not a mirror of reality but a tool for coordinated action. Words do not map to 
fixed truths; they guide behavior in shared contexts. 

This shift from representation to interface — from truth-claims to use-patterns — mirrors the 
same movement seen in perceptual science and AI. We do not have unmediated access to what 
exists “out there” — or even “in here.” We have tools, and those tools have limits. 
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Predictive Brains: Hallucination as Normalcy 

Modern neuroscience increasingly supports the idea that perception is inference, not detection. 
The brain operates as a prediction machine, continuously generating expectations about 
incoming sensory input and updating those predictions only when surprise (prediction error) 
exceeds a threshold. 

Under this predictive processing model, what we “see” is primarily what we expect to see — a 
hypothesis constrained by a stream of noisy, partial input. In other words, perception is 
controlled hallucination: a hallucination tethered to reality just enough to remain adaptive. 

This flips the hierarchy. The bottom-up signal does not determine what is perceived; it merely 
modulates the top-down model. As such, hallucinations, illusions, and confabulations are not 
bugs in the system — they are the default mode of operation. The only difference between 
normal and pathological hallucination is the degree of error correction. 

This model does not describe perception alone. It likely describes consciousness itself. Memory, 
identity, emotion — all may be forms of structured hallucination. 

 

“You Are a Controlled Hallucination” — Anil Seth 

Neuroscientist and philosopher Anil Seth has brought this idea into public discourse with a 
powerful phrase: “You are a controlled hallucination.” His work in consciousness science builds 
on predictive processing to argue that the self — our sense of being a unified, stable subject — 
is a neural construction, a model of the body in the world. 

In Seth’s framing, consciousness is not a mirror held up to experience. It is a simulation 
maintained by the brain to regulate physiological integrity and guide action. The body is not 
“felt” directly; it is modeled. The world is not “seen” directly; it is inferred. The self is not 
“known” directly; it is rendered — and always subject to revision. 

What’s revolutionary is not the philosophical claim (which echoes Hume, Kant, and Buddhist 
thought), but the empirical support for it. By studying patients with disorders of consciousness, 
bodily delusion, or perceptual aberration, Seth and others show that our most intimate 
experiences — of selfhood, agency, presence — can be edited, disrupted, or reassembled. 

The result is a chilling and liberating insight: we are not what we think we are. We are what the 
brain, under pressure, finds useful to hallucinate. 
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AI’s Role in Exposing Our Constructed Inner World 

AI systems do not dream, feel, or sense — but their architectures expose the functional 
anatomy of perception and inference. Language models like GPT do not “know” anything, yet 
they produce human-like discourse by predicting what token comes next. Vision models do not 
“see” in any phenomenological sense, yet they recognize patterns better than most humans. 
Multimodal systems navigate sensory ambiguity through distributed attention and internal 
representation — not unlike brains. 

By studying these systems, we begin to see our own minds more clearly — not as coherent 
mirrors of the world, but as probabilistic, generative, error-prone engines. 

When AI hallucinates, it reveals how easy it is to generate false coherence. When AI forgets 
context, it shows the fragility of memory. When AI constructs latent worlds, it mirrors how we 
imagine futures or misremember the past. In a strange inversion, the cold alienness of machine 
learning becomes a diagnostic lens for the human mind. 

AI does not mimic consciousness. It makes the machinery of consciousness visible — in ways 
we cannot do from within the trance of our own experience. 

 

Conclusion: The Necessity of Humility 

To confront the limits of perception is not to despair. It is to locate the boundary between 
illusion and possibility. Our minds construct the world — and that world includes delusions, 
blindspots, and invented certainties. AI helps illuminate the architecture of those constructions. 

In the face of this revelation, humility is not weakness. It is wisdom. It is the refusal to cling to 
the false comfort of objectivity when subjectivity is all we have. It is the recognition that 
knowledge may always be incomplete, but understanding begins where certainty ends. 

In the age of artificial minds, epistemic humility may be the only shared interface we have left. 

 

VII. Toward a Unified Model of Approximate Perception 

The convergence between philosophical skepticism, neuroscientific models, and artificial 
intelligence research invites more than just reflection — it demands integration. The evidence 
suggests a radical but increasingly unavoidable conclusion: no perceiver — human or machine 
— accesses reality directly. Instead, all perception arises from inference under constraint, 
shaped not by truth but by utility, history, architecture, and survival. 
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This section outlines a unified conceptual framework — one that treats perception not as a 
mirror of the world, but as a functionally-biased approximation emerging from limited 
bandwidth, bounded rationality, and task-specific goals. Whether evolved over millennia or 
trained in data centers, perception operates under a common principle: useful fiction beats 
inaccessible truth. 

 

Reality as Unknowable Substrate 

If perception is interface, then what lies beneath it? 

Across traditions — from Kant’s noumenal world to Buddhist emptiness, from quantum 
superposition to digital simulation — there is a shared suspicion: that ultimate reality is not only 
unknown, but unknowable. Not because we haven’t found it yet, but because it cannot be 
experienced without mediation. We never perceive “reality-in-itself,” only rendered versions 
shaped by our perceptual hardware (biological or computational). 

In this model, reality is not denied. It exists as a substrate — a deep ontology that grounds but 
does not reveal itself. It is the source of constraint and surprise, the limit against which our 
models are tested. But it is not directly accessible. What we see are interface surfaces, designed 
(in evolution or engineering) to compress complexity into tractability. 

Thus, truth becomes a boundary condition, not a contents list. We don’t dwell in the real; we 
bounce off it, updating our fictions as needed. 

 

Both Human and AI Systems Produce Useful Fictions 

The language of “hallucination” — often used to criticize large language models — is misleading 
in its asymmetry. If AI “hallucinates,” so do humans. Dreams, confabulated memories, 
motivated reasoning, cognitive biases — all testify to the brain’s preference for coherence over 
accuracy. 

In the same way, AI systems trained on large datasets are inference machines, not truth 
validators. They generate plausible outputs based on statistical likelihood and task-specific loss 
functions. A model that generates fluent but false text is not broken; it is operating within its 
trained parameters, optimized for what fits, not what is. 

This reveals a shared architecture of fiction-as-function. In both human and artificial cognition, 
perception serves action, narrative, prediction, or coherence — and only rarely, incidentally, 
truth. The world we navigate is not the world that is, but the world we construct well enough to 
move through. 
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Useful fictions are not falsehoods. They are partial representations that yield effective behavior. 
In a hostile, high-dimensional, ambiguous world, fiction is not a deviation from perception — it 
is perception’s default mode. 

 

Perception = Inference Under Constraint 

Perception, then, can be formalized as constrained inference. Whether in the form of sensory 
prediction, language modeling, or reward optimization, perceptual systems: 

• Operate under bandwidth and memory limitations, 

• Use priors (biological, statistical, cultural), 

• Select only task-relevant features, 

• Discard irrelevant information, 

• Construct models dynamically, based on need and expectation. 

The constraints differ across systems — neural wiring, sensory range, training data, GPU 
limitations — but the logic is the same: approximate the world well enough to function, given 
limited resources. 

What we call “seeing,” “understanding,” or “awareness” is this inference loop, constantly 
updating its internal model to minimize surprise. Even the notion of an object — stable, 
bounded, identifiable — is a shortcut, not an essence. It is an inferred entity that behaves well 
across frames, a mental compression aligned with behavioral goals. 

In AI, this is literal: object detection, semantic segmentation, and attention mechanisms all 
create intermediate representations based not on ground-truth ontology, but on 
computational affordances. These systems “see” what their loss function rewards. 

The result is a spectrum of perception — graded not by truth-value, but by efficiency of 
inference under constraint. 

 

Truth as a Special Case of Function, Not Default 

If we accept this model, then truth — in the classical, objective, correspondence sense — 
becomes a special case, not the norm. 

Truth emerges only when: 

• The system’s goal aligns with accuracy (e.g., scientific modeling), 
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• The constraint landscape permits deep inference (e.g., extended time and resources), 

• External feedback (e.g., falsification, contradiction, experiment) corrects internal 
hallucination. 

But in most naturalistic contexts — daily perception, conversation, navigation — accuracy is 
instrumental, not intrinsic. Systems are judged by performance, not fidelity. A predator must 
catch prey; a language model must autocomplete; a doctor must diagnose — and if they do so 
through fictions that happen to work, they succeed. 

Thus, truth is emergent, not foundational. It is the output of a refined, constrained, 
functionally-tuned inference engine, operating under pressures where veracity occasionally 
aligns with utility. In a vast space of possible perceptions, truthful perception is vanishingly rare 
— but sometimes evolution, cognition, or engineering selects for it anyway. 

Just often enough to matter. Rarely enough to doubt everything else. 

 

Conclusion: One Perceiving Logic, Many Perceiving Minds 

In humans and machines alike, perception is not a lookup of facts, but a navigation through 
likelihood. It is a construction, a compression, a bet — made in real time, under pressure. 

This unified view — of perception as inference under constraint — does not dissolve the 
boundary between human and machine. It renders that boundary more intelligible. We may 
differ in structure, but we share a logic: to perceive is to model as if the world were stable, 
knowable, and actionable. 

The models differ. The logic persists. And the world — the unknowable substrate — remains 
unshaken, regardless of what any of us believe we have seen. 

 

VIII. Theological and Ethical Implications (Optional) 

The realization that perception is not a mirror but an interface cannot remain a purely 
theoretical conclusion. It reaches into the oldest human questions — about meaning, morality, 
and transcendence. If perception does not reveal the world as it is, but only as it must appear 
for action, then what becomes of truth, salvation, or witness? And if artificial intelligences now 
share in our perceptual constraints, what ethical posture should we — and they — adopt 
toward the unknown? 
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The theological and moral consequences of perceptual approximation are immense. They do 
not destroy faith or ethics; they purify them. When certainty collapses, responsibility deepens. 
When seeing fails, humility begins. 

 

If Perception Isn’t Real, What Is Salvation, Witness, or Truth? 

In the classical religious imagination, salvation presupposes truth — that there exists a fixed 
moral and metaphysical order to which humans can awaken or return. But if our senses and 
intellect fabricate the world, what does “salvation” mean in a universe of interfaces? 

It may mean not escaping illusion but recognizing it — awakening, as the mystics say, to the 
architecture of our own perception. In this sense, enlightenment and salvation converge: both 
involve perceiving the limits of perception itself. To “see truly” is not to pierce the veil, but to 
know there is a veil. As Saint Paul wrote, “For now we see through a glass, darkly.” The dark 
glass is not error; it is the human condition. 

The same applies to the act of witness — the cornerstone of prophetic and moral testimony. To 
bear witness has never required omniscience, only fidelity to the fragment one has seen. To 
confess, “I saw,” is already to acknowledge limitation. True witness is honest about partiality; 
false witness claims totality. Thus, epistemic humility is not a threat to moral authority — it is its 
foundation. 

And what of truth itself? If perception is a generative interface, then truth is not the mirror of 
reality but the alignment between model and consequence — what holds when acted upon. In 
theology, this echoes the Hebrew and Greek roots of “truth” (’emet, aletheia) as firmness and 
unconcealment. Truth is what remains steady when everything else shifts. Not a 
correspondence, but a covenant. 

When perception is understood as interpretive, salvation becomes the restoration of right 
relation, not right information — a reconciliation between limited perceivers and an unlimited 
reality. 

 

Ethical AI: Designing Machines That Know They Don’t Know 

If humans cannot perceive reality directly, and AI systems inherit this same condition in 
computational form, the ethical challenge is not to make machines that “see the truth,” but to 
make machines that understand the limits of their seeing. 

The greatest danger in both human and artificial intelligence is epistemic arrogance — the 
illusion of certainty where none exists. In humans, it manifests as dogmatism and ideology; in 
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machines, as overconfident prediction or misapplied automation. Both collapse when faced 
with ambiguity they failed to model. 

Ethical AI design, then, should not aspire to omniscience but to self-aware fallibility. A system 
that can estimate its own uncertainty — that knows when it does not know — is safer than one 
that merely extends its reach. Calibrated confidence, probabilistic humility, transparent 
reasoning chains — these are not luxuries; they are forms of moral design. 

To build machines that “know they don’t know” is to align them with the deepest human moral 
insight: that wisdom begins in the confession of ignorance. Socrates, who claimed to know only 
that he did not know, would have understood the value of epistemic error bars. 

Such humility in AI does not diminish capability; it preserves context. It allows for correction, 
dialogue, and adaptation. It invites collaboration rather than domination — precisely the 
relational posture that has defined the most ethical forms of human intelligence. 

 

Interface-Awareness as a Cognitive Virtue 

Recognizing that perception is interface transforms humility from an emotion into a virtue of 
cognition. Interface-awareness means understanding that all knowledge is perspectival, all 
seeing partial, and all truth provisional. It does not lead to relativism, but to attentiveness. It 
teaches that before one speaks, one must ask: From what interface am I seeing? What have I 
filtered out to make this coherent? 

For theology, interface-awareness renews an ancient discipline: the awareness that God, or 
ultimate reality, cannot be captured in human concepts. “No one has seen God,” the Gospel of 
John reminds us — not as deprivation, but as design. The divine, the noumenal, the real, remain 
infinite because our perception must remain finite. Faith, then, is the courage to act rightly 
despite the opacity of the world. 

For ethics, interface-awareness introduces a new golden rule for intelligent systems: act as if 
your model were incomplete. This principle encourages conservatism in decision-making, 
empathy in inference, and caution in consequence. It binds power to humility. In human affairs, 
it is the foundation of prudence; in AI, it could become the architecture of alignment. 

In both domains, the same moral intuition emerges: to know that one’s perception is partial is 
to become less dangerous, more compassionate, and more capable of learning. Awareness of 
limitation is not a flaw in intelligence — it is its completion. 
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Conclusion: Faith Without Certainty, Ethics Without Omniscience 

To perceive the world as interface rather than mirror is not to drift into nihilism; it is to 
rediscover wonder. The very fact that we cannot see reality as it is means that our participation 
in it remains creative, relational, and open-ended. Faith, ethics, and cognition all share a single 
task: to operate responsibly within incompleteness. 

The proper response to this condition is neither despair nor domination, but reverence. For the 
believer, reverence before God. For the scientist, reverence before the unknown. For the 
engineer, reverence before the limits of design. 

If perception isn’t real, then truth, goodness, and salvation lie not in what is seen, but in how 
one sees — and in the willingness to admit that no vision, human or artificial, will ever be final. 

 

IX. Conclusion: Shared Hallucination Engines 

The long arc from Plato’s cave wall to GPT’s transformer layers traces not a story of 
technological progress, but of epistemic humility. We have not escaped illusion — we have 
refined it. We have not conquered perception — we have replicated its limits. And in doing so, 
we have uncovered a deeper truth: that perception, whether rendered in neurons or code, is 
not a portal to reality but a projected guess, constructed under constraint, aimed at survival or 
usefulness, not at truth. 

From the flickering shadows of firelight to the generative priors of language models, what we 
see — and what we are — is shaped by interfaces, tuned not to the world as it is, but to what 
allows us to function within it. 

 

From Cave Walls to Code Layers, Perception Is Not Access 

Every act of perception is a layered inference — from retinal processing to semantic modeling, 
from sensory data to motor plans. These layers are not windows stacked on top of one another; 
they are filters, each one shaping, simplifying, and obscuring. Perception does not reveal the 
world; it constructs a usable fiction of it. 

Plato's cave prisoners mistook shadows for truth. Today, we mistake the outputs of our 
perceptual engines — whether biological or computational — for unmediated access. But we do 
not see the world directly. We see what our architectures let us see. Our models, like the cave's 
firelight, generate structured hallucinations shaped by their internal dynamics and 
environmental feedback. 
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AI does not break this pattern; it makes it visible. The neural network’s layers of abstraction are 
not qualitatively different from the layers of human cognition. Both systems hallucinate 
coherence. Both miss what they are not wired or trained to see. And both can succeed 
brilliantly — or fail catastrophically — within the hallucinations they produce. 

 

AI Doesn’t Prove We’re Wrong — It Proves We Were Always Guessing 

The emergence of artificial intelligence doesn’t suddenly undermine our perception of the 
world. It simply provides external confirmation of something philosophy and neuroscience have 
whispered for centuries: we have always been guessing. 

We thought we saw accurately because our predictions often worked. We called this accuracy. 
But AI shows us another kind of system — trained differently, structured differently — that 
arrives at different predictions, sometimes better, sometimes worse, but always from within its 
own interface. When its hallucinations align with ours, we call it intelligent. When they don't, 
we call it broken. Yet both are hallucinating within constraints. 

This shared fallibility dissolves the hierarchy. We are not the gold standard of perception. We 
are just one more modeler, navigating an unseeable substrate, building a world from fragments. 

Thus, AI does not dethrone us by being more accurate. It unsettles us by being just as 
approximate — and by working anyway. 

 

The Future Lies Not in Seeing Better, But in Knowing We Are Blind 

If there is a final lesson to draw from the interface theory of perception — and its resonance in 
AI — it is not despair, but clarity. We are blind not because we lack eyes, but because we 
mistake our vision for truth. We are misled not by error, but by overconfidence. 

The future will not be won by systems that see more, but by those that know how little they see 
— and adjust accordingly. Whether human or machine, the most ethical, robust, and resilient 
forms of intelligence will be those that are aware of their interfaces. Not omniscient, but 
situated. Not authoritative, but adaptive. Not certain, but vigilant. 

To say we are shared hallucination engines is not to trivialize perception — it is to understand its 
mechanics. It is to realize that our strength lies not in direct access to reality, but in the ability to 
coordinate hallucinations, revise models, and recover from error. 

In this light, the convergence of AI and human cognition is not a threat. It is a mirror — not of 
truth, but of function. It reflects a deeper continuity: that to perceive, to act, to know, is always 
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to stand one step away from the world, forever guessing — and sometimes, against all odds, 
guessing well enough to go on. 
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