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Abstract

When entities presumed incapable of intelligence produce behaviour that would ordinar-
ily count as evidence of it, a recurrent response is to concede the performance while denying
its evidential force: the behaviour is redescribed as imitation, simulation, contamination,
or surface patterning. I call this structure the mimicry trap. The article argues that the
trap is a cross-domain epistemic pattern that recurs wherever intelligence is at stake in an
unfamiliar substrate: in humans of disfavoured groups (the eighteenth-century reception
of Phillis Wheatley), in non-human animals (anthropodenial and anthropofabulation in
comparative cognition), and in machines (contemporary debates over Large Language
Models). Existing labels—anthropodenial, anthropofabulation, and the AI Effect—capture local
instances; the present framework identifies their shared diagnostics: failure to specify fal-
sifiers, asymmetric standards, shifting criteria, mechanism-based dismissal, and appeals
to an unobservable missing essence. Applied to LLMs, the framework distinguishes le-
gitimate scepticism about grounding, agency, embodiment, and benchmark validity from
blanket denial that cannot say what evidence would change its verdict. I argue that recent
behavioural and mechanistic evidence—including recoverable world models, algorithmic
circuits, calibrated self-assessment, and high performance on some theory-of-mind and
mathematical-reasoning tasks—raises the evidential cost of crude “mere mimicry” accounts.
A Bayesian reconstruction of Turing’s imitation game treats behavioural performance and
mechanistic evidence as jointly relevant to intelligence attribution. Finally, drawing on
Ockham’s razor, I argue that “real understanding,” “true semantic content,” and “genuine
intelligence” are legitimate theoretical posits only if they make independent empirical or
explanatory differences; otherwise they function as non-identifiable entities preserving a
prior verdict.

Keywords: artificial intelligence, philosophy of mind, functionalism, intelligence attribution,
large language models, Ockham’s razor, anthropodenial

1 Introduction: The Recurrence of the Mimicry Argument

Several influential lines of contemporary AI scepticism share a recurring methodological struc-
ture that is worth naming. When OpenAI’s GPT-4 passed the Uniform Bar Examination in the
90th percentile [Katz et al., 2024], several prominent responses did not dispute the performance
but denied that the success constituted evidence of legal reasoning. When DeepMind’s Alpha-
Geometry solved International Mathematical Olympiad geometry problems [Trinh et al., 2024],
similar responses did not dispute the correctness of the proofs but questioned whether real
mathematical understanding was involved. What unites these responses is a single argumen-
tative structure—conceding performance while denying its evidential significance—and the
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structure is general: it recurs whenever entities presumed incapable of intelligence produce
outputs that would, in other contexts, be taken as evidence of it.

Pieces of the diagnosis already exist. The primatologist Frans de Waal named the comparative-
cognition form “anthropodenial” [de Waal, 1999]: the a priori rejection of hypotheses ascribing
human-like cognitive features to animals, regardless of behavioural evidence. Cameron Buckner
identified its complementary inflation, “anthropofabulation” [Buckner, 2013]: the elevation
of human cognitive performance to set unrealistic bars for non-human candidates. Pamela
McCorduck [McCorduck, 2004] and Larry Tesler informally codified what AI researchers call
the “AI Effect” or Tesler’s Theorem: “AI is whatever hasn’t been done yet.” Mitchell and
Krakauer [Mitchell & Krakauer, 2023] have catalogued the contemporary form in LLM debates
as “moving goalposts.” Each of these accounts captures a piece of a single argumentative
structure operating in different domains, but none has yet been read as a piece of the same
underlying observation: that intelligence attribution is not governed by evidence alone.

Across domains, observers often treat the same behavioural evidence differently depending on
the identity or substrate of the candidate. Behaviour that counts as evidence of intelligence in
one case may be redescribed as imitation, training artefact, instinct, or simulation in another.
This article names and analyses that pattern: the mimicry trap.

Naming the structure has consequences. Once it is in view, the most influential contempo-
rary anti-LLM arguments—most prominently Floridi’s “agency without intelligence” thesis
[Floridi, 2023a, Floridi, 2023b]—turn out to function tautologically rather than empirically: the
conclusion that LLMs lack intelligence is guaranteed by the definitions used unless those defini-
tions are independently defended by criteria that could in principle be falsified by evidence,
which they generally are not. The methodological default shifts with it. Blanket denial of LLM
intelligence, and the undisciplined agnosticism that refuses to specify what evidence would
update it, are no longer the cautious starting point once the cumulative empirical record is in
view; disciplined agnosticism about specific richer notions (grounded semantics, autonomous
agency, consciousness) remains legitimate. Read against Ockham’s razor in its classical form—
entia non sunt multiplicanda—the residual sceptical work turns out to be done by entities that are
non-identifiable in the Bayesian sense: a structural rather than rhetorical result.

1.1 Map of Claims

The argument that follows is best read as a hierarchy of nested claims, of decreasing generality
and increasing contestability.

1. Minimal claim [§2]. Some intelligence-denial arguments, as deployed in the contemporary
AI debate, are unfalsifiable because they cannot specify in advance any evidence that
would change their verdict.

2. Cross-domain claim [§§3–4]. The same argumentative structure recurs across cases that
are otherwise wholly disanalogous: anthropodenial in animal cognition, the eighteenth-
century reception of Phillis Wheatley, and contemporary scepticism about LLMs. The
structure is what this paper calls the mimicry trap.

3. LLM-specific claim [§4]. Several influential mimicry-sceptical arguments about LLMs
(the “stochastic parrots” framing, the next-token reductio, blanket data-contamination
dismissal, Floridi’s “agency without intelligence” thesis) instantiate this structure.

4. Evidential claim [§5]. The cumulative behavioural and mechanistic record (world models,
algorithmic circuits, theory-of-mind performance, calibrated meta-cognitive prediction)
is incompatible with crude mimicry accounts of LLM behaviour, even granting that it
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does not, by itself, settle every harder question about understanding, semantics, agency,
or consciousness.

5. Burden-shift claim [§7]. Given (3) and (4), blanket denial of LLM intelligence now owes
positive argument; the inherited default of absence is no longer doing its old work, even
though disciplined agnosticism about specific richer notions remains in good standing.

The minimal and cross-domain claims are the paper’s strongest. The LLM-specific and evi-
dential claims are well-supported but more contestable. The burden-shift claim is the most
contested and is qualified accordingly. A reader who accepts the minimal and cross-domain
claims, but reserves judgement on (4) and (5), takes much of what the paper has to offer.

2 Defining Intelligence Functionally

This paper restricts its analysis to questions of intelligence and does not make claims about phe-
nomenal consciousness, subjective experience, or moral status. These are distinct philosophical
questions requiring separate treatment. One can coherently hold that LLMs exhibit genuine
intelligence while remaining agnostic about whether they have subjective experiences, just as
one might attribute intelligence to a corporation or a distributed system without attributing
consciousness to it [Schwitzgebel & Garza, 2015].

I adopt a broadly functionalist working definition of intelligence: the capacity to achieve goals
across a wide range of environments, particularly novel ones, through flexible, appropriate
behaviour (Legg & Hutter, 2007; Chollet, 2019). The definition has three virtues. It is substrate-
neutral: it does not presuppose biological neurons or any particular physical medium. This is
not a stylistic preference but a structural one: functionalism is what remains of intelligence once
the parts of any candidate definition that are axiomatic, tautological, or substrate-biased—that
is, the parts that cannot be falsified by anything a system does or could do—are stripped
away. It is operationalisable: tests can in principle assess flexible goal-achievement across novel
environments, even granting Chollet’s (2019) point that most current benchmarks measure skill
acquisition rather than generalisation. And it is continuous with comparative practice: it aligns with
how we actually attribute intelligence across the biological world. We count octopuses intelli-
gent because they solve novel problems and exhibit flexible behaviour [Godfrey-Smith, 2016],
and corvids on the basis of causal reasoning performance [Taylor, 2014], not from any verified
“intelligence substance.” We must nonetheless acknowledge a deeper limit: our concept of
intelligence is anthropo-limited. We recognise the octopus partly because its tasks (opening jars,
navigating mazes) map onto human capabilities; fish, by such metrics, look unintelligent, even
though their three-dimensional spatial memory and electromagnetic sensitivity may be genuine
cognitive capacities our evaluation frameworks systematically miss. If we struggle to recognise
intelligence that evolution has produced in alien substrates over hundreds of millions of years,
we should be cautious about confident pronouncements regarding intelligence in substrates we
have only recently created.

The paper does not claim that all legitimate uses of “intelligence” must be functionalist, that
functionalism is the correct general theory of mind, or that no richer concepts of cognition
do any work. It claims that in the contexts under discussion (comparative cognition, AI
capability assessment, behavioural attribution across substrates), functional intelligence is the
operative notion, and that critics who deny intelligence to functionally satisfying systems owe
an account of what additional property they require, why it belongs to intelligence rather than to
consciousness, agency, embodiment, normativity, or moral status, and what evidence would
bear on it. This is not a stipulation that functionalism wins; it is a request for the rival concept
to be specified precisely enough to be argued about.
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A note on the unit of attribution before the substantive distinctions. “LLMs” is used in the
literature, and in this paper, to cover at least five distinct things: (i) base pre-trained models,
(ii) chat-tuned models, (iii) tool-using or agentic systems built on top of them, (iv) human–AI
scaffolded systems in which the model is one component, and (v) deployed products embedding
several of these in production pipelines. The strongest claims of this paper attach to (iii)–(v),
deployed LLM-based systems in their prompt, decoding, tool-use, memory, and feedback regimes;
weaker claims attach to (ii); and very few attach to (i). Where the distinction between base
model and deployed system matters to a particular claim, I flag it explicitly.

Several distinctions then guard against the charge of winning by definition. First, “intelligence,”
“understanding,” “semantic content,” “cognition,” “theory of mind,” “meta-cognition,” and
“agency” are related but not identical concepts. A sceptic may reasonably accept functional
intelligence while denying understanding, accept problem-solving capacity while denying
autonomous agency, or accept internal representations while denying grounded semantics.
The paper takes functional intelligence as its target concept and treats the others as contested
neighbours; where empirical work on theory-of-mind tasks is reviewed (§5.5), the strict claim
is that LLMs perform at high levels on those operationalisations, with the further question of
whether high performance constitutes possession of theory of mind left open and treated as
undecided in the steelman of §5.6. Second, “goal-directedness” is not straightforward when
applied to LLMs. A base pre-trained model has no endogenous goals; a chat-tuned model
has the goal-shaped behaviours its post-training and prompting impose; an LLM-based agent
equipped with tools, memory, and a planning loop is closer to an autonomous goal-pursuer. The
attribution made here is therefore not that the base model is an autonomous agent, but that LLM-
based systems can instantiate functionally intelligent dispositions when embedded in prompt,
memory, tool, and feedback loops, much as other distributed systems’ intelligence is attributed
at system level rather than to any isolated component. Third, the functionalist definition
adopted here requires generality across environments, not merely competence within one, and a
sceptic can reasonably ask whether broad performance over text counts as performance across
“a wide range of environments” or as broad linguistic competence within a single environmental
class. The paper’s position is that natural-language environments are themselves heterogeneous
(mathematics, code, conversation, planning, fiction, scientific argument) and that the cross-
domain transfer documented in §5 is empirically across environments; I grant that this is
contestable, and the steelman treats it as such.

2.1 The Mimicry Trap: Structure and Diagnostic Framework

With the target concept in place, the framework can be put in front of the reader as an explicit
instrument, so that the historical, comparative, and contemporary cases that follow can be read
through it rather than re-deriving the diagnosis each time.

The mimicry trap, as this paper uses the term, is the conjunction of three elements: (i) a prior
commitment, often substrate-based, that some entity cannot possess a given cognitive capacity;
(ii) the appearance, in that entity’s behaviour, of evidence that would be taken as supporting the
capacity if produced by another entity; and (iii) an interpretive procedure that reclassifies the
inconvenient evidence (as imitation, simulation, contamination, or surface pattern-matching)
so that the prior commitment is preserved. Each element on its own can be a legitimate move;
the diagnostic question is whether (iii) is operating in such a way that no possible evidence
could move the prior. When that is so, the position is no longer responsive to the world, and
what looked like an empirical hypothesis turns out to be a stipulation in empirical clothing.
Table 1 summarises the seven diagnostic tests deployed in what follows. Each test has been
articulated in some form by prior work—falsifiability by Popper; consistency by Buckner
[Buckner, 2013]; the goal-post pattern by McCorduck [McCorduck, 2004] and Tesler under the
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heading of the AI Effect; the contamination pattern by de Waal [de Waal, 1999] and Mitchell
& Krakauer [Mitchell & Krakauer, 2023]—and the contribution offered here is consolidation:
gathering criteria that exist separately into a single applicable instrument and sharpening the
diagnosis of unfalsifiability and tautology developed in the body of the paper.

Test Question to Ask Red Flag
Structural — single failure is diagnostic
Falsifiability What evidence would change

your mind?
No test could ever demonstrate in-
telligence; criteria rejected once met

Invisible Absence Is an unobservable quality
claimed missing?

Outputs match intelligent agents,
but “essence” denied

Ontological Prece-
dence

Does the conclusion follow from
what the entity is?

Argument guarantees conclusion re-
gardless of evidence

Symptomatic — pattern required
Consistency Would you apply this standard

to humans?
Different standards for AI vs. biolog-
ical systems

Goal-Post Have criteria shifted after being
met?

Previously accepted benchmarks
dismissed once passed

Mechanism Is the objection about how rather
than what?

Performance dismissed due to un-
derlying process

Contamination Is learning treated as disqualify-
ing?

Training data disqualifies, but hu-
man education doesn’t

Table 1: The diagnostic tests, organised by evidential weight. Structural tests describe the
trap form directly (single failure diagnostic); symptomatic tests describe patterns that become
diagnostic only when applied wholesale.

The seven tests are offered not as a closed taxonomy but as a diagnostic proposal: commentators
may reject specific tests, refine the formulations, or extend the list, and the framework will
have done useful work even where its particulars are revised. The two tiers carry different
evidential weight. Failure of any one of the structural tests is on its own diagnostic, because each
describes the trap form directly: an unfalsifiable position, an unobservable missing essence, or
a conclusion fixed by what the entity is rather than by what it does. Within the structural tier,
ontological precedence is the most general member—the form to which the others ultimately
reduce, since unfalsifiability and invisible-absence appeals are species of conclusion-fixed-by-
prior-commitment. Failure of a symptomatic test, by contrast, can be principled in any single
instance — a single mechanism-based or contamination-based objection can be valid, a single
benchmark revision can be reasonable updating — and the diagnosis applies only when symp-
tomatic moves are deployed wholesale, regardless of whether any specific instance has been
empirically discharged. The compressed form of the structural tier is the concession test, a single
direct challenge any mimicry-sceptical position must be able to answer: imagine a continuation
of the trajectory of LLM capability that has held over the past five years—greater accuracy on novel
tasks, more sophisticated internal representations under mechanistic probing, behavioural performance on
theory-of-mind, mathematical reasoning, calibrated self-prediction, and out-of-distribution generalisation
matching or exceeding that of human experts. At what point would you concede that what is being
witnessed is no longer mimicry? What would the system have to demonstrate, and what specific empirical
signature would suffice? Three constraints discipline the answer. The criterion specified must be:

1. operational — expressible as a test that could in principle be run, with a measurable
outcome (not “genuine understanding,” “real semantic engagement,” or any locution
whose application conditions cannot themselves be specified);

2. consistent — the same criterion, if met by a human or an animal, would also count as
evidence of intelligence in that case (not a bar deliberately set above human performance);
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3. specified in advance — fixed before the evidence arrives, with the commitment that the
verdict updates if the criterion is met (not retrofitted as a new objection after each previous
criterion has been satisfied).

A reply that meets all three constraints has earned the right to its scepticism: it is doing science.
A reply that fails any of them—that retreats into non-operational vocabulary, sets asymmetric
bars, or constructs new criteria after old ones are met—is the case to which the diagnosis applies.
The function of the framework is not to invalidate scepticism (the steelman of §5.6 treats it as
substantive in several of its forms) but to separate scepticism that is responsive to evidence
from scepticism that is not.

3 Historical and Comparative Precedents

The framework of §2 is contemporary in its terminology, but the structural pattern is older
than artificial intelligence and recurs across cases that are otherwise wholly disanalogous. This
section reviews two: anthropodenial in twentieth-century comparative cognition (§3.1), and
the eighteenth-century reception of Phillis Wheatley’s poetry (§3.2). Together they show that
the trap is not a feature of any particular substrate-based prior but of a particular kind of
unfalsifiable interpretive procedure.

3.1 Anthropodenial in Comparative Cognition

For decades, scientists systematically underestimated animal cognitive capacities, dismissing
behavioural evidence of reasoning, emotion, and planning as anthropomorphic projection. De
Waal (1999) coined “anthropodenial” for the a priori rejection of hypotheses ascribing human-
like cognitive features to animals regardless of behavioural evidence: “the simplest, most
parsimonious view is that if two related species act similarly under similar circumstances,
they must be similarly motivated” [de Waal, 2016]; denying that motivational similarity in the
face of behavioural similarity requires positing the kind of unobservable difference §7.1 will
analyse as a multiplied ens. Buckner (2013) named the complementary bias “anthropofabulation”
[Buckner, 2013]: setting unrealistic bars for animal (or artificial) cognition based on an inflated
view of typical human performance, while in fact human cognition relies heavily on heuristics
and pattern-matching that, accurately described, sound much like the “mere statistical cor-
relation” attributed dismissively to AI. The two work in concert, inflating human capacities
while deflating evidence of similar capacities elsewhere. Shevlin and Halina (2019) make the
methodological consequence explicit: “rich psychological terms” such as understanding and
theory of mind require careful and consistent application across both biological and artificial
systems [Shevlin & Halina, 2019].

Two cases make the pattern recognisable. The trajectory of corvid cognition is the more familiar
one: New Caledonian crows manufacture hooked tools, bend wire into hooks for novel retrieval
problems, and execute multi-step sequences in which one tool retrieves another [Taylor, 2014].
Each demonstration was met with criteria adjustment (instinct, then conditioned reflex, then
domain-specific adaptation, then meta-tool use), and corvids are now broadly recognised as
causal reasoners only after decades of dismissal whose argumentative structure is exactly
the one this paper diagnoses. The more striking case, which I approach with both relevant
familiarity and a professional stake to declare since insect cognition is the subject of my own
laboratory’s research, concerns bees. Bee brains contain on the order of a million neurons,
an architecture once considered too simple to support anything beyond reflex. Loukola et al.
[Loukola et al., 2017] demonstrated that bumblebees could be trained, by demonstrator observa-
tion, to roll a ball into a target for sucrose reward, and crucially that observers did not slavishly
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imitate but generalised: tested without the demonstrator, they rolled the closest ball rather
than the further one they had seen moved. Subsequent work has documented apparent play
behaviour, social transmission of learned techniques, and decision biases mirroring affective
states observed in vertebrates [Chittka, 2022]. Each finding has been met by the same protective
move—insects are reflexive, their cognition must be reducible to simple rules, any apparent
flexibility is anthropomorphic projection—and the structural parallel to “LLMs are merely
autocompletion” is direct and unforced.

The methodological point generalises directly to artificial systems: if behavioural evidence
suffices to attribute intelligence to biological systems with alien neural architectures, it should
count as evidence (not proof but evidence) when produced by silicon systems as well.

3.2 Phillis Wheatley

The second precedent is human and predates artificial intelligence by two centuries. Phillis
Wheatley, an enslaved African woman in Boston, composed by her early teens sophisticated
Neoclassical poetry that brought her transatlantic attention [Gates, 2003]. The work posed an
ideological problem precisely because it was accomplished: the justification of African slavery
rested substantially on claims of African intellectual inferiority, and an enslaved African woman
producing poetry of European quality threatened that justification. In 1772 Boston printers
refused to publish her not because the poetry was deficient but because they did not believe an
African woman could have written it. Wheatley was subjected to an oral examination before
a committee of eighteen prominent Bostonians (including Governor Hutchinson and John
Hancock), who interrogated her on her knowledge of the classics; they signed an “attestation”
of her authorship, printed as a preface to her 1773 Poems on Various Subjects, Religious and Moral.

The examination’s existence already reveals an asymmetric burden of proof: white poets were
not routinely subjected to tribunals verifying their authorship. But the deeper problem is ax-
iomatic. The denial of African intellectual capacity was not an empirical hypothesis Wheatley’s
performance could refute; it was an ontological commitment determining how any evidence
would be interpreted. Within such a framework, any apparent demonstration of intelligence
by an African must, by logical necessity, be apparent only. The eighteen signatories could
attest that she had written the poems but not that she possessed genuine poetic intelligence,
because that category had been defined to exclude her a priori. Thomas Jefferson’s assessment
in Notes on the State of Virginia (Query XIV, 1785) shows the unfalsifiable commitment in oper-
ation [Jefferson, 1785]. Jefferson did not argue the poetry was technically deficient; he could
not, because it was not. Instead: “Religion, indeed, has produced a Phillis Wheatley; but it
could not produce a poet. The compositions published under her name are below the dignity
of criticism.” The grammatical structure is the diagnostic feature: Wheatley is conceded to
have been “produced”; what is denied is that she is a poet. The poems exist; the poet does not.
What evidence could refute the position? Her poetry already displayed sophisticated classical
allusion, precise metrical control, and thematic depth; if these are insufficient, what would
suffice? Within Jefferson’s framework, nothing. The deficiency he posits is not observable in
the work; it is inferred from his prior commitment about what an African could and could not
genuinely possess. The “absence” he detects is one he brought to the reading. A characteristic
accompaniment is the treatment of environmental exposure as evidence against capacity rather
than as its precondition: Wheatley’s education and library access became reasons to deny the
authenticity of her intelligence (“mere absorption”). A structurally similar move appears in
blanket versions of the contemporary data-contamination objection (§5.4).
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3.3 What These Cases Show

Across these otherwise disanalogous cases the same interpretive structure recurs: a prior
commitment about who or what can possess a given capacity; performances from the favoured
class taken at face value while similar performances from the excluded class are discounted;
and a protective redescription of the inconvenient evidence as “mere” imitation, instinct,
conditioning, absorption, or mechanism.1

The crucial question—does the performance exhibit the functional marks of the capacity?—is displaced
by another: is this the kind of entity to which the capacity may be attributed? Once the displacement
occurs, the prior becomes effectively unfalsifiable. Wheatley’s poetry is absorbed rather than
written; corvid tool use is instinct rather than causal reasoning; bee social learning is reflexive
rule-following rather than cognition. The performance remains visible, but its evidential force
is neutralised.

The lesson is not that every surprising performance proves the contested capacity. It is that
evidence must be allowed to count as evidence: scepticism is legitimate when it offers a better
explanation of the performance, defective when it functions as a rule that no performance by
the excluded subject could ever warrant the attribution. The contemporary version is what §4
takes up.

4 The Contemporary Instantiation: From Turing to Next-Token Predictors

The historical cases of §3 share a methodological deficit: the absence of a publicly assessable
functional criterion for intelligence-attribution. Turing’s 1950 imitation game can be read as the
canonical attempt to supply one—not to settle the metaphysics of thinking, but to discipline
intelligence-attribution by tying it to behavioural performance. Pose the question that way—if
the system’s outputs are indistinguishable from those of an intelligent agent, that is evidence
of intelligence, whatever the system happens to be made of—and the substrate-bound and
ontological criteria that drove the historical errors lose their grip.

The test is complete within its declared scope. In 1950, the kinds of mechanism through
which an artificial agent might exhibit intelligence were effectively unpredictable, and an
explicitly mechanism-blind criterion was the only honest way to operationalise the question.
The contemporary mimicry response goes the other way: rather than adding mechanism as a
complementary channel of evidence to behaviour, it uses construction history (the system is,
after all, “only” a next-token predictor over text) to nullify the behavioural evidence Turing’s
test was designed to make count. That is a reversal of Turing’s discipline, not a refinement of it.

4.1 The Turing Test and Its Discontents

Turing designed his test to circumvent fruitless debates about machine “thinking” by focusing
on behavioural indistinguishability. The two canonical objections, Block’s (1981) Blockhead
and Searle’s (1980) Chinese Room, are taken here only insofar as they bear on the present
argument. Block’s objection founders on a practical-impossibility constraint that also applies to
LLMs (§5.1): any implementable system passing a sufficiently rigorous Turing Test must be doing
something more interesting than lookup. Searle’s Chinese Room is the more enduring challenge,

1The Wheatley case is morally charged, and the analogy made here is purely structural. The wrongs done to
enslaved Africans are categorically incommensurable with anything at issue in LLM debates; the parallel concerns
the formal structure of an interpretive error, not the parties, stakes, or moral situations of the cases. The argument
that contemporary mimicry-sceptics are wrong, where it is made, rests on the analysis of §4–§7.1, not on the historical
analogy.
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but its bearing on the contemporary debate is largely defused by the Systems Reply Searle
himself anticipated [Searle, 1980]: understanding may belong to the room as a whole even
when no part of it understands anything. The point has gained additional force from biological
evidence that the same systems-level structure characterises human cognition—no individual
neuron or brain compartment understands anything, yet understanding emerges from the
integrated system, as the split-brain literature has shown for half a century [Gazzaniga, 2005].
If component-level absence of understanding entailed system-level absence, human brains
would not understand language either; the Chinese Room, as a general argument against AI
understanding, proves too much.

A deeper structural feature of Turing’s proposal is worth flagging. The test is mechanism-blind
by design: in 1950 this was a useful corrective to ontological prejudgment of the form “a machine
cannot really think.” In the era of mechanistic interpretability it has become a methodological
cost. Turing’s test gives behavioural evidence a formal role while leaving mechanism evidence
with no comparable channel into the verdict, and mechanism is therefore free to be deployed
asymmetrically: ignored when behaviour is impressive, invoked when attribution is to be
resisted.

The diagnosis suggests a natural Bayesian reconstruction of the imitation game. Posterior cre-
dence that a system is intelligent is the product of a likelihood (behavioural performance) and a
prior built from mechanism evidence—architecture, training regime, internal representations
recovered by interpretability methods, causal interventions on those representations, and char-
acteristic failure modes—so that the verdict tracks the joint product rather than the likelihood
alone. The point is not that mechanism defeats behaviour or that behaviour defeats mechanism,
but that both should update attribution explicitly and symmetrically, mechanism evidence
forced into the calculation rather than smuggled in case by case.

A clean Gedankenexperiment isolates the effect. Imagine the very same LLM arrived as a black
box recovered from an extraterrestrial probe—same behaviour, same internal representations,
same performance profile, only construction-history missing. Many readers would assign a
higher prior in the counterfactual than they assign to the actual system. The Gedankenexperiment
is not itself an argument that construction history is irrelevant: construction history is real
evidence about a system’s function class, and a sceptic who conditions the prior on it is not
making an obviously inconsistent move. The substantive question is how much evidential work
construction history can do once behavioural and mechanistic evidence accumulates.

On the simplest description, gradient descent produces systems that minimise predictive loss
by exploiting statistical regularities. But the systems reviewed in §5 also exhibit recoverable
world-state representations, high performance on some theory-of-mind operationalisations,
and calibrated self-assessment under some conditions. The explanatory gap between training
objective and cognitive performance is often called emergence. A structurally similar gap exists in
biological cognition: we describe neurons and synapses, but we do not have a complete causal
account of how they yield understanding, reasoning, or self-modeling. Granting emergence
in the biological case while ruling it out for LLMs solely because we know their construction
history requires an additional argument; it is not licensed merely by the fact that one system is
evolved and the other engineered.

The Turing-test objections all grant that passing the test would be evidence of intelligence, even
if not proof. The mimicry trap operates differently: it treats demonstrated performance as no
evidence at all, dismissing outputs wholesale as “mere” imitation regardless of sophistication.
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4.2 Stochastic Parrots and Their Afterlife

The most influential contemporary statement of the mimicry argument is Bender et al.’s (2021)
“On the Dangers of Stochastic Parrots” [Bender et al., 2021]. The paper makes several distinct
claims, not all about intelligence attribution: environmental costs of training, encoded biases
in models trained on internet text, and the risk that fluent text generation misleads users
into attributing comprehension where none exists. These concerns are legitimate and the
framing was a reasonable description of systems like BERT and GPT-2. This paper does not
retrospectively criticise Bender et al. for failing to anticipate the trajectory of LLM capability.
What it diagnoses is the persistence of the same framing today: the continued description of
LLMs as systems that “haphazardly stitch together” text “without any reference to meaning”
(Bender et al. 2021, p. 617) increasingly diverges from the empirical record on these systems.

A briefer illustrative case in the same family is Chomsky, Roberts, and Watumull’s (2023) New
York Times essay “The False Promise of ChatGPT,” which argues that LLMs are “stuck in a
prehuman or nonhuman phase of cognitive evolution” because they operate through statistical
pattern-matching rather than rule-based grammar. The essay is included here as a public
example rather than the strongest academic version of the view (more developed positions in
generative grammar, symbol grounding, embodied cognition, and teleosemantics are taken
up in the steelman of §5.6). What it illustrates compactly is the recurring move: the argument
is not that LLM outputs fail in some specific way, but that no possible LLM output could
constitute genuine understanding because of how the system computes. Applied consistently,
the form impugns biological brains too—they also implement cognition through statistical
pattern-completion over neural activations.

The most common contemporary form of the same argument is the next-token reductio: LLMs are
just next-token predictors, and therefore cannot really reason, plan, or understand. The factual
premise is unobjectionable; the conclusion does not follow. Biological brains, at the level of base
operations, are equally “just” electrochemical signal-propagators; no individual neuron reasons.
If we are permitted to slide from “LLMs predict tokens” to “LLMs do not really reason,” we are
equally permitted to slide from “brains propagate action potentials” to “brains do not really
reason.” Since the second conclusion is absurd, the inference is invalid in both directions. A
training objective is not the same thing as what the trained system does: a system optimised to
predict tokens, given sufficient scale, may have to develop world models, algorithmic circuits,
theory-of-mind capacities, and meta-cognitive markers in order to predict tokens well, and
the empirical findings of §5 are this in catalogue form. The reductio’s residual force comes
from the implicit suggestion that token prediction is a low-grade activity, beneath the dignity of
cognition—substrate prejudice in another form. The inference is a level-of-description error:
the description of a system at its lowest implementation layer is not a description of what it
does at higher layers, and inferring the absence of cognition from the presence of mechanism is
not licensed in either direction.

4.3 The Axiomatic Strategy: Floridi and “Agency Without Intelligence”

The arguments examined so far operate by dismissing demonstrated performance. A more
sophisticated version of the trap operates not by denying performance but by defining intelli-
gence in ways that exclude artificial systems by description. The work of Luciano Floridi is the
clearest contemporary instance, and deserves a careful reconstruction rather than a paraphrase.

Floridi’s central thesis, developed across [Floridi, 2023a, Floridi, 2023b, Floridi, 2025a, Floridi et al., 2025],
is that AI represents “agency without intelligence.” The clearest single statement is in [Floridi, 2023a]:
LLMs “can process texts with extraordinary success and often in a way that is indistinguishable
from human output, while lacking any intelligence, understanding or cognitive ability.” The
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2025 follow-up adds that what consumers of LLM output experience is best understood as
“semantic pareidolia,” the perception of meaning where none is present [Floridi, 2025a]. The
argument can be reconstructed from Floridi’s own formulations:

1. (P1) Definition. Intelligence requires the processing of “mental content or meanings,” i.e.
genuine semantic engagement.

2. (P2) Description. LLMs operate “statistically, that is, working on the formal structure, and
not on the meaning of the texts they process” [Floridi, 2023a].

3. (C) Conclusion. LLMs lack intelligence, however sophisticated their behaviour may be.

The conclusion follows. The trouble is the joint between (P1) and (P2): once both are accepted,
no empirical observation about LLM behaviour can bear on (C), because (C) is a deductive
consequence of (P1) and (P2) and not a hypothesis about any further fact. The argument
functions tautologically unless (P2) is independently defended by criteria that could in principle
be falsified by behavioural or mechanistic evidence. Without such independent defence, (P2) is
not a substantive description that the data could revise; it is the conclusion (C) imported into the
description of the candidate system. The 2025 categorical-analysis paper [Floridi et al., 2025],
which argues that LLMs “circumvent” rather than solve the symbol-grounding problem, has the
same structure: rigorous on its own terms, but its bearing on the question of LLM intelligence
depends entirely on the prior commitment that intelligence requires the kind of grounding
LLMs are described as circumventing.

Three features make the diagnosis precise. First, the unfalsifiability: what conceivable be-
havioural evidence could show, on Floridi’s framing, that an LLM processes meanings rather
than merely formal structures? Sophisticated correct outputs are filed under sophisticated
statistical processing; articulated reasoning is “simulated” reasoning; behavioural tests are
“semantic pareidolia.” No specification is offered, anywhere in the corpus, of an observation
whose presence would falsify (P2) or move the verdict on (C). Second, the temporal displacement
(cf. Gahrn-Andersen, 2025): the original 2023 paper cited LLM “brittleness,” failures at “simple
mathematics,” and inability to pass the Turing Test as the empirical bases of the verdict; several
have since been substantially addressed (§5), and the criteria have moved from performance to
mechanism rather than the verdict updating. Third, the burden of (P2) is heavier than it looks: it is
not the uncontested claim that LLMs are implemented through statistical learning, but the much
stronger claim that the resulting computation is exhausted by formal-structure manipulation
with no engagement of meaning. As §5 documents, the function class implemented by these
systems demonstrably includes recoverable internal world models, algorithmic circuits, and
abstract conceptual features; whether any of this constitutes engagement with meaning depends
on what one means by “meaning,” which is precisely the question (P1) was supposed to settle.

This is not to dismiss Floridi’s concerns. Questions about grounding, about the relationship
between statistical patterns and meaning, about the differences between human and artificial
cognition are legitimate, and the steelman of §5.6 treats several of them as live. The diagnosis
offered here is also procedurally fair: if Floridi (or a Floridi-defender) supplies independent,
falsifiable criteria for what would count as semantic engagement on the part of an LLM—criteria
operational enough that some conceivable behavioural or mechanistic finding could establish
or deny their satisfaction—then the charge of tautology should be withdrawn, and the dispute
becomes a substantive empirical or philosophical disagreement about those criteria rather
than a mimicry-trap diagnosis. The narrower point being made here is methodological: as
the argument is currently built, the axiomatic strategy forecloses inquiry into the questions it
appears to be answering. The mimicry trap, in its most sophisticated form, does not deny that
the parrot speaks. It redefines “speaking” to exclude whatever the parrot does.
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5 Empirical Challenges to the “Mere Statistics” View

Several of the critiques diagnosed in §4—especially the crude “parrot” framing and the next-
token reductio—predict or imply that LLM behaviour is exhausted by surface co-occurrence
statistics. The empirical record now constrains what these systems do internally and makes
that view increasingly difficult to sustain. This section reviews five lines of evidence (com-
pression, world-model emergence, mechanistic interpretability, mathematical reasoning, and
theory-of-mind / meta-cognition) that the strongest version of the parrot model is empirically
inadequate, then puts the strongest remaining sceptical position on the table (§5.6). §6 takes up
the asymmetric standards that have so far prevented the evidence from registering.

5.1 The Compression Argument

A capable open-weight model such as Llama 3.1 70B contains roughly 70 billion parameters,
requiring approximately 140 GB of storage. Its training corpus comprises trillions of tokens,
conservatively 4–15 TB of raw text. The model is thus 30 to 100 times smaller than its training
data, and so cannot store that data; it must compress it. The point is well established in the
public ML discourse and not original to this paper. What is worth pinning down, because
the argument is often pushed further than it can support, is its scope. Global lookup-table
memorisation is what the parameter-count argument rules out. Local memorisation remains a
live concern: models can and demonstrably do memorise specific benchmark items, rare facts,
and high-value passages, and contamination at this level is a methodological worry empirical
work must address rather than dismiss. Compression is also necessary but not sufficient
for understanding: gzip exploits redundancy without comprehending anything. What the
argument does establish is the narrower constraint that any account of these systems must
explain how something too small to store its training data nevertheless reproduces structure
from it across novel inputs. The kind of abstraction this requires is the empirical question the
rest of the section takes up.

5.2 Emergent World Models

Li et al. [Li et al., 2022] trained a language model on Othello move sequences alone, with no
representation of board state. Probing the trained network recovered an accurate internal model
of the board, never explicitly provided in training. Karvonen [Karvonen, 2024] extended the
approach to chess: a 50M-parameter model trained on PGN move strings supports linear probes
that recover the current board state, including compositional features such as check, castling
rights, and pinned pieces, plus a manipulable latent representation of player skill. Gurnee
and Tegmark [Gurnee & Tegmark, 2024] probed Llama-2 family models for representations of
geographic and temporal entities and recovered metric coordinates: latitude and longitude of
cities, dates of historical events, relative positions of buildings within a city, none of which the
model ever saw as maps or timelines. At the largest scale yet investigated, Templeton et al.
[Templeton et al., 2024] used sparse autoencoders to decompose Claude 3 Sonnet into approxi-
mately 34 million interpretable features ranging from entity-level concepts (the Golden Gate
Bridge) to abstract structures (deception, sycophancy); the features are causally manipulable,
with clamping producing predictable behavioural shifts.

A sceptical reading is available: a system optimised for next-token prediction may develop
such latents because they are predictively useful, and predictive utility is not yet semantic
understanding. That reading is fair, but it falsifies the simplest surface-statistics accounts on
which LLM behaviour is exhausted by surface co-occurrence. The probing results raise the
evidential cost of the strong mimicry hypothesis without discharging the harder semantic-
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grounding debate, which is taken up in the steelman of §5.6 and the parsimony argument of
§7.1.

5.3 Mechanistic Interpretability

Mechanistic interpretability has documented increasingly sophisticated computational struc-
tures inside neural networks. Nanda et al. [Nanda et al., 2023] identified circuits in transformer
models that implement modular arithmetic through Fourier-basis representations and trigono-
metric identities (a small algorithm rather than a lookup table), and tracked the transition
from memorisation to algorithm during training—the so-called grokking phenomenon. Elhage
et al. [Elhage et al., 2021] documented “induction heads” that implement a general pattern-
completion algorithm explaining a substantial fraction of in-context learning. Wang et al.
[Wang et al., 2022] reverse-engineered the GPT-2 small circuit for indirect object identifica-
tion: twenty-six attention heads in seven functional classes (name-mover heads, S-inhibition
heads, duplicate-token heads) compose into a multi-step computational graph. Arditi et al.
[Arditi et al., 2024] showed that refusal behaviour across thirteen safety-tuned LLMs is medi-
ated by a single one-dimensional residual-stream subspace, causally manipulable in either
direction. Fraser-Taliente et al. [Fraser-Taliente et al., 2026] trained natural-language autoen-
coders to produce unsupervised text descriptions of arbitrary activation vectors; the descriptions
are causally valid (steering vectors derived from them alter behaviour as predicted) and surface
representational content the model does not itself verbalise—including a form of “unverbalised
evaluation awareness,” where the system internally represents the suspicion of being evaluated
without stating it.

Mechanistic interpretability is a young field whose specific methods (linear probes, sparse
autoencoder features, circuit attribution) are themselves contested, and the findings above
should be read as evidence rather than settled fact. With that caveat, the cumulative picture
is robust enough to bear the argumentative weight placed on it here: a flat landscape of
memorisation circuits would have been a vindicating finding for the strong mimicry account,
and the field is finding structured algorithmic implementation, manipulable feature directions
corresponding to abstract concepts, and behavioural circuits with the architecture of decision
systems instead. The claim is not that this settles semantics—the steelman of §5.6 treats that as
open—but that it raises the evidential cost of the pure mimicry hypothesis.

5.4 Mathematical Reasoning and the Contamination Question

The data-contamination objection holds that an LLM’s apparent capability may be retrieval
rather than reasoning, because the relevant solutions appeared in training data. The objection
has two very different uses. Legitimate contamination control—held-out test sets, post-training
benchmarks, formal verification, canary strings, dataset audits, contamination probes, synthetic
problem generation—is a routine part of LLM evaluation, and an evaluation that has not
addressed it cannot speak to capability. Blanket contamination dismissal is contamination as an
in-principle defeater, deployed wholesale regardless of whether the specific evaluation has
controlled for overlap, and without advance specification of what would discharge it. The
blanket version proves too much: human cognition is built on “training data” (experience,
education, cultural exposure), and we do not demand of human mathematicians proof that they
never encountered a similar problem during their education—encountering related problems is
how one becomes capable of mathematical reasoning. The legitimate version asks the question
that should be asked: how much of this performance is overlap, and how would we know?

Mathematics is a methodologically clean test bed for that question, because formal verification
narrows the contamination defence progressively. Feng et al. (2026) deployed a mathematics
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research agent built on Gemini Deep Think over 700 open conjectures from Paul Erdős’s
problem database. The system produced apparently novel solutions to five problems that
human mathematicians verified as correct, with one subsequently formalised in the Lean proof
assistant. The authors handle the contamination concern explicitly and repeatedly, scanning
reasoning traces to bound the risk of “subconscious plagiarism”—a model instance of the
legitimate contamination control above. Google DeepMind’s Gemini Deep Think achieved gold-
medal performance on the 2024 IMO [Google DeepMind, 2025], solving five of six problems
with proofs verified by mathematicians. The contamination defence applies most easily to
historical benchmarks, less easily to formally checked solutions, and least easily to genuinely
novel post-training problems whose solutions are mechanically verified.

5.5 Theory of Mind and Meta-Cognition

Theory of mind, the capacity to attribute mental states to others, is a textbook “real intelligence”
criterion whose place in the contemporary AI debate parallels its place in animal cognition (§3.1).
Strachan et al. [Strachan et al., 2024] tested GPT-4 and Llama-2 on a battery of theory-of-mind
tasks against 1,907 human participants. GPT-4 matched or exceeded human performance on
some operationalisations (indirect requests, false beliefs, misdirection); underperformance on
faux-pas detection traced to over-conservative answering rather than failure of inference. The
strict claim is that behavioural performance on these task families is at or above the human-
non-expert level for some operationalisations, with task-specific deviations whose mechanisms
can be characterised; whether that constitutes possession of theory of mind is a further question
(§2). Meta-cognitive markers are also accumulating: Kadavath et al. [Kadavath et al., 2022]
showed that LLMs predict the probability that their own answers are correct with reasonable
calibration, improving with scale and contextual prompting. Each finding is open to challenge
as “mere imitation,” and well-known confounds (prompt sensitivity, format-specific heuristics,
evaluation leakage) must be addressed for any specific result. As scale, robustness, and out-of-
distribution transfer increase, the burden rises on the claim that such behaviour is merely an
imitation of meta-cognition rather than a functional analogue of it; an argument we return to in
§7.

5.6 The Strongest Case for Mimicry-Scepticism

The empirical record above puts pressure on crude mimicry accounts of LLM behaviour, but it
does not refute every form of scepticism, and it would be self-serving to leave that impression.
The arguments diagnosed in §4 are the versions of mimicry-scepticism that most clearly exhibit
the trap; several stronger sceptical positions accept the empirical record just reviewed and
locate their disagreement elsewhere. These are not objections to be dismissed: they are the
strongest candidates for turning mimicry-scepticism into an evidence-responsive research
programme, and the diagnostic apparatus of this paper is meant to separate them from their
evidence-resistant cousins, not to suppress them. The strong sceptic, on the reading offered
here, accepts the findings of §5.1–§5.5 and the level-of-description point, concedes that crude
mimicry accounts are no longer viable, and nevertheless denies that LLMs possess intelligence
in the sense that matters, on one or more of the following grounds.

1. Grounding. The symbols an LLM manipulates are not causally connected to perception and
action; whatever internal structure they develop does not anchor in the sensorimotor his-
tory that, on causal theories of reference [Gahrn-Andersen, 2025], makes a representation
a representation of something.
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2. Agency. A base LLM has no endogenous goals, no persistent project, no continuing identity
across sessions. Apparent goal-directedness is scaffolded by prompt and deployment.

3. Normativity. Language use is governed by norms of correctness the speaker can recognise
as norms and revise; an LLM produces norm-conforming output statistically without
standing in the right relation to the norms themselves.

4. Embodiment. Human meaning is shaped by bodily interaction with a physical environment;
a system that has never had a body cannot mean what we mean.

5. Social-pragmatic. Linguistic understanding is constituted by participation in social practices
(requests, promises, corrections, accountability), not observation of their textual residue.

6. Training-objective character. Next-token prediction over human discourse may produce a
simulator of discourse rather than an agent who discourses.

7. Evaluation. Benchmarks reward fluency, plausibility, and test-taking competence; high
scores may track these properties rather than the intelligence the benchmarks were in-
tended to measure.

These objections have very different epistemic statuses, and the diagnostic apparatus of this
paper applies to some and not others. Objections (4) embodiment and (5) social-pragmatic are
legitimate but largely out of scope: they concern conditions on meaning, agency, or selfhood the
paper does not contest and is not in a position to settle. Held honestly as theses about those
conditions rather than as denials of functional capacity, they are not in the trap. Objections (1)
grounding, (3) normativity, and (6) training-objective character are relevant and inconclusive: they
specify properties at least in principle empirically tractable (grounding via multimodal training
and world-model recoverability; normativity via self-correction and response to social signals;
training-objective effects via what behaviours actually emerge), and the current empirical record
speaks to all three without settling them. A sceptic who treats these as live empirical questions
and specifies what would update them is doing science. Objections (2) agency and (7) evaluation
are partially absorbed: scaffolded agency is, as §2 acknowledged, weaker than endogenous agency,
and benchmark-tracking is a real phenomenon; held as in-principle defeaters that no system or
measurement could discharge, the trap diagnosis applies, but as ongoing critiques of specific
architectures and measurement methods they are part of the empirical conversation this paper
takes itself to be inside.

The mimicry trap is therefore not the claim that all scepticism about LLM intelligence is
bankrupt. It is the narrower claim that a recurring form of AI scepticism is methodologically
defective because it cannot say what evidence would change its mind. The strongest reply to the
diagnosis is not to deny the empirical record wholesale, but to specify which additional property
is required, why it belongs to intelligence rather than to consciousness, agency, embodiment, or
moral status, and what empirical signature would indicate its presence or absence. A sceptic
who can do that is not in the trap; the diagnostic apparatus is designed precisely to pick out the
cases where they cannot.

6 The Epistemological Double Standard

The mimicry trap’s deepest manifestation is not in any specific argument but in the asymmetric
application of standards. When humans exhibit intelligent behaviour, we infer intelligence; when
AI systems exhibit identical behaviour, we demand additional proof, and the required proof is
systematically unspecifiable.
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6.1 Three Asymmetries

The asymmetry takes three reinforcing forms. First, transparency bias: because we increasingly
understand how neural networks function, their intelligence seems reducible to “mere” cal-
culation, while the brain’s comparatively opaque mechanisms get mystified into evidence of
special status. Transparency should increase our confidence that a system is doing something
interesting, not decrease it. Second, substrate prejudice: when a biological system exhibits flexible,
goal-directed behaviour we attribute intelligence without demanding proof of any particu-
lar internal process (octopus intelligence is distributed across eight arms; corvid intelligence
operates through an avian pallium with no homology to mammalian cortex), but when the
substrate is silicon, additional qualities (real understanding, genuine reasoning) are demanded
that behavioural evidence cannot establish. The same asymmetry has been articulated at the
level of vocabulary by Shanahan [Shanahan, 2024a, Shanahan, 2024b]: mentalistic terms (“the
model believes,” “the model knows”) are said to mislead about silicon systems even though
we apply them routinely to biological systems whose mechanism is no better understood.
Third, retreat to unfalsifiability: when benchmarks are met they are dismissed as “mere” task
completion; when capabilities are demonstrated they are attributed to contamination; when
internal representations are documented they are dismissed as not really understanding. At
each stage the critic specifies new requirements without articulating what evidence would
suffice.

6.2 The Shifting Threshold: Turing Test as Canonical Instance

The AI Effect is documented across many benchmarks; the Turing Test is the canonical case.
“The Turing Test” is not a single fixed protocol but a family of imitation-game operationalisa-
tions, several of which have now been passed under controlled conditions: Jones and Bergen
[Jones & Bergen, 2024] found GPT-4 judged human 54% of the time, indistinguishable from
chance; a subsequent study [Jones et al., 2025] found GPT-4.5, when appropriately prompted,
achieved human-indistinguishable performance in the original three-party imitation game at
rates significantly above chance. Many philosophers, of course, had rejected the Turing Test
as sufficient long before these results, so the response is not simply “acceptance until LLMs
passed it.” What is instructive is the response from those who had treated Turing-style indis-
tinguishability as a meaningful operational threshold: rather than treat the results as strong
evidence, the test was widely redescribed as measuring only deception, fluency, or imitation. A
similar pattern appears in chess after Deep Blue, in Go after AlphaGo, in professional licensing
examinations once LLMs began passing them, and in mathematical olympiads after Gemini’s
gold-medal IMO performance [Google DeepMind, 2025]; each had functioned, in some relevant
discourse, as a salient marker of intelligence or advanced cognition until systems met it, after
which it was dismissed as “mere” something.

6.3 The Error Asymmetry: Strawberries and Architecture

A briefer manifestation concerns the treatment of errors. LLM mistakes, even trivial ones, are
routinely treated as decisive evidence against intelligence; equivalent human mistakes are
dismissed as incidental. The “strawberry” example is emblematic: early LLMs, asked how
many times “r” appears in “strawberry,” frequently answered “2.” This is not decisive evidence
of absent understanding; it is at least partly explicable as architectural, because LLMs operate
on multi-character subword tokens and character-level frequencies are not directly available.
Humans have analogous architectural limitations (we cannot instantly compute 347 × 892,
reliably count syllables while speaking, or override the conjunction fallacy even when we know
the correct answer). The asymmetry is not in the existence of architectural limits but in whether
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they are read as evidence about cognition or as ordinary signatures of a constrained processing
substrate.

6.4 When Superior Performance Becomes “Illusion”

A compact contemporary instance can be drawn from Loru et al.’s (2025) PNAS paper “The
Simulation of Judgment in LLMs” [Loru et al., 2025]. Six LLMs were compared to human
non-experts on a news-source credibility task benchmarked against NewsGuard expert ratings.
LLMs achieved 85–97% agreement with the experts; humans performed at chance. The paper
nonetheless framed the LLMs’ superior performance as “epistemia,” the “illusion of knowledge
emerging when surface plausibility replaces verification,” on the grounds that the models “rely
on lexical associations and statistical priors rather than contextual reasoning.” Human failure
was characterised as the use of “different and less consistent indicators”—a methodological dif-
ference, not a deficit. The asymmetry is the diagnostic feature: identical-or-better performance
by the silicon system is pathologised as simulation; chance-level performance by the carbon
system is naturalised as alternative method. The most sophisticated form of the asymmetric
pattern, which moves from dismissing performance to defining intelligence so that performance
cannot in principle constitute evidence of it, has already been treated in §4.3 as the culminating
case of the contemporary mimicry-formulations.

7 Implications and Conclusions

7.1 The Parsimony Argument: Entia non sunt multiplicanda

The Turing test posed the question this paper has been pursuing: if a system’s behaviour
is indistinguishable from that of an intelligent agent across all observable dimensions, what
justifies positing an invisible absence? The venerable answer is Entia non sunt multiplicanda
praeter necessitatem: entities are not to be multiplied beyond necessity. The maxim, conven-
tionally attributed to William of Ockham and crystallised by his fourteenth-century successors
[Spade, 1999], targets a specific intellectual sin: positing entia, invisible items in one’s ontology,
whose only function is to preserve a conclusion the evidence does not require.

This is the standard the mimicry-trap argument fails. The grammar of “mimicry” makes it
visible: to say that a system mimics intelligence is to assert a relation, that it produces outputs
resembling those of a real intelligent agent but lacks the underlying property P that would
make those outputs the genuine article. Without P, “mimicry” collapses into “does the same
thing as,” which is not mimicry but identity. The mimicry framing therefore requires its user to
specify, at least implicitly, what P is. The same structure recurs across the qualifier vocabulary of
this debate—real intelligence, true semantic content, genuine understanding, authentic reasoning.
In each case the qualifier marks the position of an unobservable property whose only function
is to license the negative verdict; phlogiston, ether, and vital force are the canonical instances
of the same structure. The irony is that mimicry sceptics frequently invoke parsimony against
attributions of cognition (“don’t anthropomorphise”); their own account is the one multiplying
entia.

The structural form can be made explicit. Let I denote the proposition that a system is func-
tionally intelligent in the sense of §2; B the behavioural evidence; M the mechanism evidence.
Bayes’ rule gives P (I | B,M) ∝ P (B,M | I) · P (I). The mimicry-sceptical account introduces
a further variable E, an unobservable “essence” such that intelligence proper obtains exactly
when E does, but with no observable consequences for B or M . The likelihood P (B,M | I, E)
is, by stipulation, independent of E: the same data are predicted whether E holds or not,
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so E is non-identifiable and the inference about whether the system is “really” intelligent is
the inference one was always going to make. Non-identifiability is the formal expression of
Ockham’s intuition: the question is not whether a posit is observable, but whether it makes a
difference to expectation.

This must be distinguished from the legitimate unobservables science routinely employs. Elec-
trons, genes, latent psychometric variables, dark matter, and mental states are all unobservable;
Ockham’s razor does not cut them because each has independent evidential consequences
(charged-particle behaviour, inheritance distributions, response-time profiles, gravitational
lensing) that connect it to more than the single fact it was introduced to explain. The problem
with the mimicry-sceptic’s E is not invisibility but the absence of independent evidential conse-
quences. A sceptic could escape the diagnosis by specifying, in advance, what behavioural or
mechanistic evidence would distinguish a system that has E from one that lacks it; that sceptic
is doing science. The diagnosis applies to the version in which E is invoked precisely because it
cannot be operationalised, and is preserved precisely because it cannot.

This is also the precise diagnosis of the tautology pattern this paper has tracked. If intelligence
is defined functionally, then a system exhibiting all the functional markers is, by that definition,
intelligent. To insist that it nevertheless lacks “real” intelligence is to redefine the term mid-
argument. Jefferson’s “produced a Phillis Wheatley; but it could not produce a poet” is the
eighteenth-century instance; “stochastic parrot” is its contemporary descendant. The Ockhamite
reading and the tautology diagnosis coincide. The empirical evidence reviewed in §5 is what
makes this argument bite: given what is now known about LLM internal representations, the gap
that low-complexity mimicry would produce has not been observed, and the residual sceptical
work is being done by an entity the data cannot see. The argument concerns intelligence, not
phenomenology: the question of consciousness, sentience, or moral status remains open.

7.2 The Default Has Shifted

The Ockhamite argument has a methodological corollary. For most of the history of artificial
intelligence the default null hypothesis was reasonable: artificial systems lacked the markers
of intelligence; the parsimonious starting point was that intelligence was absent, and demon-
strations had to overcome this presumption. That context no longer obtains. The cumulative
evidence reviewed in §5—world-model emergence, algorithmic circuits, sparse-feature decom-
position, high performance on theory-of-mind operationalisations, calibrated self-assessment
under some conditions, novel mathematical proofs verified mechanically—does not prove that
LLMs are intelligent. What it does is dissolve the empirical situation that made the original
prior reasonable. The default has shifted not only because behaviour has improved but because
mechanism has become inspectable, and inspection has not revealed the lookup tables the
original prior anticipated.

The diagnosis applies forcefully to one form of agnosticism and not to another. Undisciplined
agnosticism, which declines to update regardless of evidence and offers no advance specification
of what would suffice for either attribution or denial, preserves the inherited prior under the
cover of caution, and the burden-shift argument applies to it directly. Disciplined agnosticism,
which acknowledges the cumulative evidence, distinguishes target concepts (functional intelli-
gence vs. richer cognition, semantic grounding, autonomous agency), and remains undecided
about a specifically named question while specifying what would update its position, is not in
the trap. A reader who, having considered the evidence, accepts that current systems exhibit
functional intelligence in the sense of §2 but withholds judgment on grounded semantics or
fuller agency is not failing to update; they are localising their uncertainty.

The defensible version of the burden-shift claim is therefore narrower than its first formula-
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tions. Blanket denial of LLM intelligence simpliciter no longer enjoys the inherited prior; it
is now a substantive empirical claim that owes its own evidence, and the cumulative pattern
of evidence-resistant moves documented earlier (benchmarks dismissed once met, internal-
representation findings reinterpreted, functional markers downgraded) is increasingly insulated
from disconfirmation. The methodological consequence is that Turing-test-style thresholding is
no longer the only or central apparatus we need; the apparatus appropriate to the new question
is dispositional rather than confirmatory: not “has the system crossed the threshold?” but
“what failures would warrant revising the default attribution downward?” This is closer to how
comparative cognition characterises non-human cognition.

7.3 The Diagnostic Applied

The diagnostic of §2.1 has been deployed implicitly throughout the paper. Table 2 consolidates
the verdicts on the cases reviewed: the three historical instances of §3, the four contemporary
mimicry-formulations of §4, the Loru et al. “epistemia” case from §6.4, and the blanket version
of the contamination objection treated in §5.4.

The historical cases fire the structural tier completely, and their registration is now uncontro-
versial: the scientific and moral communities that held the positions have themselves updated.
Of the contemporary LLM-sceptical formulations, the persistent stochastic-parrots framing,
the next-token reductio, and Chomsky’s mechanism critique fire the same structural pattern
as the historical cases, with mechanism dismissal as the dominant symptomatic move and
asymmetric standards across substrates as a consistent secondary pattern. Floridi’s axiomatic
strategy is the maximal case: its definitional structure makes the unfalsifiability, the asymmetric
standards, and the goal-post displacement most explicitly visible, because the move from dis-
missing performance to defining intelligence so that performance cannot in principle constitute
evidence of it leaves nothing implicit. The blanket version of the contamination objection fires a
complementary symptomatic pattern: it does not appeal to an invisible essence or derive its
conclusion from the system’s nature, but constructs an in-principle defeater out of the system’s
training history—with the corresponding asymmetry to human cognition (which is also built
on “training data”) as its diagnostic feature.

The diagnostic registers the contemporary LLM-sceptical positions in the same family as the
historical errors. That registration is the substantive output of the framework: not a rebuttal of
every form of LLM scepticism (the steelman of §5.6 lays out which positions remain in good
standing), but an empirical claim about which versions are operating in the trap.
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Structural Symptomatic

Case Falsifiability
Invisible
Absence

Ontological
Precedence Consistency Goal-Post Mechanism Contamination

Jefferson on Wheatley ✓ ✓ ✓ ✓ ✓ — ✓

Corvid scepticism ✓ ✓ (✓) (✓) ✓ ✓ —

Bee scepticism ✓ ✓ ✓ (✓) ✓ ✓ —

Stochastic parrots (persistent) ✓ ✓ (✓) (✓) ✓ ✓ —

Chomsky’s mechanism critique ✓ ✓ ✓ ✓ — ✓ —

Next-token reductio ✓ ✓ ✓ ✓ — ✓ —

Floridi’s axiomatic strategy ✓ ✓ ✓ ✓ ✓ ✓ —

Loru et al. (“epistemia”) ✓ ✓ (✓) ✓ ✓ ✓ —

Blanket contamination dismissal ✓ — — ✓ ✓ ✓ ✓

Table 2: Application of the diagnostic to the cases reviewed in the paper. ✓ = clean fire; (✓) = partial; — = does not apply.
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7.4 Summary of Contributions

The paper claims four contributions. First, the cross-domain consolidation: comparative cog-
nition’s diagnosis of anthropodenial, the AI Effect, and the Wheatley structural template are,
on the analysis presented here, the same diagnosis applied to different substrates. Second, the
diagnosis of certain influential definitional arguments as functioning tautologically: Floridi’s
“agency without intelligence” thesis (§4.3) is shown to deliver its conclusion of non-intelligence
by the definitions used unless premise (P2) is independently defended by criteria that could in
principle be falsified. Third, the default-shift argument: blanket denial of LLM intelligence sim-
pliciter no longer enjoys the inherited prior, while disciplined agnosticism about specific richer
notions remains in good standing. Fourth, the Ockhamite formulation: the mimicry-sceptical ac-
count multiplies invisible entia that have no operational definition and no explanatory function
beyond preserving a predetermined verdict. The diagnostic checklist of §2.1, applied case by
case in Table 2, consolidates these moves into a single applicable instrument.
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