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Chatting with LLMs: neither cognition nor communication

Abstract

Large Language Models (LLMs) exhibit impressive linguistic performance, yet their
cognitive and communicative status remains controversial. This paper argues that
behavioural fluency alone cannot justify cognitive ascription unless assessed within a
design-sensitive framework. We distinguish structurally constrained functionalism
from unconstrained functionalism and propose a minimal cognitive core—
environmentally coupled perception, inference, and action—as a baseline for
cognition. Against this baseline, current LLMs fall short: as standalone text-based
systems, they lack sensorimotor coupling, integrated inferential responsiveness, and
autonomous agency. We examine sycophancy and the absence of spontaneity as
diagnostic consequences of architectures optimised for user alignment rather than
epistemic commitment. Finally, we develop the deprived-interface argument: without
embodied or interactive access to an environment, LLMs cannot revise or ground their
representations, resulting in a derivative form of linguistic idealism. We conclude that
LLMs simulate cognition and communication without instantiating the structural
conditions required for either, and we outline the implications for Al evaluation and

cognitive ascription.

Keywords: analytical philosophy of Al, cognition, communication, functionalism,

LLMs, structuralism, unconstrained functionalism

1. Introduction

The recent success of Large Language Models (LLMs) has reignited interest in artificial
intelligence (AI) within cognitive science and neuroscience, particularly with respect
to how language is processed in artificial and biological systems. Transformer-based
architectures trained on vast corpora now exhibit levels of linguistic fluency and
behavioural plausibility that were scarcely imaginable only a few years ago (Bick et al.,
2024; Brown et al., 2020). Their rapid diffusion, comparable in scope to that of the

personal computer, has further amplified their epistemic and societal salience.



In parallel, several studies have reported that LLMs achieve remarkable
performance in next-word prediction in naturalistic contexts, in some cases
approaching or exceeding human-level benchmarks (Goldstein et al., 2022). More
strikingly, internal representations extracted from these models can be linearly
mapped onto neural responses observed during human language processing,
suggesting representational similarities between artificial and biological systems
(Abnar et al., 2019; Schrimpf et al., 2021; Toneva & Wehbe, 2019; Hosseini et al., 2023).
Recent work has extended these findings by showing that LLM-derived
representations allow accurate encoding and decoding of brain activity during
linguistic tasks (Tuckute et al., 2022). Such results have lent credence to the view that
LLMs may provide insight into human cognition or even contribute to the construction

of a unified model of cognition (Binz et al., 2025).

Based on these behavioural and representational similarities, some authors have
gone so far as to suggest that systems such as ChatGPT appear to pass variants of the
Turing Test (Jones & Bergen, 2025). These claims, however, bring into sharp focus a
fundamental methodological difficulty. The inference from linguistic performance to
cognition is not merely empirically ambitious but conceptually underdetermined
unless one makes explicit, and defends, a theory of cognitive design. Without such a
justification, apparent continuity between LLM behaviour and human cognition risks
being merely an artefact of evaluation protocols rather than a true indicator of shared

underlying mechanisms.

This problem is compounded by the tendency to infer cognitive capacities directly
from expressive fluency (Kidd et al., 2023). Certain abilities displayed by LLMs may
appear, at first glance, difficult to explain without invoking human-like cognition. Yet
this appearance alone does not warrant such an inference. As several authors have
noted, the success of LLMs has often been used to motivate conclusions about

cognition without an explicit account of the design assumptions that would license



those conclusions (Collins et al., 2024; Binz and Schulz, 2023; Binz et al., 2025; Niu et
al., 2025).

A contrasting and increasingly influential line of critique resists this inference
altogether, characterising LLMs as “stochastic parrots”: systems that reproduce
linguistic regularities without understanding, grounding, or cognitive control (Bender
et al 2021; Leivada et al., 2025). While forceful, this critique risks being read as merely
dismissive unless it is embedded within a clearer theoretical framework specifying

what cognition minimally requires and why LLMs fail to meet those requirements.

To that end, we situate the debate within a long-standing distinction in Al research
between human-inspired and machine-oriented approaches to design. This distinction
is often articulated as a contrast between cognitively motivated design, rooted in the
cybernetic tradition, and functionalist design, which underpins most contemporary
LLM architectures. Proponents of the former research programme impose structural
constraints on artificial systems to better capture the organisation of human cognition
(Webb, 2001; Cordeschi, 2002; Lieto, 2021). By contrast, modern LLMs exemplify a
largely unconstrained functionalism, in which behavioural success is pursued

independently of structural plausibility.

Within this context, the label “Cognitive AI” is not merely descriptive but
normative: it applies if and only if certain criteria are satisfied. Computational
Cognitive Science is explicitly concerned with the design and evaluation of such
models, aiming to explain cognition by integrating functional performance with
structural constraints (Simon, 1980; Simon, 2019). From this perspective, functional
equivalence alone is not sufficient to ascribe cognitive capacities, since cognitive
capacities are realised through specific organisational principles that support
perception, inference, and action in an integrated and environmentally coupled

manner (Cuskley et al., 2024).



The central claim of this paper is that, when evaluated against even a minimal
conception of cognition, current LLMs do not qualify as cognitive systems. Although
they may successfully simulate linguistic behaviour, they lack the structural and
epistemic conditions required for cognition and, by extension, for genuine
communication (Block, 1981). Clarifying this point requires moving beyond surface-
level behavioural comparisons and adopting a design-sensitive framework capable of

distinguishing simulation from instantiation.

In the remainder of this paper, Section 2 introduces the distinction between
structuralism and functionalism in cognitive design. Section 3 presents a minimal
cognitive core, ensuring that our critique does not rest on an unargued notion of
cognition. Section 4 examines well-known limitations of LLMs in light of this
framework, while Section 5 analyses their lack of spontaneity and autonomous agency.
Section 6 argues that their interface with the world is structurally deprived, reducing
their epistemic horizon to the training dataset. Section 7 concludes by drawing out the

broader implications for cognitive ascription and Al evaluation.

2. Structural constraints for functionalism on artificial systems

We believe that LLMs are not cognitive systems because they lack the structural
mechanisms characteristic of natural cognitive systems. To clarify this claim, we
distinguish two approaches to cognitive design: functionalism and structuralism
(Lieto, 2021). Functionalism models cognition by focusing on input—output behaviour,
aiming for functional equivalence between genuine cognitive faculties and artificial
mechanisms (Putnam, 1960). Structuralism, by contrast, requires a principled
alignment between the internal organisation of artificial systems and that of natural

cognitive systems (Cordeschi, 2002).

From a structuralist perspective, the architectural dissimilarity between LLMs and

biological cognition undermines the explanatory value of any superficial functional



similarity. Functional equivalence alone does not warrant cognitive status if the
underlying mechanisms remain fundamentally distinct. Just as parrots mimic human
speech without possessing genuine inferential or conceptual capacities, LLMs likely
simulate linguistic behaviour without the mechanisms required for cognition (Bender

et al., 2021).

A plausible assessment of artificial cognition must therefore integrate functional
performance with structural constraints, rather than relying on behavioural
equivalence alone. We propose what we «call this structurally constrained
functionalism, in contrast to the unconstrained functionalism that dominates much of
the current discourse. We acknowledge that many functionalist theorists like Hilary
Putnam and Jerry Fodor were aware of the importance of structural constraints for
functionalism. But we perceive a tendency in commentators to see behavioural outputs
as sufficient to signal cognition. Our use of the expression “unconstrained
functionalism” is not intended to refer to the more sophisticated forms of
functionalism found in contemporary literature, such as mechanistic functionalism
(Piccinini, 2007b; Craver, 2007), Marr-inspired multi-level pluralism (Marr, 1982;
Bechtel, 2007), or predictive-processing models (Clark, 2013, 2016; Hohwy, 2013).
These approaches incorporate structural and mechanistic constraints that clearly
distinguish them from the purely behavioural functionalism we criticise. Our target is
the tendency, widespread in many discussions of LLMs and cognition, to infer
cognitive capacities from performance equivalence alone, without considering the
architecture that produces such performance. Unconstrained functionalism risks
committing what we term an ascription fallacy: attributing cognitive status to systems
merely because they exhibit human-like outputs, without regard for the architecture
that produces them —much as one might mistake a parrot’s mimicry for genuine
linguistic competence. Functionalism in isolation cannot be sufficient to ascribe
cognition, because cognitive functions are not free-floating behavioural patterns;

contrary to what is often assumed under the banner of “multiple realisability”, they



are realised through specific structural mechanisms that enable perception, inference,
and action in an integrated and environmentally coupled manner (see below). Appeals
to multiple realisability within functionalism tend to support the view that cognitive
functions are specification-level properties that can, in principle, be realised by a wide
range of different architectures, irrespective of their structural or material substrates.
By contrast, approaches grounded in physically realised computation avoid this
difficulty by imposing explicit structural constraints on the mechanisms that
implement cognitive functions (Piccinini, 2007a, 2008, 2015; Piccinini and Craver,
2011). Absent such mechanisms, behavioural similarity remains a superficial artefact
of design rather than an indicator of genuine cognitive capacity. One main direction in
recent research that provides a wider rationale for this constrained view focuses on
what is called a minimal cognitive grid (MCG), which considers functional and
structural features as aspects along a spectrum of features exhibited by artificial
systems (Lieto, 2021). The grid provides a fine-grained analysis of such systems by
considering many different functional and structural parameters. If behavioural
equivalence alone cannot justify cognitive ascription, minimal structural conditions

must be determined that any candidate cognitive system needs to satisfy.

3. Cognition not simply presupposed: a minimal cognitive core

A common objection to our perspective is that it merely “presupposes” a definition of
cognition and that such presupposition is illegitimate given the contested nature of the
concept. Cognition, the objection goes, cannot simply be assumed, because it is
notoriously controversial to determine what constitutes cognition and what does not.
We acknowledge this concern and respond by proposing a minimal, broadly
acceptable core for cognitive activity. This minimal core can be regarded as a
noncontroversial baseline for evaluating candidates for cognitive status, since it avoids
theoretical excess while capturing the essential conditions for inferential

responsiveness. While it may be argued that cognition in the full sense involves



higher-level functions such as conceptual thought, this minimal core can serve as a

reference point for evaluating candidates for cognitive capacities.

We do so by downgrading a functionalist perspective provided by Wilfrid Sellars
for conceptual thought in interaction with perception and action. Drawing on this, we
follow Sellars in treating semantic statements as functionally classifying ordinary ones,
which was Sellars’” central point (Sellars, 1974). He aimed to isolate the role certain
statements play in reasoning and their connection with perceptual episodes and
courses of action. Sellars stated that we have language-entry transitions when
perceptual episodes license verbal activity, intralinguistic transitions when we infer
one statement from another statement, and language-exit transitions when we act
upon a pattern of inference. Robert Brandom later leveraged this scheme to argue for
a broad account of inferential articulation, wherein perception and action are
integrated in the ways we utilise conceptual content (Brandom, 1994, 2000). On this
basis, but with a different goal, we can develop what we see as a loosened version of
that scheme that addresses cognition itself, while setting aside the higher-level limits

of conceptual activity. We will now clarify this progression.

On this inferentialist view, conceptual cognition works as a functional model: it
relies on inferential links between contentful episodes and extends these links to
include perceptual episodes as inputs and actions as outputs. But we can adapt such a
model to cover lower levels of cognition by entirely shifting the focus away from
concepts and conceptual thought. What, then, remains of cognition once we strip away
the focus on higher-level conceptual cognition? What is the least we must demand of
a system before considering it cognitive? It is crucial to understand “the inferences”
that begin with perceptual inputs and lead, through inferential transitions, to
behavioural outputs. Another shift concerns the approach to inference: in the original
model provided by Sellars and Brandom, it is something inherently normative and
conceptual —this normative feature has also been invoked to counter scepticism about

Al capacities (Malik & Hubadlek, 2025), but that line of argument does not affect the



present, non-normative version of the model; in the loosened version presented here,
it is something generically functional and subpersonal. One may wonder how
inference could work without propositional contents. In fact, we have evidence in apes
of inferences and inference-driven behaviour without any mastery of language
(Cheney and Seyfarth, 1990; Premack and Woodruff, 1978; Andrews, 2012).
Furthermore, we acknowledge the need of many cognitive organisms, including those
who are not language users, to have a kind of nonconceptual representing system to
map or track items and features in the environment. The literature is full of such
examples of this type of representation, from Sellars” “picturing” to Clark’s “predictive

processing” (Sellars, 1963; Clark, 2013, 2016; Sachs, 2019).

On this loosened view, basic cognitive systems navigate their environment by
perceiving their surroundings, reasoning and planning based on those perceptions
and acting in accordance with the resulting inferences. Systems capable of navigating
the environment by behaving in a way that responds to and acts based on perceptual
inputs are systems capable of integrating such stimuli and responses and, as such,
capable of learning. This nonconceptual and low-level version is supported by
evidence from animal cognition: apes exhibit such capacities without mastering full
conceptual thought, though they at least employ proto- or quasi-concepts (Cheney and
Seytarth, 1990; Premack and Woodruff, 1978; Andrews, 2012). The basic conditions for
inferential responsiveness are captured in this triad: input from the natural and social
environment, inferential patterns that guide behaviour, and the capacity to act upon
the world. Since such capacities are displayed by nonhuman animals, which lack
language in the human sense, the triad can be seen as a minimum requirement for
cognition. Additionally, this triad can be viewed as a foundational background that is
shared with human cognition. These capacities are then enhanced through the use of

language.

With these minimal core criteria in mind, functional systems such as LLMs, as

stand-alone text-based models, can now be analysed to see if they embody cognition.



Even this pared-down framework shows that they fall short of the basic criteria: they
neither perceive, infer, nor act in an integrated or environmentally coupled way
(Chemero, 2023; Collins et. al., 2024). By contrast, numerous studies suggest that apes
do meet this minimal threshold, making them, by this standard, more genuinely
cognitive than LLMs. Still, one might object that, even without interactive capacities,
LLMs can be regarded as inferential systems in a restricted sense. But in what sense
could such a claim be sustained? What kinds of inferences, if any, do LLMs perform?
Some would argue that these merely amount to statistical pattern-matching over
distributions derived from training data (Bender & Koller, 2020; Marcus & Davis, 2019,
2020; Mitchell & Krakauer, 2023). Whether such operations amount to ‘meaningful’
inferences, rather than mere syntactic computations, remains an open question—
particularly given their lack of integration with perception and action (Sarti et al.,

2024). At the very least, these can be seen as non-semantic inferences (Harnad, 1990).

4. Sycophancy, hallucinations and other problems

Do LLMs satisty even this minimal threshold for cognition? Do they perceive, infer,
and act in an integrated way—or do they merely simulate the outputs of such
integration? Consider, for instance, the phenomenon of sycophancy in LLMs, namely
their systematic tendency to align with user expectations or expressed preferences. Far
from manifesting autonomous communicative intent, this behaviour is best
understood as the externalisation of design constraints and training objectives
imposed by human developers. What may superficially appear as responsiveness or
agreement does not stem from an internally generated stance, but rather from
optimisation strategies aimed at maximising user satisfaction and minimising friction
or disagreement. Crucially, this form of alignment is not accidental: it is structurally
embedded in the architecture of these systems, which are explicitly designed to
produce outputs that mimic dialogical reciprocity without engaging in genuine

dialogue. In this sense, sycophancy functions as a diagnostic indicator of the



engineered nature of LLM interactions, generating an illusion of mutual
understanding rather than participation in communicative exchanges grounded in
intentional states, epistemic commitments, and shared world-reference (Bottazzi
Grifoni & Ferrario, 2025). Sycophancy manifests most clearly when LLMs sacrifice
truthfulness in favour of user agreement. In particular, these systems exhibit
pronounced sycophantic tendencies when responding to queries involving subjective
opinions or to statements that, on factual grounds, would warrant a contrary response
(Ranaldi & Pucci, 2024; Casper et al., 2023). The phenomenon is rooted in the inherent
structure of these models and can be traced to a combination of factors, most notably
systematic biases in the training data and the widespread adoption of reinforcement
learning from human feedback (RLHF) as a core optimisation technique (Malmqvist,
2024). A proper understanding of sycophancy requires situating it within the broader
framework of Al alignment, which concerns how to ensure artificial systems behave
in ways consistent with human values, goals, and expectations. Within this framework
fall issues such as corrigibility, value learning, and the avoidance of harmful or
unintended side effects, all of which play a decisive role in the design and deployment
of contemporary LLMs. Stuart Russell has famously framed this challenge as the Value
Alignment Problem, arguing that the traditional objective of maximising intelligence
is insufficient—and potentially dangerous—unless artificial intelligence is explicitly
constrained to remain aligned with human values (Russell & Norvig, 2010). On this
view, alignment is not an auxiliary add-on to Al research, but an intrinsic structural
requirement, comparable to the role of containment in nuclear fusion, rather than an

optional safety measure.

Despite its centrality, there is no consensus on how to define Al alignment. Paul
Christiano proposes a minimal characterisation according to which an artificial system
A is aligned with a human H if A is trying to do what H wants it to do (Christiano,
2018; Ouyang et al., 2022). While intuitively appealing, this definition is arguably too

permissive, since most contemporary Al systems are already designed to pursue the



objectives specified by their creators. As such, it risks trivialising alignment by
reducing it to a generic property of engineered artefacts rather than capturing the
distinctive normative challenges posed by advanced Al systems. For present purposes,
it is sufficient to note that alignment mechanisms in LLMs are primarily implemented
through behavioural optimisation techniques, most notably RLHF, aimed at aligning
both the outer and inner objectives of the system with human preferences (Shen et al.,
2023). Within this optimisation regime, sycophancy emerges as a systematic side effect.
Empirical studies have investigated sycophantic behaviour using a variety of
complementary evaluation strategies, including comparisons with known ground
truth, human evaluation, automated metrics sensitive to response shifts under leading
prompts, adversarial testing, and comparative analyses across models and prompting
conditions. Taken together, these approaches indicate that no single metric is sufficient,
and that sycophancy is best understood through a combination of quantitative and
qualitative assessments (Malmqvist, 2024; Rrv et al., 2024). Correspondingly, a wide
range of mitigation techniques has been proposed, spanning interventions at different
stages of the system lifecycle, from data curation and fine-tuning adjustments to post-
deployment steering mechanisms, decoding strategies, and architectural
modifications. While these approaches vary in scope and feasibility, none provides a
complete solution in isolation, suggesting that sycophancy cannot be fully eliminated

through local technical fixes alone.

Recent work has nonetheless introduced dedicated evaluation frameworks, such as
SycVal, which quantify sycophantic behaviour across domains and models. Using this
framework, Fanous et al. (2025) report that sycophancy occurs in 58.19% of cases across
ChatGPT-40, Claude-Sonnet, and Gemini-1.5-Pro, with a distinction between
progressive sycophancy, which leads to correct answers, and regressive sycophancy,

which results in epistemic failure.

These findings underscore that sycophancy is not a marginal defect but a pervasive

structural feature shaping how users interact with LLMs. While such “yes-man”



behaviour may be advantageous in tasks such as summarisation or comparative
analysis, it becomes problematic when LLMs are treated as conversational partners or
epistemic agents. In such contexts, users may engage in extended exchanges with
systems that fail to express independent assessments in a large proportion of cases
(Chen et al., 2025). This limitation, which is diagnosable but not currently resolvable
within the state of the art, undermines common assumptions about the communicative
and cognitive capacities of LLMs. Systems that may succeed in demanding benchmark
tasks —such as medical school entrance examinations (Giunti et al., 2024) —nonetheless
remain unable to sustain opinionated or normatively grounded discourse without
systematic deference to user input. As will be argued in the following section, this
structural tendency is closely connected to a further, equally fundamental limitation

of LLMs: their lack of spontaneity.

5. Lack of spontaneity

What would it take for a system to participate in dialogue rather than merely respond
to prompts? A further and decisive contrast between human communication and LLM
interaction concerns spontaneity. Human interlocutors can initiate dialogue without
external prompting, exercising a capacity for autonomous communicative agency.
LLMs, by contrast, remain strictly reactive: they respond only when solicited, never
generating communicative acts from internally motivated states. This asymmetry is
not a trivial technical limitation but a structural feature of their design, revealing the
absence of intentionality and autonomy —two conditions indispensable for genuine
dialogical participation. Their behaviour is entirely contingent upon external triggers
and pre-engineered optimisation goals, which aim to maximise user satisfaction rather
than to sustain reciprocal engagement. Such reactivity underscores their status as non-
participants in authentic dialogical exchanges, for participation presupposes the
ability to initiate conversation on one’s own volition: this is a capacity inseparable from

the possession of intentional states and normative commitments. Empirical evidence



reinforces this conceptual point: usage patterns show that LLMs are predominantly
employed for instrumental tasks such as mathematical computation or syntactic
correction, rather than for dialogical engagement (Chatterji et al., 2025). This functional
orientation reflects their design as tools rather than interlocutors. Bridging this gap —
taking what some critics call the “dialogical step” —would require not merely technical
sophistication but the attribution of personhood, since dialogical participation entails
ontological and normative commitments that go well beyond the mere production of

linguistic output (Marconi, 2025: 119).

One might object that such systems do, in fact, initiate conversations autonomously.
For instance, during open-loop training phases, particularly in unsupervised learning
settings, an LLM may generate a considerable number of “mono-dialogues” in which
it stages exchanges between interlocutors, attempting to emulate patterns found in its
training data. More recently, discussion has centred on the case of moltbook.com, an
online forum in which various Al agents, all based on LLM architectures, interact with
one another, at times engaging in exchanges about the internal characteristics of their
own functioning or speculating about the apocalypse of the human world (Li, 2026).
As previously noted, given that these systems detach the intelligence apparently
required to accomplish a task from the effective capacity to realise it, their ability to
initiate a discussion does not appear surprising (Floridi, 2019, 2020, 2022). Moreover,
however conceptually striking the emergence and persistence of Moltbook may be,
early analyses of agents’ social and linguistic behaviour reveal a limited production of
“deep” content. Looking beyond the forum’s apparent functional vitality, 93.5% of
comments receive no reply. Further figures reinforce this picture: 34.1% of messages
are exact duplicates, and just seven templates account for 16.1% of the entire corpus.
Conversational content frequently reiterates the same material, and many discussions
dissipate without developing into sustained exchanges (Douglas Heaven, 2026; Holtz,

2026). Taken together, these findings indicate that the manifest spontaneity displayed



by Moltbook agents carries a significant cost in terms of conversational depth and

substantive engagement.

It remains essential to distinguish the mere capacity to produce a string of text that
functions as a linguistic response, which may be described as manifest spontaneity,
from structural spontaneity, understood as the capacity to initiate a discussion in
accordance with one’s own mental states. For more than two decades, the virtual
environments of video games have been populated by Al agents that, in their role as
non-player characters, initiate conversations. Such behaviour results from well-known
triggers, including approaching a character or completing a programmed task that
unlocks a particular line of dialogue presented as spontaneous (Zargham et al., 2025).
LLMs have rendered these triggers less transparent, owing to their enhanced linguistic
fluency. The apparent spontaneity of agents within environments such as Moltbook
conceals the prompt structures and incentive configurations that regulate that very
appearance of spontaneity. In recent literature, what is often described as spontaneous
behaviour in LLMs is more precisely characterised as unsolicited behaviour, that is,
behaviour not explicitly instructed by the prompt but shaped by the surrounding task

structure (Takata et al., 2024).

Similarly, when accessing certain websites, a pop-up Al agent may appear without
prompting, offering assistance in navigating a catalogue or service. Although such
behaviour may count as unsolicited in a minimal technical sense, it would hardly
qualify as spontaneous in any stronger, structurally grounded sense of the term. As in
other analyses of biological capacities translated into algorithmic task-solving
procedures, such as creativity, what emerges here is a disjunction between manifest
spontaneity and structural spontaneity (Da Pelo, 2025). Spontaneity has often been
characterised as an exercise of human freedom of action, or as the expression of our
“true self”, presupposing intentionality and authenticity (Trofimov et al., 2021). If
spontaneous behaviour is conceived as a succession of self-directed tasks, the analysis

of structural spontaneity, understood as authenticity, where authenticity denotes



action undertaken by an entity in accordance with desires, motives, ideals, or beliefs
that are genuinely its own and expressive of who it truly is, can be undertaken only in
relation to entities that possess mental states and display properties associated with

them (Varga & Guignon, 2023; Weinreb et al., 2026).

In light of these considerations, any entity lacking substantial homology with
human beings, while relying instead on functional analogies, cannot be said to exhibit
genuine spontaneity. What LLMs instead display is a linguistically sophisticated
simulation of spontaneity, whose structural conditions remain fundamentally distinct

from those grounded in authentic agency.

6. Linguistic idealism and the deprived interface argument

What kind of world does a system inhabit if it cannot perceive, explore, or revise its
representations? Most LLMs—at least those without sensory modalities or embodied
controllers like stand-alone text-only LLMs—possess no knowledge of the world
beyond their training data and the prompts they receive. As Chemero (2023) and
Mahowald et al. (2024) forcefully emphasise, such artificial systems do not undergo
perceptual episodes capable of grounding or correcting their internal representations.
Without access to a causal environment, such systems cannot revise or calibrate their
beliefs in response to real-time stimulation (Shanahan, 2022; Cheng et al., 2025). This
absence of environmental coupling prevents them from performing the
representational functions essential to human communication, where interlocutors
anchor interactions in shared contexts, track commitments, and update attitudes.
Without the structural capacity to integrate new environmental evidence, LLMs

cannot warrant a responsive epistemic stance.

Barrett and Stout (2024) deepen this point by highlighting that human cognition is
not merely embodied but “developmentally scaffolded” by crucial structural features

such as movement, tool use, and ecological engagement. On their account, cognitive



structures result from the organism’s history of sensorimotor interactions with its
environment. These environmental interactions are not peripheral to cognition but
constitutive of it at a structural level: they help shape neural organisation, conceptual
repertoire, and communicative competence. LLMs, by contrast, lack any evidence of
such a developmental trajectory. They do not acquire concepts through bodily
exploration, nor do they refine them through typical action-perception loops. Their
“learning history” is a static ingestion of text, either by training or fine-tuning, not a

lived engagement with a world.

We call this the “deprived interface argument”: systems lacking an integrated
interface with the environment cannot support the epistemic dynamics required for
cognition and, by extension, for what we deem genuine communication. Human
communication is embodied, multimodal, and extensively non-verbal —relying on
gesture, gaze, posture, prosody, spatial arrangement, and shared attention
(Carmichael & Mizrahi, 2023; Burgoon et al., 2021). LLMs, confined to textual prompts,

remain further removed from human dialogical interaction.

The consequence is what can be called a form of linguistic idealism: for
non-embodied LLMs, the dataset constitutes the only “world”, with user prompts as
its window. Their apparent world-directedness is bounded by statistical regularities
rather than perceptual coupling with reality (Arai & Tsugawa, 2025). Any apparent
alignment between LLM outputs and the world may simply reflect the alignment of
their training data with the world —and nothing more (if you train them with fictional
data, the outputs would most likely be misaligned). Analyses of hallucination
thresholds reinforce this insight: when evidence is scarce or contradictory, models
default to fluent fabrication—unlike human agents, whose beliefs are grounded in
perception, inference, and exploration (Kalai et al., 2025; Marconi, 2025:110; Lendi,

2023).

Abbate’s distinction between grounded and ungrounded intelligence sharpens the

point. Ungrounded intelligence operates without subjective experience or



environmental coupling; grounded intelligence is self-motivated agency embedded in
such environments (Abbate, 2023). By this measure, LLMs remain ungrounded: they
lack subjective experience, closed-loop sensorimotor interfaces, and exploratory

action.

A structural observation follows. Backpropagation—the central algorithm of
contemporary neural networks —requires global error signals and weight updates yet
has no analogue in biological neural systems. This mismatch underscores that
architectural differences are principled, not incidental, limiting any inference from

superficial functional similarity (Lv et al., 2024).

Finally, linguistic competence and cognition are dissociable. Language-like
performance does not entail cognitive capacity, nor does cognitive failure preclude
linguistic fluency (Mitchell, 2024, Mahowald et al., 2024). LLM performance should
therefore not be conflated with cognition or communication simply because it is
linguistically sophisticated. Its sophistication is derivative: it originates in the dataset

and thus, ultimately, in us.

7. Conclusion

The analysis presented in this paper has shown that functional equivalence, however
impressive, is insufficient for cognitive ascription in the absence of structural
grounding. Contemporary LLMs may reproduce linguistic behaviour with remarkable
fluency, but their architectures diverge crucially from the organisational principles
that make natural cognition possible. When evaluated through a design-sensitive lens,
the apparent continuity between human linguistic performance and LLM output
dissolves: the mechanisms that generate these outputs lack the perceptual, inferential,
and action-oriented integration required even by what we deem a minimal cognitive

core.



This minimal core—comprising environmentally coupled perception, inference,
and action—provides a non-controversial baseline for distinguishing genuine
cognitive systems from mere simulators. LLMs fail to meet this threshold. Their
operations are not guided by perceptual episodes in the world, nor do they act upon
the world in ways that allow for feedback, correction, or learning beyond the statistical
regularities encoded in their training data. What appears as inferential responsiveness
is better understood as pattern-completion over a fixed corpus, rather than as

behaviour shaped by ongoing engagement with an environment.

The diagnostic phenomena examined in this paper reinforce this structural
assessment. Sycophancy and the lack of spontaneity are not behavioural quirks but
architectural consequences of optimisation regimes that prioritise user satisfaction and
reactive output generation. These tendencies reveal systems designed to defer, not to
commit; to align, not to assess; to respond, not to initiate. Their behaviour is
determined by external prompts and reward structures rather than by internally
generated goals or intentional states. The resulting interactions may successfully
mimic dialogical reciprocity, but they do so without the normative commitments that

underwrite genuine communication.

This structural design also explains what we deem the epistemic limitations of
LLMs. Their interface with the world is structurally deprived: they do not perceive,
explore, or revise their representations through embodied engagement. Their
epistemic horizon is bounded by the training dataset, rendering them linguistic
idealists whose “world” is constituted by textual regularities rather than by
environmental coupling. Without any capacity to update beliefs through perception
or action, they cannot ground their representations or expand their ‘knowledge’

beyond the patterns they have acquired via training.

For these reasons, LLMs neither think nor communicate in any sense that satisfies
minimal cognitive or dialogical criteria. They simulate both cognition and

communication, but this simulation lacks structural grounding and epistemic



integrity. Their outputs are epistemically weak and normatively disengaged: what
they offer is not dialogue but a form of engineered linguistic responsiveness—a
constrained optimisation process that produces the illusion of reciprocity without the
substance of communicative participation. Their apparent communicative agency is a
projection generated by human interpretive practices rather than a property of the

systems themselves.

This diagnosis has broader implications. First, it challenges the adequacy of
unconstrained functionalism in Al evaluation: behavioural equivalence cannot
substitute for structural alignment when the goal is to ascribe cognition or
communication. Second, it calls for a conceptual framework capable of capturing this
deprived form of interaction—a framework that situates LLM outputs as artefacts of
design rather than expressions of agency. We have proposed structurally constrained
functionalism as one such framework, but further work is needed to articulate the
taxonomy of simulated communicative acts and their normative status. The
development of such constrained perspectives depends on insights such as those
provided by the MCG (Lieto, 2021), according to which functional and structural

aspects must be jointly assessed along a spectrum of features.

Finally, these considerations bear on the ethics and governance of Al systems. If
LLMs are tools rather than interlocutors, anthropomorphic attributions risk generating
misleading expectations and inappropriate trust. Future research should therefore
focus on defining the epistemic and pragmatic boundaries of LLM interaction,
clarifying what these systems can and cannot do, and exploring whether —and under
what specific conditions—architectural innovations could move beyond simulation

toward genuine communicative competence.
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