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Abstract

Recent developments in the field of deep neural networks (DNNs) and large language models (LLMs)
have led to the spread of systems capable of producing coherent texts, drawing inferences and acting in
a contextually situated manner. Such systems appear to exhibit semantically relevant behaviour, despite
lacking features traditionally considered essential for meaning, such as sensory experience or human-
like intentionality. This situation has revived the philosophical debate on the nature of meaning in
intelligent machines. Seeking to contribute to this debate, this article proposes a change of perspective,
linking semantic organisation in artificial systems not to symbols or embodiment, but to the concepts of
structure and network. Through a trajectory that draws on the historical epistemology of Al, this paper
explores a structural conception of semantic organisation in artificial systems. Our claim is that LLMs
may exhibit a form of structurally organised semantic competence based on the internal relational
organisation of networks rather than on symbols or bodily experience. Through the analysis of
distributed representations and relational spaces embedded in LLMs, this paper aims to clarify in what
sense such systems can exhibit forms of semantic organisation without possessing human
understanding or phenomenal intentionality. This perspective has significant epistemological
implications, suggesting a reconsideration of traditional concepts of representation, knowledge, and
meaning. In this sense, this article aims to contribute to contemporary debates on the nature of
semantic organisation in artificial systems.

1. Introduction. Is semantics a structural property?

Since the earliest attempts to implement intelligent behaviour in artificial systems, engineering
developments in Al models have always been inextricably linked to the flourishing of philosophical and
epistemological frameworks (e.g., McCulloch & Pitts, 1943; Turing, 1950). Since the mid-twentieth
century, the convergence of axiomatic reasoning theory, Boolean logic and intelligence theory has
shifted the linguistic question from the analytic philosophy of language to philosophy of mind and Al
(i.e., Putnam, 1960). These early, elegant descriptions, characterised by the research on formal systems,
cognition, and intelligence, all shared a main feature, derived from Claude Shannon's theory: information
is an entity distinct from the substrates that carry it, and therefore realisable on any medium (Fodor,
1975, Haugeland, 1989). Inspired by the optimism of the 1960s, Marvin Minsky, one of the pioneers of
artificial intelligence, went so far as to say that: «within a generation [...]| few compartments of intellect
will remain outside the machine’s realm — the problems of creating artificial intelligence will be
substantially solved» (Minsky, 1967). However, this elegant and influential theory eventually revealed its
limits. The efforts of classical cognitivism to understand intelligence and language manipulation have
only clarified what intelligence and language are not. Indeed, the ‘strong’ Al programme failed to account
for semantic competence intended as the ‘mark’ of intelligent behaviour (Searle, 1980; Dreyfus, 1992).
The symbolic model explained syntax, but not meaning. In reaction, the embodied and connectionist
theories of the 1980s and 1990s proposed that cognition is grounded in the body, perception, and action
(e.g., Varela et al.,, 1991; Lakoff & Johnson, 1980; Barsalou, 1999; Gibbs, 2004, 2006, Desai, 2022).
Meaning arises from the dynamic interaction between subject and environment, from sensorimotor
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activations that constitute the core of representational content. Thus, the research on cognition and
intelligent behaviour seemed to have moved away from machines and Al.

However, contemporary neural Al systems have introduced a new theoretical scenario. They produce
meaningful content, and philosophical thought must account for it. Neural networks can produce
abstract representations (Yang, et al., 2019; Butlin, 2021; Rogers et al., 2021; Johnston & Fusi, 2023), learn
autonomously from new data (Bendale & Boult, 2016), and embed ontologies and structured knowledge
within their network (Kumar & Sharma, 2023; DeCoste et al., 2024). Recent advances in Al have produced
systems (i.e., LLMs) capable of writing texts, answering questions, summarising documents, and
sustaining complex conversations (Naveed et al., 2023). At the same time, they lack several features that
many traditional accounts of meaning have considered essential, such as embodiment, direct sensory
experience, or human-like intentionality (Mitchell, 2021). This situation creates a conceptual dialectic.
Contemporary Al systems exhibit behaviours that appear semantically coherent, despite lacking several
features that many historical theories of meaning have considered central to semantic understanding.

This dialectic has produced polarised reactions. On the one hand, there is a tendency to describe these
models in a strongly anthropomorphic manner as if they were almost-human minds. On the other hand,
they are often described as purely statistical systems lacking genuine understanding, reduced to
‘stochastic parrots’ (Bender et al. 2021) or a mere ‘jpeg of the web’ (Chiang, 2023). However, the main
issue, as will be argued in this article, is not empirical but theoretical. Both reactions presuppose
conceptual frameworks that may no longer be adequate. Indeed, there is a lack of clear understanding of
what kind of meaning can be attributed to artificial systems whose internal organisation differs radically
from both traditional symbolic machines and embodied organisms.

This work proposes a change of perspective. The underlying hypothesis is that the history of artificial
intelligence can be read as a history of different conceptions of meaning. Early symbolic approaches
treated meaning as something external to the system, anchored to formal rules (Putnam, 1960; Fodor,
1975; Pylyshyn, 1980; Horst, 1990). Then, embodied approaches relocated meaning to the interaction
between a bodily agent and its environment (Barsalou, 1999; Gallese & Lakoff, 2005). However, DNNs
cannot be fully traced back to either of these two frameworks. Even though disembodied, they can learn
statistical structures that reflect regularities in the world, construct vector spaces that can approximate
geographical, temporal, quantitative or conceptual relationships, and can be sensitive to relationships
that depend not only on linguistic co-occurrences, but also on a deeper alignment with real-world
structures (Abdou et al., 2021; Williams, 2025). This suggests the possibility of a third description, in
which semantic organisation is neither assigned by explicit rules nor directly grounded in bodily
experience but depends on the relational structure of the system itself (Gardenfors, 2000). In this paper,
this claim is restricted to contemporary LLMs. The aim is not to establish a general ontology of meaning,
nor to claim an equivalence between artificial and human cognition, but to examine whether neural

architectures can support a specifically structural form of semantic competence’.
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This article argues that neural architectures require philosophical recognition of a structural conception
of meaning. According to this perspective, meaning is not a property of isolated symbols nor the direct
result of perceptual experience, but a topological property of systems. Neural networks construct high-
dimensional spaces in which elements are defined by their mutual relationships, creating relational
organisations capable of preserving stable regularities across domains. We will explore the possibility
that LLMs exhibit forms of structurally organised semantic competence grounded in the relational
organisation of their internal representations. This does not amount to human-like understanding
(Mitchell, 2021), but reveals a new dimension of semantic emergence (Piantadosi, 2023; Cappelen &
Dever, 2021, 2025; Grindrod, 2024). Understanding artificial semantics therefore could mean shifting the
focus from single representations to the overall network organisation of relationships that makes
generalisation, analogy and inference possible.

The expected contribution of this work is both historical and philosophical. On one hand, it proposes a
conceptual reconstruction of the major paradigms of Al, highlighting the different conceptions of
meaning that characterise them and how they have been linked to engineering developments. On the
other, it develops the notion of meaning as a structural property, clarifying in what sense contemporary Al
systems can exhibit forms of semantic organisation without possessing human-like understanding or
consciousness. The aim is not to discuss the attribution of 'human understanding' to LLMs, but to
articulate an intermediate level of semantic competence that is epistemologically relevant.

To do so, the article will be structured as follows:

1. The next chapter will focus the historical epistemology of Al. We will examine the symbolic and
embodied paradigms, highlighting their strengths and limitations, and how the transformation of
philosophical models shaped engineering developments.

2. Then, we will analyse the representational shift introduced by neural networks, with particular
attention to distributed and relational forms of representation.

3. The last section will develop the central proposal of meaning as a structural property of networks
and discuss its epistemological consequences. We will question if LLMs are showing sparks of
intelligence (Grzankowski et al., 2024) and the evolution of neural models could reshape our very
concept of meaning.

This work proposes a thesis with implications that go beyond philosophy of Al. If meaning can emerge
from structural relationships within artificial systems, then traditional oppositions such as
syntax/semantics and mind/body should be reconsidered. It is not simply a matter of rediscuss
paradigms from a debate that has been raging since the middle of the last century. What we intend to do
is to show how the intertwining of cognitive science, engineering implementation of LLMs, and
philosophy of mind and Al, can lead to a new stage of the research on meaning. Our aim is to highlight
how the emergence of abstract representations and advanced semantic competence in artificial
systems can demonstrate that meaning emerges from sufficiently complex structures. It is not a side
question. It is the gateway to a brand-new philosophy.
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2. Where does meaning lie? An epistemological history of machines
and semantics

The history of the development of intelligent machines is inextricably linked to the philosophical and
cognitive theories that inspired or flourished alongside it. In this sense, theory and engineering have
embraced and separated more than once. The first ideas about what a thinking machine is greatly
anticipated its development. The entire theoretical basis for the development of GOFAI? is based on a
rationalisation and mathematisation of language that dates to Thomas Hobbes (Leon, 2021), crosses
the 19th century with Charles Babbage's first polynomial function calculator (Pasquinelli, 2023), and
arrives at the analytical philosophy of language (e.g., Putnam, 1960). This chapter will therefore
reconstruct these theoretical steps underlying the development of Al, to highlight the discontinuity with
the new generation of DNNs in the following chapters.

2.1. Theories and first developments of thinking machines

Few analogies have shaped the early developments of artificial intelligence as deeply as the
mind/computer one. Underlying this analogy was a simple and elegant framework (i.e., classical
cognitivism) which proved extraordinarily effective in the development of the first generation of thinking
machines. Classical cognitivism conceived both natural and artificial cognition as formal systems
operating on symbols according to syntactic rules (Putnam, 1960; Minsky, 1967, 1969; Fodor, 1975;
Pylyshyn, 1980; Horst, 1990). Linguistic expressions were analysed as structured symbol strings, and
meaning was defined functionally, in terms of the role a symbol occupied within the computational
system. The basis of this theory was therefore the idea that the rules of syntax determined linguistic
handling, and therefore intelligent behaviour. Correct syntactic processing by a formal system would
automatically bring out the semantic dimension of symbols, by virtue of their isomorphism with the real
world. In other words, we can conceive that those strings of information ‘express' something solely by
virtue of the formal properties of the system (Haugeland, 1989). This approach was supported by the
optimism of the mid-twentieth century, when it was widely believed that intelligence could be fully
captured by rigid and syntactic symbol manipulation. It inspired an entire generation of developments
and attempts to create artificial intentionality (Bobrow, 1964; Newell & Simon, 1964, 1995; Minsky,

19693).

However, despite its formal elegance the symbolic paradigm progressively revealed a fundamental
limitation. While it provided powerful models of inference and problem solving, it failed to account for
the origin of meaning itself. Within such systems, symbols are manipulated purely on their formal
properties, leaving their semantic interpretation external to the mechanism. A system may correctly
process linguistic inputs and produce appropriate outputs while remaining entirely impermeable to their
meaning (Searle, 1980; Dreyfus, 1992). By itself, formal symbol processing cannot explain semantic
content. In this sense, the failure of symbolic Al was not primarily technical but conceptual. Intelligence
and language processing cannot be reduced to the execution of syntactic rules over uninterpreted
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symbols that leave meaning suspended in a vacuum. It is precisely this explanatory gap that motivated
subsequent attempts to reconnect cognition with the world.

2.2. The revolution of embodied semantics

The embodied turn emerged as a direct response to this theorical impasse (Varela, Thompson & Rosch,
1991). If symbolic approach failed by operating on symbols detached from any form of experience, then
grounding meaning in bodily interaction appeared as a promising alternative. Embodied approaches
rejected the idea of cognition as abstract symbol manipulation and instead located meaning in the
inextricable relation between an agent and its environment. Embodied semantics is based on
somatosensory information stored by the cognitive system, which can be reactivated based on
contextual stimuli (Barsalou, 1999, 2012; Solomon & Barsalou, 2004). It is possible to speak of
intentional states in terms of perceptual symbols, recordings of neural activations that occur during
sensory experience, operated by the sensorimotor regions of the brain (Gallese & Lakoff, 2005; Borghi,
2014). These symbols consist of mental simulations of perceptual state. When an experience occurs,
they are recorded by the cognitive system through a multimodal representation stored in memory, which
can be subsequently reactivated for operations of different complexity. Every process of understanding
and processing, from metaphorical and analogical language to causal structures, is based on
sensorimotor states.

The case of metaphorical language can be taken as an example of embodied semantics. In the context
of conceptual metaphor theory (Lakoff & Johnson 1980; Gibbs, 2004, 2006; Desai, 2011, 2022), it can be
argued that many of the metaphors we use to understand and describe the world are based on
somatosensory information. There is a body of neural evidence supporting a cognitive perspective
centred on the sensorimotor system, in which language and its processing can be translated into terms
of embodied simulations within an action-perception dualism. For example, it has been shown that the
premotor cortex and parietal lobe structures appear to be integrated at the neural level to construct
concepts encoded from sensorimotor information (Gallese & Lakoff, 2005). Numerous neuroimaging
studies have also examined the question of the foundation of abstract language, comparing activations
in somatosensory and motor areas of the brain in relation to metaphorical and non-metaphorical

expressions®.

According to this framework, cognitive representations are not amodal tokens, but patterns of neural
activation shaped by perception and action. Understanding language does not consist in manipulating
arbitrary symbols, but in reactivating sensorimotor structures associated with sensorial experience. The
turning point represented by embodied semantics has effectively demonstrated how the path of rigid,
symbolic syntax of classical cognitivism (and the idea that it was possible to achieve true artificial
understanding) has been exhausted. The anchoring of cognition to the body thus seemed to have put an
end to the development of thinking machines. However, even this theory has an issue.
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2.3. Limits of embodiment and the need for a new
explanatory framework

Despite its explanatory power, embodiment does not provide a fully satisfactory account of linguistic
handling. While embodied theories offer a solid explanation of the biological basis of semantics, they do
not yet seem to fully account for higher-level processes such as abstract reasoning, symbolic
manipulation, and context-sensitive inferential organisation. As a result, embodiment risks overextending
the explanatory power of sensorimotor grounding, transforming what is a sufficient condition for some
forms of meaning into a necessary condition for all. Because of this, some areas of research argue for
the autonomy of syntactic competence (Moro, 2004; Moro et al., 2013) and the symbolic description of
mental states.

In response to the limitations of both classical symbolic models and strongly embodied accounts, a
range of pluralistic approaches to mental representation has been developed. These frameworks reject
the idea that cognition relies on a single representational format, proposing instead that cognitive
systems deploy multiple, functionally distinct resources. On this view, different types of representations
such as sensory, linguistic, symbolic, or affective contribute in complementary ways to cognitive
processing. Meaning would not reside in any single format but arises from the coordinated interaction
between heterogeneous representational systems, while syntactic mechanisms retain a degree of
functional autonomy in structuring and combining content (Moro, 2004; Dove, 2009). Neurocognitive
research suggests that knowledge representation in the human brain is distributed across partially
separate systems rather than grounded in a uniform sensory substrate® (Wang, 20205; Bi, 20217). More
recently, also Shapiro (2019) argued that a purely embodied approach is not sufficient to explain the
entire range of cognitive phenomena. However, while pluralistic accounts help clarify the limits of
embodiment, they remain largely descriptive and do not yet explain how semantic structure can emerge
in an artificial system. Considering this reconstruction, the reference to embodiment as the best
explanation of cognitive and semantic processes is not without criticism, and research in this area is still
ongoing. Taken together, these accounts indicate that semantic competence depends on the interaction
of multiple representational formats, rather than on exclusive reliance on either sensorimotor grounding
or abstract symbol manipulation.

This section of historical epistemology has highlighted the inextricable relationship between philosophy
of mind, cognitive science and Al engineering. Technical developments have always followed theories of
intelligence and cognition or intersected with them. This was the case with symbolic Al, whose
relationship with classical cognitivism led to the theorisation and implementation of artificial intelligence
based on syntactic rules and rigid algorithms. The end of that season of research into intelligent
machines led to a detachment from the cognitive sciences, which were exploring the bodily domain of
representation and semantics. However, today the embodied paradigm shows explanatory limitations. It
does not account for high-level cognitive processes, and new hybrid theories have arrived on the scene.
It is precisely in this context that Al has rejoined the debate.
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3. Neural Networks and Sparks of Intelligence

The impasse outlined in the previous chapter did not directly lead to a new theory of meaning, but rather
to a transformation in the way artificial systems were understood. The end of the symbolic paradigm of
Al and the affirmation of embodiment seemed to have sterilised the claim to build thinking machines.
However, the revolution represented by neural models (Hopfield, 1982, 1988; Krizhevsky et al., 2012;
LeCun, Bengio & Hinton, 2015) and generative Al (Naveed et al., 2023) has reopened the question. Neural
and connectionist approaches did not emerge as explicit philosophical responses to the limitations of
symbolism or embodiment. They arose from different needs related to learning, adaptation, and the
extraction of regularities from data (Kelleher, 2019). However, these architectures have introduced a
profound change in the very concept of representation. It is precisely around this concept that our
argument will develop. The following chapter will be divided in two sections. (1) We will firstly introduce
the historical and epistemological main feature of the revolution of DNNs. (2) Then, we will go deeply
into philosophical issues, focusing on the structuralist turn represented by LLMs.

3.1. Word embeddings and distributional spaces

Since the 1980s, Al research has begun to glimpse the possibility that a different model of intelligent
machines could be achievable. Inspired by early pioneering work in the mid-century (McCulloch & Pitts,
1943; Rosenblatt, 1958; Hoff & Widrow, 1960), the revolution represented by DNNs marks a clean break
with the symbolic conception of representation as a set of manipulable tokens. In connectionist and
neural models, there is no privileged representational unit that corresponds to a word, concept or
proposition. What the system represents is not embedded in any single element but emerges from the
overall configuration of the network. Early work on parallel distributed processing (Rumelhart, Hinton &
McClelland, 1986; Hopfield, 1982, 1988) had already highlighted that cognitive content in these systems
is realised through patterns distributed across many units, rather than through symbolic structures. This
insight was later developed in the philosophical debate through the idea of sub-symbolic computation
(Lopez-Rubio, 2018), in which representations consist of relational and dynamic properties rather than
discrete syntactic forms.

From this point of view, the contrast with classical cognitivism is not only methodological, but
ontological. Symbolic systems presuppose representations whose identity and function can be specified
independently from the overall state of the system. Instead, DNNs dissolve this independence. The
representational content is inseparable from the overall organisation of the network. Learning does not
consist in the acquisition of new symbols or rules, but in the reorganisation of the internal architecture to
capture the regularities of the data. What is learned is not a set of explicit meanings, but a structure that
constrains and enables future behaviour. Thus, the traditional question of how symbols acquire meaning
gives way to a different problem:

e How can activity patterns support systematic behaviour without relying on predefined symbols and
formal rules?

Page 8/20



To answer this question, we need to consider word embeddings and distributional semantics. According
to distributional theory (Firth, 1957), which states that the meaning of a word is determined by its
relationship with other meanings and its use in linguistic contexts, semantic representation is
progressively reduced to relational configurations within high-dimensional spaces. Distributional
paradigms are based on the hypothesis that words that appear in similar contexts tend to have similar
meanings (Harris, 1954; Sahlgren, 2008). Word embeddings transform contextual relationships into
distances in vector space (Mikolov et al., 2013). The crucial point is not the quantitative nature of these
representations, but rather their structural organisation. The proximity between vectors corresponds to
semantic similarity®, directions in space can capture systematic relationships, and groups of points
delineate conceptual fields. Phenomena such as analogy are not programmed as symbolic rules but
emerge as geometric properties of the representational space. In this sense, meaning is not stored as
discrete content but manifests itself as a relative position within a network of relationships.

Embeddings thus show that it is possible to learn complex conceptual structures without resorting to
either externally interpreted symbols or direct anchoring to bodily experience. What the system acquires
is not a list of meanings, but a semantic topology, i.e. an internal organisation that embeds relationships,
features and regularities. It is precisely this organisation, rather than the presence of symbolic units or
perceptual correlates, that makes linguistically coherent behaviour possible in DNNs.

3.2. Artificial representations and ‘models of the world’

The emergence of LLMs has reopened fundamental questions for both philosophy of mind and
philosophy of language. These systems exhibit behaviours that, while not equivalent to human
understanding, partially replicate it functionally. They produce coherent texts, trace relationships
between entities in the world, infer implicit connections, and adapt to new contexts. In doing so, they
seem to construct distributed relational configurations that reflect the structures of the domain they are

trained on®. The philosophical problem then becomes inevitable:
« What kind of semantics, if any, can be attributed to such behaviour?

To answer this question, three sets of issues will be discussed here, related to (1) the epistemological
status of artificial representations, (2) their relationship with embodied semantics, and (3) the
transformation of the concept of semantics through the notion of network.

(3.2.1.) Relational organisation and artificial representations. Contemporary LLMs do not merely
reproduce superficial regularities. Through distributed optimisation processes on high-dimensional
spaces, they develop internal states that function as models of features of the world'?. These models
are not propositional maps or symbolic descriptions of reality, but relational organisations that constrain
future processing and guide inference. The literature on world models has shown how DNNs can
internalise latent data structures and organising information in a coherent and predictively effective
manner (Ha & Schmidhuber, 2018; Bengio et al., 2013). In the case of LLMs, such internal configurations
support forms of flexible inference, sensitivity to the hierarchical structure of language, and
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compositional generalisation capabilities (Tenney et al., 2019; Rogers et al., 2021; Johnston & Fusi,
2023). Even in the absence of direct perceptual anchoring, these systems develop representations that
reflect geographical, temporal, quantitative, or conceptual regularities present in the world, as shown by
recent studies on the alignment between vector spaces and extra-linguistic structures (Abdou, 2021).
Some hybrid approaches combine neural models with symbolic ontologies or structured knowledge
embedded in the weights and connections of the network, producing systems capable of extremely
accurate domain-specific reasoning (Kumar & Sharma, 2023; De Coste et al., 2024). However, even purely
neural models show a surprising capacity for internal organisation. This raises a central question in the
contemporary debate on representation: are these internal states simple statistical correlations or do they
constitute authentic representations in a robust sense? (Grindrod, 2024). What is at stake is not the
presence of intrinsic semantic content, but the emergence of internally organised states whose structure
systematically tracks and preserves domain-relevant regularities. The question does not concern
consciousness or phenomenal intentionality, but rather the ontological status of internal configurations.
If they play a systematic role in guiding the behaviour of the system and preserving structural
regularities, in what sense can they be considered representations?

(3.2.2) Embodiment, grounding and relational organisation. Embodied theories identify semantics with
bodily interaction between organism and environment. According to this perspective, conceptual content
is rooted in perceptual and motor systems, and even abstract concepts derive, at least indirectly, from
sensorimotor experience (Gallese & Lakoff, 2005; Johnson, 2013). Within this framework, meaning is
inseparable from the embodied dimension of experience. However, LLMs are disembodied systems,
trained exclusively on textual data. Yet their internal representations capture regularities that seem to go
beyond mere superficial linguistic co-occurrence. In several cases, these systems are sensitive to
relationships that reflect structures in the world, even though they do not have direct access to the world
itself. This suggests that alignment with real structures can occur through the internalisation of
sufficiently rich statistical regularities. The philosophical debate on representation offers divergent
positions here. For some authors, authentic representation requires a causal link with the environment
(e.g. Teleosemantics; see Millikan, 1989; Papineau, 1996). Others argue that the functional or inferential
role may be sufficient to establish representational status (e.g., Dennett, 1989). LLMs suggest another
possibility!!. Even though disembodied, LLMs can learn statistical structures that preserve stable
relational regularities correlated with patterns present in their training domains, construct vector spaces
capable of encoding geographical, temporal, quantitative, and conceptual relationships, and exhibit
sensitivity to relational patterns that extend beyond simple linguistic co-occurrence'? (Abdou, 2021;
Williams, 2025). Do they therefore possess a form of meaning that is purely relational and emergent
from their internal network dynamics? Does genuine meaning really require embodiment, as traditional
accounts claim?

(3.2.3.) The transformation of the concept of meaning through the network. Classical semantic theories
often presuppose a form of dualism, such as sign and referent, mind and world, representation and
object. Neural architectures challenge this approach. Within a deep network, meaning is not assigned to
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a symbol or located in a specific unit; it emerges as a distributed property of the overall configuration of
the system. In this context, representation is inseparable from the topology of the network. What matters
is not intrinsic content, but the position of a state within a structure of relationships. This transformation
invites us to rethink the very concept of meaning. If semantic competence consists in the ability to
preserve, coordinate, and generalise relational structures, then meaning could be conceived primarily as
a structural property'3. Such a hypothesis finds echoes in structuralist traditions in the philosophy of
science and in contemporary approaches to representation that emphasise systemic organisation rather
than intrinsic content (e.g., Gtadziejewski, 2016). In this perspective, what biological and artificial
systems have in common is not embodiment or phenomenal intentionality, but the ability to realise
stable and coherent correlations.

These open issues converge into a single question. If deep neural networks can develop internally
coherent relational organisations capable of supporting context-sensitive inference and generalisation,
does this imply the emergence of a new form of semantics, capable of transcending the traditional
opposition between mind and matter, between symbol and body? If this is the case, then meaning might
not be a property added to representations, but a feature of certain kinds of organised systems. The next
chapter will examine this possibility in philosophical terms.

4. Towards a structuralist theory of meaning?

Our previous arguments have shown that the contemporary debate on meaning has been dominated by
a recurring alternative. On the one hand, the idea that semantics is rooted in perceptual-motor
experience (Barsalou, 1999; Lakoff & Johnson, 2005; Borghi, 2014; Desai, 2022). On the other, the
conception that it depends on the manipulation of autonomous formal structures (e.g., Moro, 2004,
2013). This opposition has played a decisive historical role, but the most recent neuroscientific and
computational evidence suggests that it does not exhaust the space of theoretical possibilities (Striem-
Amit et al., 2018; Wang, 2020; Bi, 2021).

However, the return of Al to the debate is redefining epistemic criteria and experimental evidence once
again. Deep neural networks, and LLMs in particular, do not merely correlate linguistic sequences.
Through distributed learning processes and optimisation within high-dimensional parametric spaces,
they develop relational configurations that preserve statistically stable regularities across their training
domains and can support forms of context-sensitive inference and abstraction (Ha & Schmidhuber,
2018; Rogers et al., 2021). These models are neither propositional descriptions nor explicit symbolic
maps, but dynamically stabilised relational organisations that constrain future processing and guide
inference (Johnston & Fusi, 2023). Artificial representations are not discrete entities with intrinsic
content. They consist of overall states of the system, whose structure preserves relevant regularities of
the domain on which the network was trained. In this sense, internal configurations may exhibit forms of
structural alignment with conceptual, causal, or hierarchical relationships present in the data (Abdou,
2021; Gtadziejewski, 2016). What is learned is not a list of meanings, but an internal topology that
organises relevant features, enabling a form of systematic generalisation beyond the observed cases
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(Bendale & Boult, 2016). This phenomenon cannot be adequately described in terms of pure syntax or
bodily grounding. Neural networks show that it is possible to develop abstract, generalisable, and
coherent representations even in the absence of direct sensorimotor experience (Butlin, 2021). Their
competence does not derive from the external assignment of meanings, but from the emergence of
internal configurations that are sufficiently structured to support systematic inferences. We claim that
LLMs exhibit structural semantic competence (i.e., the capacity to form internal organisations that mirror
)14

the causal and semantic relations of their environments)'®. This does not amount to human-like

understanding (Mitchell, 2021), but it reveals a new dimension of semantic emergence'® (Piantadosi,
2023; Cappelen & Dever, 2021, 2025).

The philosophical point is that such systems challenge the traditional localisation of meaning. If
semantics is not contained in isolated symbols nor entirely rooted in bodily experience, then it could
consist primarily in the form of internal organisation. In this perspective, meaning is not content added
to a representation. It is a property of the relational configuration of the system. This position can be
presented as a structuralist hypothesis of artificial semantics. According to this approach, a system can
be considered semantically organised when:

1. Its internal structure preserves relevant domain relations.

2. It can generalise these relations beyond the observed cases.

3. It maintains consistency between different levels of representation.

4. Its internal configuration is not random, but imposes regular constraints on how the system infers,
responds and generalises.

Structuralist Hypothesis of artificial semantics: A system exhibits structural semantic competence
when its internal relational organisation supports stable, context-sensitive, and generalisable inferential
coordination across domains.

In this context, LLMs take on a particular philosophical value. They show that semantic organisation can
emerge from purely relational dynamics, without requiring a conscious subject or a direct biological
anchor. This does not imply that such systems understand in the human sense of the term. Rather, it
implies that structural organisation may be a sufficient condition for (a form of) semantics.

Understood not simply as technical architecture but as a self-organising relational topology, the network
thus becomes the principle for a completely new philosophy. The philosophical question is therefore not
whether machines have minds, but what structural conditions make the emergence of semantic
organisation possible. In this sense, semantics would no longer be exhausted by the domain of
intentionality, as if there is ‘Meaning Without Anyone Meaning Anything'.

Through this work, we did not want to prove a new theory, but rather to discuss a new moment in the
relationship between Al, cognitive science and epistemology, which, in the face of the revolution
represented by LLMs, is opening to structuralist approaches. This proposal will have to be proven
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empirically, and it is not without issues. However, this area of research on intelligent systems is still
young, and research is ongoing’®.

5. Concluding remarks

This work has attempted to reconstruct the history and prospects of meaning theory in relation to Al.
The aim was twofold. On the one hand, we proposed an epistemologically aware history of Al,
highlighting the intertwining of engineering developments and theories of mind. On the other hand, we
wanted to explore the theoretical possibilities offered by LLMs. Indeed, their emergence introduces a
new theoretical scenario. These systems are not limited to manipulating symbols, nor do they depend on
direct sensorimotor anchoring. Following some influential works (e.g., Williams, 2025), we claimed that
LLMs develop internal configurations capable of preserving structural relationships and supporting
systematic inferences. In this sense, they reveal a conceptual possibility that previous alternatives
tended to hide. Forms of semantic competence may emerge from sufficiently integrated relational
organisations capable of supporting stable inferential behaviour. Indeed, they demonstrate that sufficiently
complex internal configurations can support systematic inferences and build structured models of the
reference domain, even in the absence of consciousness or a direct sensorimotor foundation. Our
proposal is that intelligence may be an eminently structuralist property, and that the intertwining of
theory of mind and developments in Al may lead to a confirmation of this thesis.

This article is a work of perspective. We have not brought new data but only raised evidence and
shortcomings within the literature. New data and research efforts will be necessary to shape this
framework.
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Footnotes

1. This perspective can also be situated within a broader tradition of structural and distributional
approaches to language, from early structural linguistics to Firth’s context-based view of meaning, in
which semantic content is understood through patterns of relation rather than through isolated
symbols.

2. i.e., good old-fashioned artificial intelligence.

3. During the 1960s, seeking to answer the question of the possibility of artificial intelligence
'understanding' information, Marvin Minsky discussed several of the most promising programmes
developed in that decade (Minsky, 1969). Between them, Daniel Bobrow's Student programme,
which aims to solve algebraic problems formulated in words, is particularly relevant. According to
Minsky, achieving this goal constitutes 'the demonstration of the power of meaning in solving
linguistic problems'. The programme worked by breaking down sentences into smaller units, using
the recurrence of certain keywords. If this breakdown did not lead to the resolution of the algebraic
problem, the programme proceeded along another path, ‘'unpacking' the sentences according to
other criteria. Student treated words as symbols and did by embedding linguistic-mathematical
mapping rules (Bobrow, 1964).

4. In a recent study (Desai, 2022), a wide range of metaphorical expressions (MET; e.g. The man
grasped the idea) are examined alongside abstract or non-sensory control phrases (ABS; e.g. He had
a bad day). Literal action expressions (LIT; e.g., The man grabbed the handle) are also used in the
research. The prediction is that sensorimotor areas should be activated by METs to a greater extent
than ABSs. In the case of metaphors involving, for example, concepts of action, neuroimaging
studies confirm the prediction in the superior motor areas associated with complex action planning
and hand-object interaction in the left anterior inferior parietal lobe (Desai, 2011).

5. Neuroimaging research indicates that conceptual processing engages different neural regions
depending on the type of content involved. While concepts closely tied to perception tend to recruit
sensory-related areas, more abstract concepts preferentially activate associative and language-
related networks. Several studies have highlighted a differentiated organisation within the anterior
temporal lobe (ATL), suggesting that semantic representation is not supported by a single, uniform
neural substrate. Evidence from fMRI investigations shows that distinct subregions of the ATL
respond selectively to different conceptual properties. The dorsal portion appears to be more
responsive to concepts that lack direct sensory features but retain clear object referents, whereas
lateral regions are more strongly associated with highly abstract concepts that do not refer to
concrete entities. By contrast, medial areas of the ATL show a tendency toward perceptually
grounded concepts (Striem-Amit et al., 2018; Bottini, 2020; Wang et al., 2020). This pattern of
activation suggests that semantic processing within the ATL is organised along at least two
interacting dimensions: sensory accessibility and referential structure. Rather than encoding
meaning in a homogeneous manner, the ATL appears to modulate its activity according to how
concepts vary along these dimensions, supporting representations that range from concrete and

perceptual to abstract yet internally structured. Converging evidence for this view is provided by
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10.

11.

12.

13.

14.

Peelen and Caramazza (2012), who demonstrated that ventral regions of the anterior temporal lobe
encode not only perceptual attributes but also higher-level, abstract conceptual properties. Together,
these findings support the idea that semantic representation in the brain cannot be reduced to
sensory grounding alone but depends on internal organisational principles that operate across
modalities, an organisation that reflects the representational flexibility observed in neural networks
trained to integrate information across multiple tasks.

. Wang et al. (2020) identify two broad representational pathways: one closely tied to perceptual

systems and primarily involved in processing concrete concepts, and another of a non-sensory
character, associated with linguistic and associative regions, which supports the representation of
abstract content.

. Bi (2021) claims that conceptual cognition should be described in terms of two parallel and

complementary neural codes. According to this model, a sensory-based code rooted in perceptual-
motor areas operate alongside an amodal, linguistically mediated code that enables understanding
of concepts lacking a direct experiential correlate.

. It should be noted, however, that contemporary systems such as LLMs do not use vector semantics

but statistical inferences. Nevertheless, the revolution represented by this vector approach marked a
decisive shift from symbolic Al to 'sub-symbolic' systems.

. These structures should not be understood as fully grounded representations of reality, but as

relational configurations capable of supporting context-sensitive inference, abstraction, and domain-
relative generalisation.

i.e., activation patterns that can support the coordination of domain-relevant relational regularities
across contexts.

The present proposal does not aim to replace causal or Teleosemantics/Biosemantics theories of
reference, but to describe a weaker form of semantic organisation observable in contemporary
neural systems. While Biosemantics approaches explain semantic content through biological
function and causal history, the present framework focuses instead on the internal relational
organisation that enables systematic inferential competence.

The question is therefore no longer whether embodiment grounds meaning, but whether structural
alignment with worldly regularities can perform the same explanatory work.

In this sense, DNNs internal configurations may exhibit forms of structural isomorphism with
aspects of the domains they are trained on, even in the absence of direct causal interaction.

However, not every structured or information-preserving system exhibits semantic competence.
Simple systems such as thermostats, databases, or compression algorithms can preserve and
process information without supporting context-sensitive inference, abstraction, or flexible relational
coordination across domains. Structural semantic competence therefore depends not merely on the
existence of organised information, but on the capacity of a system to sustain dynamically
integrated inferential relations capable of generalisation across contexts.
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15. In this framework, emergence should not be understood as a mysterious ontological transition, but
as the functional stabilisation of relational organisations capable of supporting abstraction,
inference, and cross-contextual generalisation

16. Although the present proposal is primarily philosophical, it may also suggest empirically testable
distinctions between structurally organised semantic systems and systems based solely on
information compression or statistical retrieval. If structural semantic competence depends on
relational organisation rather than mere compression, systems preserving stable inferential
relations across contexts should exhibit greater abstraction and cross-domain generalisation than
systems based solely on statistical retrieval or information compression.

Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

e MANUSCRIPTINFORMATION.pdf

Page 20/20


https://assets-eu.researchsquare.com/files/rs-10230022/v1/1ebc40afe94be6b864377e83.pdf

