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ABSTRACT

Large language models (LLMs) exhibit general-purpose reasoning even when trained on text
alone. This raises a fundamental question: could language be not merely a tool for expressing
preexisting thought, but a constitutive component of general intelligence? Here I address
this question by analyzing what open-ended causal modeling demands of any finite system.
These demands expose a core architectural tension: maintaining an adaptive world model
requires graded, continuous plasticity, whereas constructing novel causal chains requires
systematic, sequential commitment. From these competing constraints, I derive Emergent
Symbolic Cognition (ESC), a computational theory proposing that general intelligence arises
when a continuous, adaptive substrate—whether biological or artificial—internalizes the
relational structure of a symbolic framework like language. This internalization serves a
dual function: it organizes the substrate’s continuous geometry into an abstract world model,
and it supplies the composable elements for iterative symbolic generation. As each predicted
symbol feeds back to reshape the internal state, it acts as a discrete ratchet that converts
parallel associative processing into the sequential, step-by-step construction required to solve
novel, dependency-structured problems. Because ESC is derived from substrate-agnostic
constraints, a single architectural principle accounts for both the unique generality of human
intelligence and the emergent capabilities of LLMs. From this architecture, I derive falsifiable
predictions (including a sharp decay in the neural or hidden-state decodability of downstream
symbols) and evaluate the theory against converging evidence from cognitive science and
artificial intelligence—explaining why consolidated reasoning can operate without active
language use, and showing how symbolic input alone can ground world models without direct
sensory contact. Ultimately, ESC reframes language as a culturally inherited architecture for
general-purpose cognition.

Keywords large language models, language and thought, general intelligence, emergent symbolic cognition,
chain-of-thought, cognitive architecture, causal modeling, world models

“A long and complex train of thought can no more be carried on without the aid of words,
whether spoken or silent, than a long calculation without the use of figures or algebra.”

— Charles Darwin, The Descent of Man, 1871
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1 Introduction
Homo sapiens has modeled the invisible forces of the atom, calculated the trajectory to the moon,

and deciphered the code of life. These accomplishments reflect a general form of intelligence: the ability
to solve novel problems across a wide and potentially unbounded range of domains. This capacity is
particularly remarkable given that only ≈ 5 to 8 million years separate us from our last common ancestor
with chimpanzees (e.g., Wood, 2010). What allowed such a leap in cognitive capability to occur within such
a short evolutionary window? Was it simply a matter of a larger brain, or did something qualitatively new
emerge in the human mind?

Language is a prominent candidate. With its recursive and infinitely generative structure, it is a uniquely
human faculty (e.g., Berwick & Chomsky, 2016; Hauser et al., 2002; Pinker, 1994). But whether language
merely communicates thoughts that already exist (e.g., Fedorenko et al., 2024; Fodor, 1975; Pinker, 1994)
or actively reshapes how the mind thinks (e.g., Bickerton, 1990; Dennett, 1991; Vygotsky, 1934/1986)
remains unresolved. The definitive experiment—withholding language from a developing mind—is ethically
impossible, leaving us reliant on rare cases of extreme isolation that yield confounded data and contentious
interpretations (e.g., Curtiss, 1977; Skuse, 1984). We are left in a scientific bind: the very strength of
the conviction that language is essential to a developing mind makes the definitive test of that conviction
impossible to conduct.

However, over the past several years, large language models (LLMs)—systems built by learning to
predict human language—have begun solving novel problems across mathematics, physics, and software
engineering. They engage in multi-step reasoning and construct causal explanations of phenomena they have
never observed. A purely statistical system now exhibits structured reasoning capacities that theories of
language and cognition did not anticipate.

These systems share little in common with the human brain. They lack evolutionary history, embodiment,
sensory contact with the world, and innate cognitive endowments. Their general-purpose Transformer
architectures (Vaswani et al., 2017) are domain-agnostic sequence processors that apply the same statistical
operations to text as to amino acid sequences (Ferruz et al., 2022) or robotic control signals (Chen et al.,
2021). They were not designed to reason; they were trained to predict the next word. That two systems this
radically different achieve the capacity for general reasoning raises the question of whether there exists an
explanation for this capacity at a higher level of abstraction.

In this paper, I argue that there is, and that the critical variable is language. I introduce Emergent
Symbolic Cognition (ESC), a computational theory proposing that symbolic reasoning—and with it, general
intelligence—emerges when a continuous, adaptive learning system internalizes the structure of an external
symbolic framework, of which human language is the primary instance. This internalization equips the system
with a core mechanism I call iterative symbolic generation, which transforms what would otherwise be purely
associative prediction into the structured, sequential thought required to solve novel dependency-structured
problems. Language, on this account, is not something that greater intelligence gives rise to, but a constitutive
component of general-purpose reasoning itself.

ESC is motivated not by the particulars of brains or Transformers, but by an analysis of the computational
demands facing any finite general intelligence. This is what distinguishes it from prior accounts of the
importance of language in thought: because it is based on the demands of the problem, it applies equally to
any finite system.

The argument proceeds as follows. I first derive a set of minimal architectural requirements from the
computational demands that general intelligence places on a finite system and apply them to the symbolic and
connectionist paradigms, revealing why each fell short and how LLMs have disrupted the resulting impasse.
From the same requirements I derive the ESC architecture. I then test the theory’s falsifiable predictions
against converging findings and key challenges from human cognition and artificial intelligence, situate it
relative to existing theories, and draw out its implications for meaning, understanding, and grounding.
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2 Constraining the Architecture of General Intelligence
Many nonhuman organisms, such as corvids, demonstrate impressive problem-solving skills highly

adapted to their ecological niches. Similarly, machine learning systems exhibit superhuman performance
in specialized tasks like Go (Silver et al., 2016) or protein folding (Jumper et al., 2021). These capabilities,
however, represent domain-specific intelligence. By contrast, the present inquiry focuses on the distinct
challenge of general intelligence—solving novel problems across an open-ended number of domains.

Rather than cataloging the full range of capabilities a general intelligence must possess, this section
approaches the problem from the other direction: it seeks to identify a single diagnostic capability whose
computational demands are stringent enough to constrain the space of architectures that could, in principle,
support it. The resulting requirements will serve as the evaluative standard against which existing approaches
are measured (Section 2.2) and from which the ESC architecture is derived (Section 3).

The capability I isolate is causal modeling. This capacity to reason about interventions (“what if I
do. . . ?”) and counterfactuals (“what if I had done. . . ?”) represents the upper rungs of Judea Pearl’s “Ladder
of Causation” (Pearl & Mackenzie, 2018). While many tasks can be solved through associative pattern
completion, a truly general intelligence must engage with the causal structure of the world, the dependencies
governing how states and events relate to one another.

Crucially, this modeling must operate beyond the immediate sensory environment. A corvid manipulating
a tool to solve a physical puzzle engages in a form of local causal reasoning with perceptually available
variables. General intelligence, by contrast, requires modeling causes and effects that are decoupled from the
here and now. This necessitates a system that can manipulate abstract proxies for reality rather than reality
itself.

Even elementary instances of such decoupled reasoning reveal the severity of this demand. Consider
a simple case: an organism eats something poisonous, but the illness does not manifest until more than 24
hours later. Despite the obvious survival advantage of identifying the cause, and despite hundreds of millions
of years of animal evolution, no nonhuman species is known to be capable of making this connection.

What makes even this basic problem intractable is the search it demands. Within a single 24-hour
window, an organism encounters a vast number of candidate causes—every item ingested, every location
visited, every substance contacted. Without a mechanism for constructing and evaluating causal hypotheses,
the correct link between ingestion and illness cannot be reliably identified from among these alternatives.
Even conditioned taste aversion (the associative mechanism natural selection has directly optimized for this
problem) reaches its limit at roughly this interval (e.g., Etscorn & Stephens, 1973; Garcia et al., 1966).

And this is merely a one-step inference over a single day. General intelligence requires causal modeling
that extends far beyond the immediate environment, spanning vast distances in time and space, or operating
at scales imperceptible to biological senses. Once the search space expands to include the deep past, the
deep future, and the invisible, any given state has a multitude of potential antecedents, and any action a
multitude of potential consequences. The number of possible contingent pathways explodes combinatorially.
Navigating this enormous space makes it computationally infeasible for a finite system to rely on prestored
answers; a general intelligence must therefore be a constructive system, capable of generating novel solutions
on the fly.

This enormous scale might suggest that the solution lies in brute-force parallelism—evaluating many
possible causal chains simultaneously. But while potential next steps or even entire chains can be explored in
parallel, the construction of any single chain is inherently sequential, as each step is contingent on the one
before it (e.g., Newell & Simon, 1976; Pearl, 2009).
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2.1 Five Requirements for Causal Modeling and World Construction
Together, the demands of sequential causal construction impose five stringent architectural requirements.

These divide into two distinct categories: the mechanics of the constructive process itself, and the nature of
the internal world model1 that makes such processing viable.

To model causal pathways for novel problems, a system must be able to build explanations and plans
(chains of dependencies linking a hypothesized cause to an observed effect, or a current state to a desired
outcome). This constructive process imposes the first three requirements:

1. Generative Composition: The architecture must construct novel causal chains through the systematic
combination and recombination of its internal representations. This allows it to form new hypotheses
or plans by assembling known cause-and-effect relationships in new ways (e.g., Fodor & Pylyshyn,
1988; Marcus, 2001; Newell & Simon, 1976).

2. Sequential Processing: The architecture must support serial, step-by-step operations. This is the
necessary mechanism for constructing causal chains, where each event is contingent on the one
preceding it and solutions must be constructed in sequence (Elman, 1990; Newell & Simon, 1976;
Pearl, 2009).

3. Goal-Directedness: To transform an unconstrained generative process into effective causal modeling,
the architecture must include a mechanism for representing internal states or criteria (hereafter, Goals)
that provide the necessary constraints to guide search and construction (e.g., Newell & Simon, 1972;
Simon & Newell, 1971).

To support the demands of generative, sequential causal modeling, the internal world model itself must
meet two further requirements:

4. Continuous Adaptation: Because real-world evidence is noisy, incremental, and open-ended, the
system’s internal model cannot rely on static primitives or all-or-nothing rule revisions. It must
support graded plasticity—continuously adjusting its relational structure in response to statistical
evidence so its representations remain viable in a dynamic environment (e.g., Hinton et al., 2006;
LeCun et al., 2015).

5. Abstract Representation: Because novel problems rarely replicate past experience in their surface
details, the system cannot merely store concrete instances. It must compress experience into
latent representations organized within a continuous similarity space, encoding generalizable causal
principles that can be extended to unfamiliar contexts by degree of structural correspondence (e.g.,
Hinton et al., 2006; LeCun et al., 2015).

Taken together, these five requirements constitute a minimal but necessary benchmark for any general
intelligence—and expose a deep architectural tension. Whereas the constructive process (1–3) demands
structured, serial commitment, the world model (4–5) demands graded, continuous plasticity; any theory that
cannot offer a coherent account of how a single architecture satisfies all of them is fundamentally incomplete.

2.2 The Historical Stalemate and the LLM Disruption
Measured against this benchmark, the two dominant paradigms in artificial intelligence—the symbolic

and the connectionist—have historically failed in complementary ways. The symbolic approach, rooted in
logic and early AI, posited that intelligence arises from manipulating discrete symbols according to explicit
rules (Newell & Simon, 1976). These systems excelled at Generative Composition and Sequential Processing,
but they proved brittle, unable to satisfy the requirement for Continuous Adaptation when faced with messy,
real-world data.

Conversely, the connectionist paradigm, inspired by neural biology (McCulloch & Pitts, 1943), was
built for Continuous Adaptation. These systems learn by adjusting connection strengths based on statistical

1The term “world model” is sometimes used to refer narrowly to sensorimotor prediction models (e.g., LeCun, 2022). I use it in
its fuller sense: a relational structure encoding causal, temporal, social, and abstract dependencies—not merely physical dynamics.
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patterns, allowing them to form nuanced, latent Abstract Representations (e.g., Hinton et al., 2006; LeCun
et al., 2015). However, they historically failed to satisfy the requirements for structured construction: lacking
any mechanism to commit the system to discrete steps against its default dynamics, purely continuous
architectures struggled with the systematic Generative Composition and reliable, multi-step Sequential
Processing that were symbolic AI’s strength (Fodor & Pylyshyn, 1988; Marcus, 2001).

This created a theoretical stalemate, with each paradigm mastering precisely the capabilities the other
lacked. Hybrid models (notably cognitive architectures such as ACT-R and SOAR) sought to bridge this
divide (e.g., Anderson et al., 2004; Laird, 2012; Lake et al., 2017), and formal arguments were advanced
that compositionality could emerge within neural computation itself (Smolensky, 1988), yet a unifying
architecture remained elusive.

The advent of LLMs has profoundly disrupted this landscape. Built on purely connectionist foundations,
these models would seem to represent a straightforward triumph of the Continuous Adaptation approach.
Yet they paradoxically exhibit a robust capacity for systematic Generative Composition and Sequential
Processing: they follow complex instructions, perform few-shot learning, engage in step-by-step reasoning,
and generate functional code—behaviors demanding compositional competence traditionally thought to be
outside the reach of purely statistical systems. By showing that a purely connectionist system can support
systematic symbolic behavior, LLMs have broken the classical stalemate, raising the question of how a single
architecture can reconcile these seemingly incompatible demands.

3 Emergent Symbolic Cognition (ESC)
I argue that the requirements of Section 2 rule out any architecture that keeps symbolic and continuous

components separate. A system that relies on built-in symbolic primitives—whether engineered or innate—
cannot fully satisfy Continuous Adaptation, because static primitives cannot be modified by experience when
novel domains demand it. For an intelligence to be truly general, its symbols must be indefinitely malleable,
adjusting and adapting as needed. This leaves only one architectural possibility: symbolic capabilities cannot
be built in separately, but must emerge as a learned property of the continuous substrate itself.

Emergent Symbolic Cognition (ESC) specifies how this occurs. Its central claim is that compositionality
emerges from statistical learning under a specific condition: when an adaptive learning substrate internalizes
the structure of an external symbolic framework. On this account, symbolic structure is neither architecturally
given nor an illusion of subsymbolic processing; it is absent prior to exposure to the framework and
functionally real afterward. Through this process, the agent builds a relational world model capable of the
sequential, generative operations that causal modeling demands. I first describe its core components and
then the dynamic mechanism—iterative symbolic generation—that drives the process. Notably, while this
machinery is derived from the rigorous demands of causal modeling, it will be argued to be effectively
domain-general, providing the fundamental basis for open-ended reasoning.

3.1 The Architecture for Causal Modeling
The architecture couples two complementary elements—an adaptive Substrate and a Structured Symbolic

Framework—whose interaction is detailed in turn below.

3.1.1 The Adaptive Substrate
The first component is the core learning mechanism required to satisfy the world-model constraints

of Section 2.1: a Functionally Continuous Adaptive Substrate (hereafter, Substrate). Functionally, the
Substrate is any adaptive dynamical system that embeds the statistical regularities of incoming sequences into
a continuous, high-dimensional state space to drive prediction. Biological neural networks and engineered
architectures such as Transformers represent two physically distinct instantiations of this computational
class, differing in implementation while sharing the invariant properties required for graded learning and
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abstraction. The Substrate provides the structural mechanism for learning rather than innate symbolic
content. In biological agents, it arrives already equipped with innate, domain-specific capacities (e.g., Spelke
& Kinzler, 2007); the present theory concerns how such a system acquires the additional capacity for
domain-general reasoning.

The Substrate’s defining feature is its graded plasticity. Operating in a continuous state space, it
incrementally adjusts its internal transition geometry to capture statistical regularities, dynamically refining
its relational structure in response to new evidence (thereby satisfying the requirement for Continuous
Adaptation outlined in Section 2.1).2 In doing so, it compresses the structure of its input into an elaborate,
high-dimensional world model that encodes generalizable principles as geometric relationships within a
continuous similarity space, satisfying the corresponding requirement for Abstract Representation.

The Substrate’s expressive power is rooted in the combinatorial scale of this continuous state space.
To represent complex, overlapping relational structures without interference, the state space must be high-
dimensional. In a contemporary LLM with a 20,000-dimensional internal state, for example, even under
conservative assumptions about numerical precision, the number of meaningfully distinct states easily exceeds
106,000. This number dwarfs physical benchmarks, such as the 1080 atoms in the visible universe, illustrating
the vast representational capacity available for modeling the world.

This expressiveness, however, does not answer the question of how the system navigates this space.
In typical operation, external input largely drives state transitions—sensory data in a brain, or the input
sequence in an LLM. Left to its own internal dynamics, a continuous statistical system will relax toward its
strongest attractors, the configurations most reinforced by prior experience. But as established in Section
2, causal modeling requires the sequential construction of novel causal chains decoupled from immediate
input—chains whose correct solution depends on a precise arrangement of elements that the Substrate, left to
its own dynamics, would never arrive at. The Substrate provides the representational capacity; what it lacks
is a mechanism to guide its own traversal, step by step, under internal control alone.

3.1.2 The Structured Symbolic Framework
The Structured Symbolic Framework (hereafter, Symbolic Framework) provides this missing mechanism.

It is a system of discrete symbols and rules for their combination that, when internalized by the Substrate,
imposes the operational structure needed for systematic, step-by-step reasoning. But the Symbolic Framework
does more than scaffold the process; it simultaneously supplies content for the world model itself, encoding
the causal and relational structure of what it describes. For the task of modeling an open-ended, dynamic
world, this framework requires two key features:

1. Discrete Symbols: Symbols (e.g., words, morphemes, or the signs of a sign language) act as distinct
units whose meaning arises from their use in structured sequences. Their meanings must be flexible,
allowing new symbols to be introduced and old ones adapted, with references spanning from concrete
objects to abstract ideas.3

2. Rules for Combination: Constraints (such as syntax) govern how symbols are combined into
meaningful sequences. These rules are not explicitly codified but are internalized by the Substrate
through exposure to patterns in symbolic sequences.

Together, these two features define the serial medium. But is it expressive enough to guide the Substrate
through its vast state space without becoming a functional bottleneck? Shannon’s analysis of English entropy
suggests even a short 20-word sequence still permits approximately 290 ≈ 1.24× 1027 distinct, plausible

2While biological substrates adapt continuously across timescales, current pre-trained LLMs separate this plasticity into a
training phase (where parameters are updated) and an inference phase (where weights remain static and adaptation is restricted to
context-conditioned state transitions).

3Formal systems like logic and mathematics differ in this respect: their symbols have stipulated, invariant meanings and explicitly
codified rules—powerful within fixed domains, but not open-endedly extensible, and semantically parasitic on the broader Symbolic
Framework.
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variations.4 Approximately 5× 1019 words have been spoken in all of human history,5 meaning that fewer
than 5× 1019 unique 20-word sequences could ever have been uttered, still over seven orders of magnitude
short of the combinatorial space available. All of human speech has barely touched that space. The Symbolic
Framework is therefore an expressive medium whose combinatorial depth is sufficient to construct arbitrarily
complex lines of reasoning.

The interaction between the Symbolic Framework and the Substrate satisfies the requirements for causal
modeling by enabling Generative Composition. This capacity allows the system to construct novel causal
chains by systematically combining and recombining abstract representations. This symbolic machinery is
what enables the explicit construction of causal chains across temporal horizons, transforming a Substrate
like the human brain from a reactive system into a proactive simulator (e.g., Bickerton, 1990; Hockett,
1960; Suddendorf & Corballis, 2007). It allows for retrospective analysis, enabling the agent to trace events
backward to understand a cause (“Why did the clay pot crack in the fire?”) or to construct counterfactuals to
explore unchosen paths. Conversely, it enables prospective planning, allowing the agent to simulate future
interventions to achieve a goal (“How can I build a shelter that withstands the wind?”) before lifting a single
stone (Dennett, 1996).

3.2 Searching the State Space
Having introduced the two core components of the ESC architecture, I now turn to the dynamic process

that brings them to life and satisfies the remaining requirements for causal modeling established in Section 2.
The core mechanism is an iterative feedback loop: the Substrate, conditioned by a goal and the preceding

sequence, generates a symbol.6 This symbol is not merely an output; it is fed back as input, modifying the
Substrate’s internal state to guide the generation of the next symbol. This loop transforms the Substrate’s
natively parallel processing into a sequential, step-by-step construction, effectively serializing the Substrate’s
vast associative power.7,8 This serialization is required by the causal modeling constraint established in
Section 2. But it simultaneously resolves a representational challenge: encoding open-ended meanings
through a finite symbol set is itself a combinatorial problem that serial generation renders tractable.

Generating a discrete symbol acts as a ratchet against the Substrate’s tendency to relax toward prior
attractors (Section 3.1.1): it commits the system to a specific point in its state space, forcing the next
computation to proceed from that position rather than from wherever the default gradients would have carried
it. It is the causal regularities internalized from the symbolic input that structure the landscape through which
this ratcheting proceeds.

This iterative process unlocks a search space of astronomical scale. For any nontrivial problem, the
number of possible symbolic paths explodes combinatorially. Navigating this space requires more than a
simple greedy search (always selecting the most locally probable next symbol) and instead demands a true
goal-directed heuristic search.9 This involves not only generating plausible next steps but also the critical

4Based on Shannon’s estimate of roughly 1 bit of information per letter (Shannon, 1951). Assuming an average of 4.5 letters per
word yields 4.5 bits per word.

5This estimate assumes 117 billion humans ever lived (Haub & Kaneda, 2022) × 73 years (modern life expectancy) × 365 days
× 16,000 words/day (Mehl et al., 2007) ≈ 5 × 1019, a deliberate overestimate that assumes speech from birth and uses modern
rather than historical life expectancy.

6While symbols are the primary carriers of meaning in the Symbolic Framework, the particular granularity of what is generated
during each step of iterative generation will vary depending on the Substrate (e.g., phonemes, graphemes, or in LLMs, tokens).

7While the Transformer architecture is designed to process sequences, it does so in a single, parallel pass over the input. The serial,
step-by-step reasoning discussed here is distinct, emerging from the autoregressive loop where the model’s output is sequentially fed
back as its own input.

8In humans, ESC makes no claim about what proportion of cognition relies on this explicit process versus continuous dynamics
such as direct association or mental imagery. The claim is architectural: this capacity must be available when continuous processing
alone proves insufficient.

9This aligns with Simon’s conception of problem solving as a search through possible symbolic sequences using heuristics
(Simon & Newell, 1971), though it differs in the nature of the symbols and heuristics.
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functions of evaluation, revision, and backtracking. These functions arise from the Substrate’s capacity to
detect prediction error (the dissonance between a generated symbol’s implications and the constraints of the
internal world model or sensory input). When a path leads to a dead end, the system must be able to return to
a prior step and explore an alternative branch. By supplying Sequential Processing and Goal-Directedness
to guide the Generative Composition, Continuous Adaptation, and Abstract Representation established in
Section 3.1, this iterative loop completes the five architectural requirements of Section 2.1.

3.3 From Causal Modeling to General-Purpose Computation
We set out to derive the machinery needed for a single capability: causal modeling. But now that the

mechanism is in hand, it is worth stepping back to ask what, exactly, we have built. What happens if we strip
away the specifics of physical cause and effect—the cracked pot, the wind-resistant shelter? What remains is
a simple loop: assess the current state, generate a symbol, use it to condition the next step.

Nothing in this loop is specific to causation. Causal modeling demands that the system serially construct
dependency chains through local, conditional operations (“if A, then B, then C. . . ”). But any problem whose
solution consists of a sequence of steps where each step is contingent on the one before it reduces to the same
cycle. Consider multiplying two large numbers by hand. The solver cannot arrive at the final product without
first computing each partial result; each step depends on the output of the one before it, and skipping ahead
produces nonsense. The mechanism is identical to causal reasoning: iterative symbolic generation proceeding
step by step through a dependency structure—in this case, the learned rules of arithmetic rather than physical
relationships. The same holds for constructing a logical proof, debugging an algorithm, or planning a
route through unfamiliar terrain. All reduce to the same dependency-governed cycle. The mechanism is
domain-general.

A system capable of performing arbitrary such cycles over a sufficiently expressive symbol set is
Turing-complete—capable, in principle, of simulating any computation that a universal Turing machine can
perform (Church, 1936; Turing, 1937). This convergence is fitting rather than coincidental: Turing’s own
formalization was derived from a conceptual analysis of a human carrying out a mechanical procedure step
by step with symbols on paper—the same core cycle of iterative symbol generation that ESC describes.

The parallel extends beyond the generative cycle. In a Turing machine, the tape is what allows a finite
device to solve problems whose complexity exceeds its finite internal memory. In an ESC system, iterative
symbolic generation serves precisely the same function.10 It decouples the complexity of a problem from
the fixed dimensionality of the Substrate by externalizing intermediate results into the symbolic sequence.
Without this externalization, the system is limited to whatever its continuous internal dynamics can resolve
without symbolic commitment—a constraint that, as Section 4.2 will show, accounts for both the characteristic
failures and the dramatic performance gains observed in LLMs.

That the mechanism is Turing-complete, however, is a low bar. Even simple cellular automata such as
Rule 110 (Cook, 2004) and Conway’s Game of Life (Rendell, 2002) satisfy the criterion. The significance is
not the formal label but what it registers: the Substrate has crossed into an open-ended computational regime.

The resemblance invites an obvious question: is the ESC architecture simply a Turing machine by
another name? If iterative symbolic generation reduces to the same cycle of read-transform-write, what, if
anything, is new?

A classical Turing machine operates via a static transition table and a fixed symbol set, both specified
in advance by its designer. An ESC system’s transitions, by contrast, are derived from the continuous,

10Merrill and Sabharwal (2024) prove that intermediate token generation fundamentally expands the class of problems a fixed-depth
Transformer can solve beyond the limits imposed by its architecture alone. Z. Li et al. (2024) establish the precise characterization:
without intermediate steps, constant-depth Transformers are confined to shallow, constant-depth circuits; with T steps, they can
simulate any Boolean circuit of size T . Pfau et al. (2024) further demonstrate that this expansion depends on the generated tokens
carrying distinct symbolic information rather than merely adding forward passes, as a polynomial number of blank filler tokens fails
to lift the model out of the constant-depth regime.
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learned geometry of the Substrate, making them probabilistic and context-dependent, and its representational
repertoire is continuously expanded and refined through the symbolic input it processes. A fixed symbol
set and deterministic transitions are what the ESC architecture looks like when its degrees of freedom are
maximally constrained. Put differently, the Turing formalism captures what a system can compute given
a program, but is silent on where programs come from. ESC models precisely this missing process: the
derivation of new programs from the learned geometry of the Substrate.

We set out, in Section 2, to identify minimal architectural requirements that any general intelligence
must satisfy. Causal modeling served as the diagnostic capability whose demands were stringent enough to
constrain the solution space. The result is stronger than anticipated: an architecture that meets those demands
turns out to be a general-purpose computational system. Its representational and computational capacity
extends, in principle, to anything that can be expressed in symbols. Its power resides not in a fixed program
but in the learned structure of its adaptive Substrate.

4 Empirical Predictions and Evidence
The argument so far has been theoretical. This section tests it against the empirical record. ESC does

not predict that reasoning, planning, or problem solving require language: nonhuman animals, domain-
specific machine learning systems, and nonlinguistic representations plainly support such capacities. Its
narrower claim concerns novel, dependency-structured reasoning that is decoupled from immediate perception
and extends across domains. This yields two broad empirical predictions: developmentally, internalizing
a Structured Symbolic Framework should make possible cognitive capacities that would not otherwise
emerge (Section 4.1); online, solving novel problems whose dependencies cannot be resolved directly from
the Substrate’s existing associative geometry should require iterative symbolic generation (Section 4.2), a
mechanism whose temporal dynamics can be tested most directly via the sharp-decay prediction (Section
4.3). No single finding establishes ESC on its own; rather, each section below pairs converging evidence from
human cognition and AI with the prospective conditions under which the theory would fail.

4.1 Without the Symbolic Framework, Domain-General Reasoning Should Not Develop
ESC makes a strong developmental prediction: an adaptive system that never internalizes a Structured

Symbolic Framework should not develop open-ended, domain-general, dependency-structured reasoning.
The definitive human test cannot be conducted cleanly, because language cannot ethically be withheld during
development. The strongest available evidence therefore comes from narrower natural experiments in which
particular symbolic resources are absent or acquired late while other cognitive capacities remain broadly
intact.

False-belief reasoning provides one such case. Deaf individuals who grow up without access to a
conventional language with recursive structure show severe deficits in representing another person’s false
belief, even on nonverbal tasks requiring only a pointing response (Gagne & Coppola, 2017; Pyers & Senghas,
2009). When acquisition of a shared sign language is delayed, false-belief reasoning is correspondingly
delayed despite broadly typical nonverbal development (Schick et al., 2007). More specifically, mastery of
sentential complements—structures such as “Sally thinks that [X]”—predicts subsequent false-belief success
(de Villiers & de Villiers, 2025). The relevant symbolic structure appears to make possible the simultaneous
representation of a proposition as true within another agent’s model and false within one’s own.

Exact quantity provides a parallel case. Pirahã speakers, whose language lacks exact number terms, retain
approximate magnitude discrimination and can match quantities while the relevant sets remain perceptually
available. But when exact cardinality must be preserved across time, space, or modality, performance
becomes approximate (Frank et al., 2008; Gordon, 2004). In both cases, the underlying nonlinguistic capacity
remains; what is missing is a symbolic structure capable of stabilizing a distinction once perceptual support
is removed. These cases therefore provide local instances of the broader constitutive relationship predicted
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by ESC: particular symbolic structures make possible cognitive operations that the Substrate alone does not
reliably sustain.

Machine learning systems provide a complementary, broader comparison. No system trained without
human symbolic input has developed comparable open-ended reasoning across unrelated domains. LLMs,
trained on symbolic sequences alone, spontaneously construct internal representations of spatial, temporal,
and abstract relational structure, along with compositional machinery that was not explicitly engineered
(Gurnee & Tegmark, 2024; K. Li et al., 2023; Modell et al., 2025; Tehenan et al., 2025; Yang et al., 2025).
These findings support ESC’s central proposal: an adaptive Substrate can acquire substantial relational and
compositional structure through symbolic experience alone, without direct sensory access to much of what
that experience describes.

Apparent counterexamples in nonlinguistic animals help sharpen this boundary. Scrub jays cache food
for future consumption, and great apes select and transport tools for later use (e.g., Clayton & Dickinson,
1998; Mulcahy & Call, 2006). Like conditioned taste aversion, these behaviors involve temporal decoupling,
but they remain bound to narrow, species-typical domains as evolutionarily canalized routines or direct
responses to current contextual cues—not the open-ended construction of dependency chains across unrelated
domains.

This boundary defines a clear condition for falsification. Any adaptive system that develops genuine open-
ended, cross-domain, dependency-structured reasoning without having internalized a Symbolic Framework
would falsify this central prediction of the theory.

4.2 Novel Dependency-Structured Reasoning Should Require Iterative Symbolic Generation
Whereas the first prediction concerns what a system must internalize over development, the second

concerns what it must do online: when a problem cannot be resolved through the Substrate’s continuous
dynamics alone, constructing its solution should require iterative symbolic generation. Not every cognitive
operation demands this serial loop. Once the Symbolic Framework has shaped the Substrate’s world model, its
relational abstractions remain available to the system’s continuous dynamics—supporting direct associative
resolution as well as temporally extended, nonlinguistic trajectories (such as mental imagery or physical
simulation in humans), even when no symbols are being produced. Iterative generation should become
necessary specifically when a problem requires constructing novel dependency structures that outstrip
what continuous dynamics can sustain on their own—when later states cannot be reliably determined until
intermediate states have first been discretized and stabilized.

In humans, this boundary is visible in both when inner speech is recruited and when its disruption hurts
performance. Routine cognition often relies on condensed or fragmentary inner speech, whereas unfamiliar
or demanding problems evoke expanded, syntactically structured forms (Alderson-Day & Fernyhough, 2015;
Fernyhough & Borghi, 2023). Conversely, blocking this loop through articulatory suppression—repeating an
irrelevant syllable during a task—disrupts the acquisition of new rules and the solution of novel problems
far more than the execution of well-practiced routines (van ’t Wout & Jarrold, 2022). In both cases, explicit
serialization comes online precisely when an unfamiliar dependency structure outstrips what the Substrate’s
learned geometry can resolve directly.

Language models exhibit the computational counterpart of this dynamic. Chain-of-thought prompting
and related forms of inference-time computation substantially expand performance on multi-step reasoning
tasks (Brown et al., 2025; DeepSeek-AI et al., 2025; OpenAI, 2024; Snell et al., 2024; Wei et al., 2022; Yao
et al., 2023; Zelikman et al., 2024) by turning generated intermediate states into inputs for subsequent passes—
allowing later steps to condition on earlier results and supporting evaluation, revision, and backtracking.
Strikingly, the dynamics of this constructive loop parallel those in humans: reasoning-token use in LLMs
covaries with human reaction times on abductive problems, and model error profiles both track human
difficulty and become more human-like under stochastic rather than greedy decoding (Arthur, 2026).

10



Emergent Symbolic Cognition PREPRINT

This distinction between novel construction and direct associative resolution also explains why explicit
reasoning is not universally beneficial. Forced chain-of-thought can degrade model performance, just as
deliberate verbalization can impair human performance on tasks better served by automatic or perceptual
processing (e.g., Liu et al., 2025), and post hoc verbal chains need not faithfully reflect the computation that
produced an answer (e.g., Turpin et al., 2023). Under ESC, iteration is not a blanket requirement for difficult
tasks, but a specific mechanism for constructing intermediate states that the Substrate cannot resolve directly;
when the relevant relational structure is already encoded in the Substrate, or poorly captured by an imposed
verbal sequence, forced serialization adds noise rather than reach. It follows that as a domain’s relational
structure is progressively consolidated into the Substrate, disrupting iterative processing should become less
costly and additional inference-time generation less beneficial.

Acquired aphasia presents the strongest apparent human counterexample. Adults with profound language
impairment can retain capacities for causal reasoning, theory of mind, mathematics, and formal logic, while
language-selective cortical regions are often largely inactive during such tasks (Fedorenko et al., 2024;
Kean et al., 2026; Varley & Siegal, 2000; Varley et al., 2005). However, because such patients acquired
language normally before injury, preservation after language loss shows that some capacities, including
domain-specific formal systems, remain executable once constructed—not that they could have developed
without symbolic structure (Section 4.1). Moreover, the tasks these patients can still perform typically
rely on relational abstractions already encoded in the Substrate or provide perceptual support (e.g., written
numerals or visual arrays) that stabilizes intermediate states externally. When nonverbal tasks instead require
discovering and switching novel rules or integrating multiple relations, performance drops in proportion to
language impairment (Baldo et al., 2005, 2010, 2015). ESC therefore predicts that within acquired aphasia,
impairment should increase as familiar abstractions and external support become insufficient, requiring the
system to internally stabilize novel intermediate states across multi-step dependencies.

A deeper challenge concerns whether this sequential recurrence must be symbolic at all. Replacing
chain-of-thought with meaningless filler tokens (e.g., “......”) shows that extra forward passes help only
on parallelizable sub-problems, failing whenever later steps depend on earlier intermediate results (Pfau et al.,
2024). Hao et al.’s Coconut (Chain of Continuous Thought) (2025) tests the complementary case, feeding
continuous hidden states directly back as input without projecting them to discrete tokens. Because projecting
an output state to a token and re-embedding it acts as a quantization bottleneck—collapsing competing
activations onto a single, canonical vector—bypassing it allows Coconut to maintain multiple candidate paths
in superposition. This aids breadth-first search over relationships already specified in the input, but trails
conventional chain-of-thought on mathematical problems requiring the construction of novel intermediate
quantities. This dissociation aligns directly with ESC: without a discrete bottleneck to purge competing
activations and lock in an exact intermediate result, errors compound across steps. Purely continuous
recurrence, despite its advantages for parallel search, therefore degrades on deep, dependency-structured
problems that require stabilizing newly constructed states—precisely where discrete symbolic commitment
provides the necessary ratchet.

Together, these constraints define a clear condition for falsification. ESC’s account of online reasoning
would be falsified if a system reliably solved genuinely novel, dependency-structured problems without
iterative symbolic generation.

4.3 The Sharp-Decay Prediction
The iterative mechanism of Section 3 yields a direct mechanistic prediction about the temporal dynamics

of reasoning. Existing accounts in which structured thoughts are assembled before being expressed in
language (e.g., Fedorenko et al., 2024; Fodor, 1975; Pinker, 1994) rarely specify how complex thought
unfolds over time or when its internal structure is computed relative to linguistic production. Yet to the extent
that such accounts posit that a structured thought is formed prior to its serialization into words, the resolved
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content of downstream elements must already be present in the system’s internal state before the sequence is
generated.

Under ESC, a system cannot precompile a multi-step symbolic sequence in its internal state. At
step n, a complex subsymbolic configuration—encoding the overarching goal, activated concepts, and
their interrelations—may persist across the generation of many symbols. However, this configuration only
constrains the landscape through which the path is traced; it is not itself a preassembled symbolic sequence.
Because each generated symbol acts as an operator that transforms the Substrate to enable the next prediction,
the information that determines a distant symbol resides in the transition dynamics rather than in a static
snapshot of any single state.11

Consequently, when the system’s internal state at step n is probed (via hidden-state vectors or neural
activity), predictive fidelity for a specific downstream symbol should decay sharply with distance. While
the symbol at n+ 1 is directly resolvable from the state at n, a symbol at n+ 3 should be far less reliably
recoverable, because the unique internal state required to resolve the latter has not yet been constructed.

Existing evidence from LLMs is consistent with this profile. Pal et al. (2023) probed the hidden states
of an LLM and found that future-token decodability drops sharply beyond the immediate next step, even on
stimuli drawn from the model’s own training corpus—the conditions under which precompiled or memorized
sequences are most plausible. In human language production, an analogous neural test has yet to be conducted,
and its prediction cuts against introspective experience: because broad conceptual intentions are present early,
it feels as though we form a complete thought and then express it in words, rather than resolving the symbolic
sequence progressively.

This prediction would be falsified if distal symbols in a novel sequence could be decoded from the state
at step n with high accuracy, indicating retrieval of a preformed symbolic representation. A still stronger
causal test would identify a distal symbol’s representation at step n, perturb it, and selectively alter the
corresponding output several steps later while leaving the intervening sequence intact.

5 Theoretical Context
With the theory’s boundary conditions sharpened, it becomes possible to identify precisely what it adds

to the intellectual tradition linking language to thought, and to the computational formalisms and architectural
theories that currently organize cognitive science.

5.1 Intellectual Precedents
Plato asked whether thought and speech are “the same, except that what we call thought is speech

that occurs without the voice, inside the soul in conversation with itself” (Plato, 1997). Hobbes argued that
children “are not endued with Reason at all, till they have attained the use of Speech” (Hobbes, 1651/1996).
Several authors since have maintained that language does not merely express certain forms of thought but,
once internalized, brings them into existence. Among those who developed the idea most fully are Vygotsky,
Bickerton, and Dennett.12

Vygotsky observed that “thought is not merely expressed in words; it comes into existence through
them” (Vygotsky, 1934/1986). Bickerton identified the precise ability unlocked by language, arguing that
“only language could have broken through the prison of immediate experience in which every other creature
is locked, releasing us into infinite freedoms of space and time” (Bickerton, 1990). Dennett framed this

11This “next symbol” orientation does not preclude highly localized planning, such as a model preselecting a rhyming word
before composing a line of poetry (Lindsey et al., 2025). Here, the system generates toward a constrained, near-term target,
with intermediate words still produced sequentially. This differs from preplanning multiple independent symbols far ahead in an
unconstrained sequence.

12ESC holds that language is constitutive of certain forms of thought, not merely a modulator of them; the antecedents discussed
here are those that share that commitment. For accounts on which language influences or scaffolds cognition without being
constitutive of it, see, e.g., Boroditsky (2001); Clark (2008); Lupyan (2012); Lupyan and Bergen (2016); Lupyan et al. (2026).
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transformation architecturally, arguing that the cultural acquisition of language and self-talk installs a serial
“virtual machine running on the brain’s parallel hardware” (Dennett, 1991).

Yet none of these accounts isolated the mechanism precisely enough to predict—or even reduce surprise
at—what has since occurred with LLMs.13 What I attempt to add to this lineage is a derivation from first
principles. The argument begins not with language but with the structure of causality itself: each link in a
causal chain is contingent on the one before it, so any system that models causation must be able to construct
such chains step by step (Section 2). Because this derivation proceeds from substrate-agnostic computational
constraints rather than observations of the human case, its predictions extend to any system that exhibits
general intelligence—including the language models that appear to independently instantiate the mechanism.

5.2 The Missing Mechanism
Cognitive science has acquired rigorous formalisms for what optimal reasoning should look like, and

broad principles for how the brain operates. What remains absent is the specific mechanism by which a finite
agent transitions from statistical regularities in its input to the structured, compositional representations these
formalisms take as given.

Bayesian models of cognition formalize belief revision and hypothesis evaluation (e.g., Tenenbaum
et al., 2011), and likely describe the computational ideal that an ESC system approximates. Pearl’s Structural
Causal Models formalize the next layer: causal inference over directed graphs, including reasoning about
interventions and counterfactuals (Pearl, 2009; Pearl & Mackenzie, 2018). Both formalisms, however,
presuppose the structured objects on which they operate: the compositional hypothesis space in the Bayesian
case, the causal graph in Pearl’s. Neither addresses how a finite agent acquires the representational building
blocks of structured thought, nor the mechanism by which it assembles them into novel constructions. ESC
addresses this prior step: the internalization of a Symbolic Framework furnishes the substrate with discrete,
combinable elements, and iterative symbolic generation is the process by which candidate structures are
assembled, evaluated, and revised in real time.

The Predictive Processing (PP) framework describes the substrate’s general operating principle: the
brain minimizes prediction error across hierarchical levels of abstraction (Clark, 2013; Friston, 2010). PP and
ESC are compatible but address different problems. PP characterizes the dynamics of error minimization but
is agnostic about the representational format of the upper conceptual levels and the mechanism by which
hypotheses at those levels are generated. ESC specifies both, and entails a claim PP alone does not make:
without internalizing a Symbolic Framework, even a sophisticated predictive substrate cannot extend its upper
hierarchy to support reasoning about the absent, the abstract, and the counterfactual.

5.3 Related Frameworks
Where the preceding accounts leave the mechanism unaddressed, several influential theories engage the

relationship between architecture and cognition more directly—some proposing structural accounts, others
offering functional characterizations or identifying language’s distinctive cognitive role. Each captures a
feature of the landscape, but leaves open a critical degree of freedom that ESC serves to pin down.

On the specific question of how compositionality arises within continuous computation, the most closely
related program is Smolensky’s neurocompositional computing (e.g., Smolensky, 1988, 1990; Smolensky
et al., 2022). Both hold that compositionality must be realized within the continuous substrate, not in a
separate architectural component. However, the theories diverge on how compositional structure arises.
Smolensky et al. acknowledge that Transformers “can encode general, abstract structure, including webs of
inter-related concepts and facts,” but diagnose a specific deficiency: each layer’s attention graph—its implicit
relational structure—is consumed in computation and then discarded, never becoming an activation vector

13Dennett, for instance, acknowledged as much: “The large language models, like ChatGPT—the generative pre-trained
transformers—are largely unanticipated, certainly by me, but also by many people in the field” (Dennett, 2023).
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that “encodes the graph’s abstract, compositionally-structured internal information” (Smolensky et al., 2022).
The prescribed remedy is to engineer this structure directly into the activation vector through tensor product
representations, resolving more compositional structure within each forward pass. This deficiency Smolensky
et al. identify in Transformers entails that, in these systems, observed compositionality is realized instead
through the trajectory of symbols generated over time. Under ESC, this is not a deficiency to be repaired but
the crux of the mechanism (Section 3.2). The two positions accordingly make opposing empirical predictions.
If compositional structure is resolved within a single generative state, as the neurocompositional account of
human cognition holds, distal symbols should be recoverable from neural activity during language production,
contrary to the sharp decay profile predicted by ESC (Section 4.3).

Global Workspace Theory (GWT) proposes that information becomes conscious when specialized
processes gain access to a limited-capacity global workspace, making their content available to the brain’s
other processes simultaneously, and that this conscious access in turn supports flexible cognition (Baars,
1988; Dehaene & Changeux, 2011). GWT provides a compelling account of how information becomes
globally available within the brain, but it is format-agnostic, assigning no special role to what is broadcast.
Both Baars and Dehaene extend the workspace to non-human animals (Dehaene, 2014), yet no non-human
species exhibits the open-ended reasoning, decoupled from immediate perception, that ESC seeks to explain—
suggesting that global availability alone is insufficient and that representational format matters. ESC pins
down this degree of freedom: general-purpose reasoning depends on the internalization of a combinatorial
Symbolic Framework whose generated symbols feed back as computational operators, driving the iterative
loop on which such reasoning depends. Whether conscious access operates through a global broadcast is a
question on which ESC takes no position; the two theories address different levels of the problem.

Sensorimotor-primacy accounts locate the primary architectural constraint not in representational format
but in the perceptuo-motor substrate. Brooks (1991) argued that perception and real-time interaction with
a dynamic environment constitute the hard problem, with higher cognition falling into place once that
foundation is mature. LeCun (2022) advances a structurally similar position, treating language as a thin layer
atop deeper sensorimotor understanding. These capacities are genuinely necessary for navigating the physical
world, but the phylogenetic record suggests they are not sufficient: sophisticated sensorimotor systems
span the animal kingdom and have been refined over hundreds of millions of years, yet general intelligence
appeared exactly once, in the lineage that developed language. LLMs press the point from the opposite
direction: structured reasoning emerges in a system that has no perceptuo-motor substrate at all. ESC locates
the missing ingredient not in a more sophisticated sensorimotor foundation but in the internalization of a
Symbolic Framework whose combinatorial structure furnishes the mechanism for dependency-structured
reasoning decoupled from immediate perception.

Finally, accounts of recurrent symbol use and cognitive niche construction anticipate ESC’s iterative
loop while stopping short of its architectural necessity. Rumelhart et al. (1986) proposed that a connectionist
network can construct sequential thought by generating and reacting to its own internalized linguistic output,
and Clark (2008) extended this dynamic to argue that language acts as a cognitive scaffold for reflection and
abstract thought. Yet both treat linguistic recurrence as one available route to sequential processing among
others—alongside mental imagery, diagrams, and external notation—rather than as the necessary foundation
of general intelligence. ESC locates the difference in the architectural requirements established in Section 2:
only a Symbolic Framework combines the discrete commitment and open-ended compositional structure
required to both install a cross-domain world model and ratchet the Substrate through arbitrary dependency
chains. Nonlinguistic simulations and external tools scaffold cognition within specific domains; iterative
symbolic generation is what equips the Substrate for open-ended, domain-general reasoning.
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6 Implications for Meaning, Understanding, and Grounding
The foregoing account locates general-purpose reasoning in the dynamic interaction between the

Substrate and the Symbolic Framework, and establishes that such reasoning cannot remain tethered to the
immediate sensory environment. These two commitments have implications for several concepts central to
the study of mind, which I explore below.

6.1 Meaning and Understanding Without Phenomenology
In the iterative loop of Section 3.2, each generated symbol serves a dual function: it commits the system

to a specific configuration in the Substrate’s high-dimensional world model, and in doing so, reshapes the
landscape from which the next symbol emerges. But if a symbol’s identity is fully determined by its relational
position and its transformative effect, then the theoretical account contains an implicit account of what
meaning is. A symbol’s meaning is not a static pointer to an external referent but its location within the
learned geometry of the Substrate’s world model: the full pattern of relationships it bears to every other
symbol the system has internalized. The meaning of a sequence, in turn, is the trajectory it traces through
state space—the cumulative transformation it performs on the Substrate.

This account extends naturally to understanding. For a symbolic sequence to perform its intended
work—to drive the Substrate through the state transitions the sequence demands—the Substrate must possess
geometry rich enough to support those transitions. If a region is richly structured by prior symbolic input, the
transition lands in a configuration that opens the correct landscape for the next symbol; if the geometry is
sparse, the transition misfires or produces no coherent downstream trajectory. Understanding is therefore
not a threshold but a continuum: the more structurally developed the relevant geometry, the more faithfully
the Substrate can track the trajectory a given sequence demands. Communication is the same process at
a different scale: it succeeds to the degree that a speaker’s sequence drives a listener’s Substrate into an
approximately isomorphic arrangement.

This functional account is specified entirely within the theory’s computational vocabulary, without
invoking subjective experience. A natural objection is that this omits something essential: the felt sense of
comprehension. Searle’s “Chinese Room” argument (Searle, 1980) represents the canonical form of this
objection, but its force is intuitive rather than empirical, rooted in the difficulty of conceiving of understanding
absent its phenomenology. In humans, successful understanding is accompanied by a distinctive affective
signature, but this feeling is dissociable from accuracy, arising with equal intensity for correct and incorrect
beliefs (Burton, 2008). LLMs now confront this intuition with concrete cases of high-level semantic behavior
in entities lacking obvious subjective experience. The theory thus provides principled grounds for demarcating
what understanding is from what it feels like, and for redirecting the binary question “does the system really
understand?” toward the graded and tractable “how structurally accurate is the system’s world model in the
relevant domain?”

6.2 Grounding Without Sensory Contact
The preceding section characterized meaning and understanding as properties of the Substrate’s relational

geometry. This leaves open a prior question: how does that geometry acquire fidelity to the world it purports
to model?

The standard answer is sensory contact. Harnad (1990) argued that symbols in classical systems are
arbitrary tokens whose meaning is entirely injected by their designers, and proposed that grounding requires
each agent’s own perceptual experience of the world. Related accounts share this commitment (Deacon, 1997;
Pezzulo et al., 2024). Yet all such accounts ultimately depend on internal models rather than ongoing contact,
and it is not obvious that sensory experience is the only route by which such models can acquire their fidelity.

Under ESC, language is the output of adaptive Substrates that have internalized the causal and relational
structure of the world. Its statistical regularities are shaped by the structure of what it describes. To predict
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the next token, a system must reconstruct from within the generative process that produced the sequence,
building internal geometries that approximate the world-modeling structures of the agents who spoke and
wrote it (Section 3.1.2). Human language was produced by embodied agents under selection pressure: those
whose internal models failed to capture causal structure did not survive to shape the Symbolic Framework the
next generation internalizes. What a new agent internalizes is therefore not an ungrounded formal system of
the kind Harnad critiqued, but the distilled structure of the most successful world models.14

The productive question, then, is how much world-model fidelity symbolic input alone can transmit.
In humans, symbolic learning operates alongside innate priors (Spelke & Kinzler, 2007) and rich sensory
experience, making isolation difficult—but cases of deprivation suggest the answer is far more than its typical
co-occurrence with sensory experience would imply. Congenitally blind individuals acquire rich, accurate
representations of visual properties, such as which animals share appearance features (Kim et al., 2019).
Children with severe spinal muscular atrophy type 1, profoundly deprived of motor interaction from infancy,
show high-range intelligence and normal language comprehension (Zappa et al., 2021). What survives in
both cases is symbolic input. Text-only LLMs sharpen the point further: trained on nothing but symbolic
sequences, they construct world models robust enough to predict human judgments across diverse domains
(Marjieh et al., 2024).

This inherited fidelity, however, is not uniform. Multimodal models align more closely with human
conceptual representations than text-only models for certain categories (Xu et al., 2025), suggesting that
some regions of an agent’s world model are shaped by its particular sensory experience in ways that symbolic
structure alone does not fully transmit.

7 Limitations and Future Directions
As a high-level theoretical model, ESC defines the necessary functional architecture for general intelli-

gence. However, several critical boundaries and open questions remain regarding the control, integration, and
biological implementation of this architecture.

First, the theory’s treatment of Goals remains underspecified. While I posit that goals condition the
generative probability distribution, the current model collapses distinct forms of control that likely function
very differently in practice. In LLMs, goals are partly exogenous (supplied by user prompts) and partly
structural, encoded during training as persistent properties of the learned weights. In humans, socialization
and education shape the Substrate in analogous ways, but these acquired orientations coexist and compete
with endogenous biological drives and dispositions. How high-level objectives—whatever their source—are
converted into the granular symbolic constraints necessary to initiate and guide the heuristic search remains
an open and critical question for research on both biological and nonbiological systems.

Second, in humans, this architecture is not implemented on a blank slate; it operates atop a primate
brain already rich with intuitive physics, spatial navigation, and basic social dynamics—embodied capacities
distributed across specialized cortical regions. While LLMs demonstrate the capabilities of the symbolic
component in isolation, human intelligence is defined by the tight coupling of this acquired linguistic
mechanism with these preexisting representations. Future work must investigate the neural protocols of this
interaction, explaining how the conceptual network built by language constrains—and is constrained by—the
brain’s intuitive, nonsymbolic systems.

Finally, further development of the theory requires bridging the gap to Marr’s implementation level
(Marr, 1982). Having defined the computational constraint (sequential causal modeling) and the algorithmic
mechanism (iterative symbolic generation), the remaining frontier is characterizing the representational
geometries that physically instantiate the symbolic loop and the learning dynamics governing their emergence
from statistical input. While this is challenging in the brain, it is becoming more tractable in LLMs, where

14Even the most successful historical models were imperfect approximations; the Substrate internalizes their errors and superstitions
by the same mechanism that transmits genuine causal structure.
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weights and activations are accessible for direct inspection. Recent work has begun to do so (e.g., Goldstein
et al., 2025; Gurnee et al., 2026; K. Li et al., 2023), but empirically grounding the theory at this level remains
an open problem.

8 Conclusion
This paper began by asking what allowed general intelligence to emerge within the narrow evolutionary

window separating us from our last common ancestor with chimpanzees. On the account developed here, the
answer is that, beyond the genetic endowment that led to a Substrate capable of internalizing language, the
critical variable is not further genetic change. Whatever fine-tuning has occurred since humans first etched
patterns into ochre some 100,000 years ago (Henshilwood et al., 2009), it is unlikely by itself to account for a
species that now derives the laws of thermodynamics. The gap is better explained by accumulated cognitive
software—the internalized structure of language—transmitted across generations. By this logic, LLMs are an
unintended test of this portability: trained on nothing but the symbolic trace of that cumulative process, they
reconstruct world models rich enough to support structured reasoning on a substrate entirely unlike the one
that produced it.

The introduction identified a scientific bind: we cannot ethically deprive a developing human mind of
language to see what remains without it. If ESC is correct, it suggests what such an experiment would reveal:
a mind perhaps more capable than any other species’, yet one whose cognition remains mostly bound to the
local and the immediate. What the deprived mind lacks is not the words for its thoughts but the machinery of
the thinking itself.

This distinction points to why the debate over whether language is necessary for thought has proved
so difficult to settle: it treats thought as a unitary capacity. Some computations can be resolved directly
within a system’s associative geometry and only subsequently expressed in words; others—specifically
novel, dependency-structured problems—require symbolic generation to construct an answer at all. The
traditional question therefore collapses distinct computational regimes into a single category. The more
tractable question is which forms of cognition can occur without symbolic mediation, and which come into
existence only through it.

Moreover, the boundary between these regimes shifts with experience. For any specific class of problems,
the Substrate’s associative geometry can eventually encode the relevant relational structure and resolve the
computation directly—this is what expertise is. But the symbolic trace cannot be eliminated in general,
because problems whose dependencies outstrip the Substrate’s existing abstractions still require step-by-step
construction. This carries a practical consequence beyond basic science: in AI systems, because open-ended
reasoning must externalize its intermediate steps, the process remains in principle inspectable, providing a
basis for auditing and accountability.

By proposing a common, falsifiable principle at work in both humans and machines, ESC lays the
groundwork for unifying the study of general cognition. In doing so, it gives computational form to the
insight Darwin expressed in the epigraph: words are not the transcription of structured thought but the
medium of its construction. The inner monologue we experience as our most private, solitary self is in fact an
ancient, ever-changing architecture installed before we had a mind capable of consenting. The generality of
human intelligence is, ultimately, the product of two inheritances: at conception, our genes, and thereafter,
the symbols of our culture.
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