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Article

From Dennett to Transformers: Emergent Properties,
Kolmogorov Complexity, and the
Turing-Computability of Human Intelligence
John Abela

University of Malta, Msida, MSD 2080, Malta; john.abela@um.edu.mt

Abstract: This paper explores the Turing-computability of human cognition through the lens of the
late philosopher Daniel Dennett’s computational functionalism, Kolmogorov Complexity, and recent
advances in large language models (LLMs). We compare the high complexity and capacity of the
human brain to the deliberate scaling of LLMs, noting that emergent properties—such as zero-shot
reasoning—arise when models reach critical thresholds in parameter count and training data. By
analyzing whether these emergent capabilities can approximate human-level intelligence, we shed
light on the debate concerning the algorithmic replicability of human consciousness. We suggest that
capacity, complexity, and scaling play pivotal roles in shaping advanced cognitive behaviors, offering
preliminary insights into artificial general intelligence (AGI). Although the emphasis is primarily
theoretical, we briefly note that transformer models have the potential for unlocking new analytical
capabilities in fields such as astrophysics and cosmology, highlighting the broad impact of scaling laws
beyond natural language alone.

Keywords: machine intelligence; AI; Transformer models; generative AI; large language models;
Kolmogorov complexity; Turing computability; human intelligence and sentience

1. Introduction
The nature of human intelligence and consciousness has long been a source of fascination and

contention within both the philosophical and scientific communities. At the heart of this enduring
debate lies a fundamental question: is human intelligence Turing-computable? This inquiry, while rooted
in philosophical abstraction, has profound implications for our understanding of cognition, artificial
intelligence (AI), and the very essence of what it means to be human.

Daniel Dennett, an influential philosopher and cognitive scientist, was a leading proponent of the
view that human intelligence (and perhaps conscience) arises from physical, computational processes.
His work, notably Consciousness Explained (Dennett 1993), advances a functionalist framework that
posits the brain as an information-processing system capable of producing mental states purely through
interactions among its physical components. Dennett rejected the Cartesian dualistic interpretations of
consciousness, arguing instead that the mind is not an ethereal or immaterial phenomenon but, rather,
a product of evolutionary processes and the capacity and complexity of human brains.

At the core of Dennett’s philosophy is the assertion that all mental states, including what we call
intelligence and consciousness, can be understood as “intentional stances” — patterns of information
that emerge from the physical substrate of the brain. He contended that the brain operates much
like a Turing machine, processing information algorithmically and giving rise to emergent properties
such as perception, memory, and awareness. This computational perspective appears consistent with
recent advances in AI, where artificial neural networks and machine learning models are increasingly
exhibiting behaviours reminiscent of human cognition as these models scale in capacity and complexity.

Critics of Dennett’s views argue that his reductionist approach fails to capture the qualitative,
subjective nature of human consciousness. One key critic of Dennett’s views is Australian philosopher
David Chalmers (Chalmers 1996), whose work introduces the concept of the “hard problem” of
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consciousness. While Dennett focuses on explaining the functional and mechanistic aspects of the
mind — which Chalmers calls the “easy problems” — Chalmers emphasizes the difficulty of accounting
for qualia, or the subjective experiences that define consciousness. He asserts that no amount of physical
or computational explanation can fully address why and how subjective experiences arise.

Chalmers questions whether current computational theories fully explain how subjective experi-
ence arises, suggesting that we may need fundamental bridging laws—and possibly novel physical or
theoretical frameworks—to account for phenomenal consciousness (Chalmers 1996). Daniel Dennett, by
contrast, argued that the so-called “hard problem” (Chalmers 1996) is just an illusion created by the
way we think about consciousness. In (Dennett 1993), Dennett suggested that once all the “easy prob-
lems” are solved, there is no additional mystery left to explain. From Dennett’s perspective, focusing
on qualia as irreducible entities is misguided. In Dennett’s view, qualia are illusory constructs that
arise from flawed introspection, and understanding consciousness requires explaining its functional
and mechanistic basis, and not by positing ineffable, intrinsic properties.

The dichotomy between Dennett’s computational functionalism and Chalmers’ emphasis on the
irreducibility of qualia has fueled decades of philosophical discourse. However, rather than rehashing
this endless debate, this paper adopts a pragmatic and results-oriented approach to addressing the
question of Turing-computability of human cognition and consciousness. We feel that, instead of
relying solely on theoretical arguments, the most compelling way to settle the debate is through
demonstration.

By developing machine learning models capable of replicating, or even surpassing certain aspects
of human cognition and consciousness, researchers can present empirical evidence for or against the
Turing-computability of the mind. If such models succeed in exhibiting behaviors and capabilities
that mirror or extend human intelligence, they would lend significant credence to Dennett’s position.
Conversely, their failure to replicate key aspects of human consciousness might bolster Chalmers’
argument that the mind contains elements beyond computational reach.

In this paper, therefore, we focus not on resolving philosophical differences but on exploring
the practical and experimental pathways toward understanding the computational underpinnings of
human consciousness. By examining the role of capacity and complexity, emergent properties, and
scaling in machine learning models, we aim to contribute insights to this age-old debate.

2. The Debate on the Turing-Computability of Human Intelligence
The question of whether machines can replicate human-level intelligence has been central to

AI since its inception. In his seminal 1950 paper Computing Machinery and Intelligence (Turing 1950),
Alan Turing introduced the Turing Test, which focuses on whether a machine’s responses are in-
distinguishable from a human’s, bypassing the subjective notion of understanding. Early symbolic
AI (Feigenbaum et al. 1963) systems, such as expert systems (Buchanan & Shortliffe 1984), sought
to encode human reasoning explicitly (as rules) but struggled with ambiguity and incomplete data,
exposing the limitations of these approaches in replicating human adaptability (Nilsson 2009).

A major philosophical challenge in this debate concerns the distinction between simulating intel-
ligence and genuinely possessing it. Proponents of Strong AI (Kurzweil 2005; Simon & Newell 1976)
claim that machines could one day possess intelligence and consciousness equivalent to humans.
Conversely, advocates of Weak AI argue that machines can only simulate intelligent behavior without
true understanding. Searle’s Chinese Room argument (Searle 1980) exemplifies this skepticism. In
his thought experiment, an individual manipulates Chinese symbols based on syntactic rules without
understanding their meaning. Searle’s argument is that AI systems manipulate data without semantic
comprehension, challenging the claim that machines “understand” their outputs. However, Dennett in
(Dennett 1993) contends that “understanding” lacks a universally recognized formal definition and,
in any case, if a machine’s output is indistinguishable from that of a human, the distinction becomes
irrelevant.
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At the heart of this debate lies the question of whether human intelligence is Turing-computable.
The Church-Turing thesis (Church 1936) posits that any algorithmic process can be computed by a
Turing machine, suggesting that human intelligence, if algorithmic, is replicable by computational sys-
tems. Proponents, such as Dennett, argue that intelligence and consciousness are emergent properties
of sufficiently large and complex physical systems and can be understood functionally, emphasizing
behavior over mechanism (Dennett 1993). However, the (many) critics suggest that human cognition
may involve processes beyond Turing machines, such as quantum effects or non-algorithmic properties
(Dreyfus 1972; Hameroff & Penrose 1996; Penrose 1994), implying that human intelligence might not
be fully Turing-computable. If true, this would challenge, or even outright refute, the Church-Turing
thesis.

Modern advances in AI, particularly with large language models (LLMs), have contributed to the
ongoing debate. Transformer-based models, such as ChatGPT, now exhibit behaviors traditionally
associated with human intelligence, such as language understanding, reasoning, and creativity (Brown
& et al. 2020; Vaswani et al. 2017). These models rely on vast datasets for model training, computational
resources, and scaling laws, which have shown that increasing model size and complexity (see Figure 1)
often leads to emergent capabilities not explicitly programmed such as zero-shot learning and few-shot
reasoning (Brown & et al. 2020). These emergent behaviors blur the line between simulated and genuine
intelligence.

Figure 1. Emergent properties of LLMS as the models scale. Adapted from: lifearchitect.ai.

Despite their impressive capabilities, LLMs raise unresolved questions. Intelligence itself lacks
a universally accepted definition (Legg et al. 2007), complicating the evaluation of whether AI sys-
tems exhibit true intelligence. Additionally, the question of consciousness—whether machines can
actually possess subjective experience—remains speculative. Dennett in (Dennett 1993) suggests that
consciousness emerges from sufficiently complex systems as a product of physical and functional
processes, although this view remains philosophically debated and empirically unresolved. If human
intelligence involves processes beyond Turing computation (Penrose 1994), such as non-algorithmic
operations, this would challenge the Church-Turing thesis and perhaps even redefine the boundaries
of computation.

3. The Kolmogorov Complexity of Human Intelligence
Kolmogorov Complexity (Li et al. 2008) is a foundational theoretical concept in computer science

that quantifies the descriptive complexity of objects. Formally, it is defined as the length (in bits) of
the shortest algorithm, written in a fixed programming language, that can generate a given object
(for example, a string of characters over some alphabet) and terminate. Intuitively, Kolmogorov
Complexity measures the amount of information required to fully describe an object. For example, a
string consisting of repeated 01 patterns, such as 010101..., can be succinctly described by the regular
expression (01)* and, thus, has a low Kolmogorov Complexity. In contrast, a random binary string of
the same length would require a description close to its full length, resulting in a high Kolmogorov
Complexity.

Kolmogorov Complexity can also be extended to problems, where it is defined as the length (in
bits) of the shortest algorithm that optimally solves a given problem and terminates. In this sense,
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Kolmogorov Complexity measures the descriptive complexity of the problem itself, rather than that of
a specific object.

It may be the case that human intelligence has an exceptionally high Kolmogorov Complexity
due to the intricacy and functionality of the human brain. The human brain contains approximately 86
billion neurons and 100 trillion synaptic connections (Herculano-Houzel 2009), making it one of the
most complex biological systems known. Humans also possess the highest encephalization quotient
(EQ) (see Figure 2)—a measure of brain size relative to body size, calculated by dividing the mass of
the brain by the mass of the body—of any mammal, with values between 7.5 and 8.0. This means
that the human brain is about 7–8 times larger than what would be expected for an animal of our
body size (Deacon 1998; Jerison 1973). Such complexity and size are unlikely to be coincidental; rather,
they reflect the cognitive demands of advanced intelligence. Biological systems often demonstrate
efficiency, favoring solutions that optimize survival and reproduction while minimizing energy expen-
diture. The human brain’s significant energy demands—approximately 20% of the body’s total energy
consumption, ranging from 20 to 30 watts—highlight its evolutionary necessity (Kaas 2000). Given its
energy-intensive nature, such an organ would not have evolved to its size and complexity unless these
conferred substantial adaptive advantages. This supports the hypothesis that human intelligence has a
high Kolmogorov Complexity

Figure 2. Encephalization Quotient (EQ) of humans compared to other animals. Source: sapiens.org.

The number of neurons and synaptic connections alone does not fully account for the brain’s
complexity. Other factors, such as its structure, plasticity, neuron density, and cortical folding, also
contribute. For example, dolphins have one of the highest EQs among non-human species and
their neural architecture is highly specialized for echolocation—a process requiring complex signal
processing and neural adaptations (Berta et al. 2005). In contrast, the human brain exhibits a higher
degree of cortical folding, or gyrification, which increases surface area and enables greater computational
capacity within a constrained volume (Herculano-Houzel 2009). This comparison demonstrates that
brain functionality depends not only on the number of neurons but also on their organization, density,
and the evolutionary pressures shaping them. The specialization of dolphin brains for echolocation
highlights the influence of ecological demands, whereas the general-purpose adaptability of human
brains reflects a broader range of cognitive and social requirements. The human brain’s intricate
structure and connectivity enable it to process vast amounts of sensory, cognitive, and emotional
information (Kandel & et al 2021). These capabilities arise from massively parallel and distributed
neural networks, whose interactions involve nonlinear dynamics. Capturing these interactions and
their emergent behaviors algorithmically would probably require immense descriptive complexity,
further supporting the hypothesis that human intelligence has a high Kolmogorov Complexity.

Evolutionary pressures have shaped the human brain to balance efficiency with adaptability.
High cognitive adaptability has driven the evolution of a brain capable of nuanced tasks, abstract
reasoning, and complex social interactions, increasing its Kolmogorov Complexity. The human brain
is metabolically expensive, consuming approximately 20% of the body’s energy, which highlights
the evolutionary necessity of its efficiency (Aiello & Wheeler 1995). The high EQ of humans reflects
an evolutionary trajectory in which increasing brain complexity became essential for survival and
reproduction (Jerison 1973). Furthermore, the social brain hypothesis (Dunbar 1998) suggests that
the demands of maintaining complex social networks played a crucial role in driving brain size and
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cognitive capacity. Together, these factors highlight the evolutionary balance between adaptability,
energy efficiency, and the cognitive demands that define human intelligence.

Large language models (LLMs), such as GPT-3 and GPT-4, exhibit impressive emergent capabili-
ties but require billions (or perhaps trillions) of parameters and vast computational resources (Brown
& et al. 2020). Despite their remarkable scale, these systems are still approximately two orders of
magnitude less complex than the human brain when comparing the number of model parameters to
synaptic connections. This disparity suggests that the Kolmogorov Complexity of human intelligence,
as a natural phenomenon, may be significantly higher. While LLMs demonstrate that scaling can
lead to emergent properties, their current efficiency and adaptability fall far short of human cognitive
skills. This raises the hypothesis that scaling (Kaplan et al. 2020) and complexity are prerequisites for
achieving higher-level cognitive functions, although empirical validation is necessary to substantiate
such claims.

The Kolmogorov Complexity of human intelligence reflects the intricate structure, connectivity,
and adaptability of the brain, shaped by evolutionary pressures that have optimized it for advanced
cognitive tasks. Comparing human intelligence to AI models systems highlights the interplay between
biological complexity and computational efficiency. Kolmogorov Complexity provides a valuable
framework for understanding the immense informational content and adaptive capabilities underlying
human cognition.

Scale may be a critical factor, both in nature and AI. While the basic structure of a neuron in the
human brain is similar to that in the brain of an ape, the overall size and complexity of the brain are
decisive. As Noam Chomsky famously remarked (Chomsky 2007), “It’s about as likely that an ape will
prove to have a language ability as that there is an island somewhere with a species of flightless birds waiting for
human beings to teach them to fly.” Apes likely lack the capacity for language not because of qualitative
differences in individual neurons but due to the insufficient size and complexity of their brains to
support the intricate structures and dynamics required for linguistic ability.

4. Capacity, Complexity, and the Pursuit of AGI
Nature offers profound lessons about the prerequisites for achieving human-level intelligence.

Observations from biology suggest, in our view, that both capacity and complexity are integral for
advanced cognitive abilities. The human brain demonstrates a scale and intricacy that far surpass
current AI models. In this section we discuss how insights from nature align with trends in the
development of large language models (LLMs) and their implications for the pursuit of AGI.

4.1. Emergent Properties in LLMs

Scaling laws in transformer models suggest that increasing parameters is associated with emergent
behaviors such as zero-shot reasoning and few-shot learning (Brown & et al. 2020). For instance, GPT-3
can answer questions, translate between languages, and perform arithmetic without specific task-
based fine-tuning (Bommasani, Rishi et al. 2021; Brown & et al. 2020). Recent work suggests that these
emergent behaviors may arise from the interplay between scaling, training objectives, and architectural
innovations (Wei & et al. 2022). However, the precise mechanisms underpinning these emergent
properties remain an area of active research.

4.2. Biological Comparisons

While the number of parameters in LLMs approaches trillions, their architecture remains far
simpler than the hierarchical and distributed processing found in biological brains. For example,
the human brain’s use of specialized regions, dynamic plasticity, and parallel processing provides
efficiencies and adaptability that AI models cannot yet replicate (Deacon 1998; Herculano-Houzel
2009). Furthermore, synaptic connections serve multiple roles, including plasticity and learning, that
far exceed the static weights (parameters) of artificial models. These architectural and functional
differences highlight the challenge of achieving AGI through scale alone.
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4.3. The AI Arms Race

The push to scale LLMs has led to significant infrastructure investments. OpenAI’s partnership
with Microsoft for Azure supercomputing infrastructure exemplifies this trend, with reports of data
centers leveraging tens (or hundreds) of thousands of high-end GPUs for model training (CDoTrends
2023). Similarly, Google’s development of TPU clusters demonstrates the increasing demand for
specialized hardware to support the computational requirements of large-scale models (HPCwire
2024). These developments support the prevailing view that scaling computational resources is critical
for advancing AI capabilities.

A central question remains: will continued increases in capacity and complexity lead to the emergence of
AGI? While LLMs have demonstrated remarkable capabilities, such as reasoning and commonsense
knowledge, they still fall short of human-like adaptability and generalization (Bommasani, Rishi et
al. 2021). The hypothesis that AGI requires not just larger models but qualitatively new forms of
complexity—analogous to the structural diversity in the human brain—remains a focus of ongoing
research. Nevertheless, scaling trends provide a compelling framework for exploring the boundaries
of what AI can achieve.

The trajectory of LLM development highlights capacity and complexity as significant factors
influencing intelligence levels. By observing scaling laws in artificial systems and their parallels in
biological intelligence, researchers are charting a path that may one day bridge the gap between current
AI systems and AGI. Whether this path ultimately leads to AGI remains uncertain.

4.4. Is Attention All We Need?

The success of transformer architectures, driven by attention mechanisms, has prompted questions
about whether the attention mechanism alone is sufficient for achieving AGI. Attention allows models
to focus computational resources on the most relevant parts of input data, enabling state-of-the-
art performance in language understanding, reasoning, and other domains (Brown & et al. 2020;
Vaswani et al. 2017). However, while attention has proven transformative, it may not address all the
requirements for AGI.

One limitation of attention mechanisms is their lack of intrinsic long-term memory and adaptabil-
ity. Human intelligence relies heavily on persistent memory and dynamic reorganization of neural
pathways, allowing individuals to adapt to novel environments and tasks without retraining. In
contrast, current models require extensive fine-tuning or retraining to generalize to new domains
(Marcus & Davis 2019).

Moreover, the human brain incorporates a wide array of mechanisms, including hierarchical
processing, feedback loops, and modular specialization, that go beyond the capabilities of attention
(Miller & Cohen 2001; Mountcastle 1997). These processes enable rapid contextual shifts, multitasking,
and the integration of sensory and conceptual information. Achieving AGI may require innovations
in AI architectures that mirror this complexity, such as dynamic models, neurosymbolic systems, or
embodied AI (Marcus & Davis 2019).

Critiques of large-scale models, such as those in (Bender et al. 2021), further highlight the potential
limitations of attention-based systems. They argue that scaling alone risks creating “stochastic parrots,”
models that generate coherent but fundamentally shallow outputs lacking true understanding or
reasoning. This raises concerns about whether current trends in scaling and attention are sufficient for
achieving AGI or whether fundamentally new paradigms are required.

While attention has been a cornerstone of recent advances, its sufficiency for AGI remains an open
question. Progress may depend not only on scaling but also on the discovery of fundamentally new
mechanisms that address the limitations of current architectures.

5. Revisiting the Chinese Room Argument
The Chinese Room Argument, proposed by John Searle in 1980 (Searle 1980), remains a cor-

nerstone of philosophical debates on AI. Searle’s thought experiment challenges the notion that
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computational systems can possess true understanding or consciousness. In the argument, a person
inside a room manipulates Chinese symbols based on syntactic rules provided in English, produc-
ing responses indistinguishable from those of a native speaker. Despite this, the person does not
understand Chinese, leading Searle to conclude that syntax alone cannot generate semantics.

Large language models (LLMs) such as GPT-3, GPT-4, and Gemini demonstrate impressive
linguistic capabilities, including generating coherent text, translating between languages, and even
engaging in logical reasoning (Brown & et al. 2020). These systems, however, operate by statistically
modeling language patterns from vast training data. According to Searle’s argument, this statistical
manipulation—no matter how advanced—lacks any intrinsic understanding or semantic content,
replicating the person in the Chinese Room.

Critics of Searle, including Daniel Dennett, argue that the distinction between simulation and
genuine understanding may be less significant than Searle posits (Dennett 1993). Dennett suggests that
understanding could emerge from sufficiently complex systems, whether biological or computational,
and that the absence of human-like introspection does not preclude meaningful forms of cognition.

Recent advances in AI, particularly the emergent capabilities in LLMs (Wei & et al. 2022), have
reignited debates surrounding the Chinese Room. These models exhibit behaviors that go beyond rote
pattern matching, raising questions about whether “understanding” might emerge at a certain level of
complexity. For instance, GPT-3 can generate responses that suggest contextual awareness and abstract
reasoning (Brown & et al. 2020).

Despite these advances, the core challenge posed by the Chinese Room persists: do these systems
truly understand, or are they merely simulating understanding? As Searle emphasized, this question hinges
on whether computational systems can bridge the gap between syntax and semantics.

The Chinese Room Argument continues to serve as a provocative lens through which to evaluate
the capabilities and limitations of modern AI systems. While recent breakthroughs in LLMs suggest
that emergent properties can enhance the appearance of understanding, the philosophical distinction
between simulation and genuine cognition remains unresolved. Whether the increasing complex-
ity and capacity of AI systems will eventually render the Chinese Room obsolete—or reinforce its
validity—remains an open question.

6. Conclusions and Synthesis
This paper has examined the interplay between Daniel Dennett’s philosophy of mind, Kolmogorov

Complexity, and the rise of Transformer models in AI, highlighting insights into the prerequisites
for human-level intelligence. Observations from nature emphasize the importance of capacity and
complexity, as exemplified by the human brain’s remarkable adaptability, which far surpasses current
artificial systems. The scaling trends observed in modern AI suggest that these principles are not only
desirable but likely essential for achieving advanced cognitive abilities.

Transformer models, such as GPT-3 and GPT-4, illustrate how increasing size and complexity can
correlate with emergent capabilities such zero-shot learning and multilingual reasoning. However,
current architectures still fall short of AGI, lacking the adaptability, long-term memory, and hierar-
chical processing found in biological systems (Bommasani, Rishi et al. 2021; Marcus & Davis 2019).
Achieving AGI may innovations that go beyond scaling—perhaps integrating dynamic memory and
neurosymbolic reasoning (Lake et al. 2017; Marcus & Davis 2019).

Beyond AI research, Transformer models hold promise for addressing challenges in astrophysics
and cosmology. Instruments such as the SKA, JWST, and Vera Rubin Observatory generate immense
datasets requiring tools capable of capturing long-distance relationships and nuanced patterns. Trans-
formers and other deep learning models have the potential to assist in identifying rare astronomical
events, such as fast radio bursts, and in uncovering subtle features in spectroscopic data that reveal the
physical processes governing distant galaxies (Allam Jr & McEwen 2024; Boersma et al. 2024; Gómez
et al. 2020). Their ability to model relationships across distributed data offers new opportunities to
understand large-scale cosmic structures and their evolution.
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In conclusion, the interplay of capacity, complexity, and emergent behavior offers a guiding frame-
work for AGI research and, by bridging biological insights, computational theory, and practical tools,
transformers advance our understanding of intelligence and provide new approaches to exploring the
universe.
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