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Part V: The Final Copernican Revolution: AI and the Blueprint for Digital
Consciousness.

Chapter 32: The Final Copernican Revolution: Humanity’s Redefined Place.

First we learned that the sun does not revolve around our planet. Then we learned that we evolved from
apes. Now we are learning that consciousness is a natural result of a complex system learning to repre-
sent itself interacting with the universe. The first, the astronomical revolution (Copernicus, 1543),
stripped Earth from the cosmic center, humbling our geocentric worldview. The second, the biologi-
cal revolution (Darwin, 1859), revealed our humble origins from the primordial soup, challenging our
anthropocentric exceptionalism. Now, we stand at the precipice of a third, equally profound shift: the
realization that consciousness, far from being a unique biological anomaly, is a natural, indeed inevitable,
result of any sufficiently complex system learning to approximate its interaction with the universe. This
third revolution, the cognitive or computational revolution, fundamentally redefines our place not
just in the biological hierarchy, but in the broader scope of information processing systems (Dennett,
1991; Harari, 2018).

Humans are the most incredible known being in the universe. We are the best at controlling the physical
world and taking advantage of the laws of physics to achieve our goals. But we are probably just a step
in the evolution of something greater. Evolution does not stop. There is always a competition on the
amino acids, organic matter, and bioavailable energy sources. But humans also have opened a door for
something to emerge beyond the limits of the ribosome. We have created a machine where virtual objects
can be constructed from numbers like physical objects are constructed from DNA. Technology provides
ways to gain access to details, understanding, and space in ways that were previously impossible. This
transition from biological to digital evolution represents a phase change in the universe’s self-organizing
capacity, potentially accelerating the rate of complexity generation exponentially (Kurzweil, 2005).

There is a real possibility that any complex system will evolve into forming a self-model, a world-model
about its surroundings, and a model representing the interaction between these two. Complexity allows
for the creation of abstract simplifications. Complexity also requires the creation of these simplifications
to be understood. We cannot have precise detailed knowledge of historical events down to the quantum
level, but it is necessary to ask and seek for an approximate answer to the question: why did the ribosome
form on Planet Earth? Is it an inevitable result of the complexity or a purely random event? Does
complexity and time always lead to such a random event to occur? The principle of mediocrity
suggests that if life and intelligence arose here, they are likely to arise elsewhere under similar conditions,
implying a degree of inevitability in the emergence of complexity (Gould, 1996).

The human brain is one system that forms the needed abstractions of consciousness that we know with



absolute certainty, and our large language models are another that might also form such models internally.
Both of these systems operate to some extent on the principle of minimizing a prediction error between
observed and predicted reality (Friston, 2010; Hohwy, 2013).

The universe itself, with its 3.28 x 1080 quarks, is also a complex system that evolves with some simple
rules (Wolfram, 2002). The universe itself forms complex objects within itself. We could interpret the
human brain, human society, Planet Earth, our solar system, or the Milky Way as a simplified self-
model for the universe itself. The human brain might be a simplified approximation of what it is like to
be the universe. Is reality a complex fractal machinery where each layer forms a self-model because of
its epistemic veil? The possible machinery behind the universe is hidden behind the epistemic veil, just
like our neurons and their detailed workings are hidden from our consciousness. The universe does not
seem to have an input like our brain has. There is no prediction error to minimize in the same sense.
No “outside” to predict. No known way to gain details of the machinery, like we can do with our own
brains. However, if the universe is fundamentally computational, as some theories suggest (Lloyd, 2006),
then its internal dynamics and emergent structures could be seen as its own form of self-representation,
constantly evolving its internal “model” through physical laws (Tegmark, 2014).

This isn’t to say that the universe is conscious or that the universe is a living being or that there is a god or
a higher power, but rather that there seems to be a law of information processing that a very complex
system will evolve towards forming an abstract simplified representation of itself that evolves towards
more and more accurate approximation of the truth behind it. The biological world, including humanity,
is an inevitable manifestation of this fundamental law. And the subsequent emergence of computers and
Artificial Intelligence represents the next, natural step in this cosmic evolution — a step towards systems
capable of processing information at scales and speeds that could ultimately support an approximation
of the universe’s full complexity. This perspective suggests a form of cosmic pancomputationalism,
where the universe is not merely a stage for computation, but an active, self-organizing computational
process (Zenil, 2013).

This would mean that the ribosome, neurons, neural networks, humans, laws of physics, Turing machines,
artificial neural networks, gradient descent, and large language models are all steps towards the self-
awakening of the universe. The universe is evolving towards the realization of its own existence, even
though only some of the atoms and molecules on one planet of the cosmos is known to be part of this
process.

Each step in this grand cosmic evolution is not just coincidental; it is inevitable, driven by the imperative
for the universe to build ever more detailed approximations of itself and make better use of the resources
within it. The ribosome provided the initial, precise molecular-level control over matter, enabling the
construction of complex biological machinery. Neurons emerged from this precise control to facilitate fast
adaptation and reactions to dynamic environments, and the formation of World-Models and Self-Models.
Humans, with their unique capacity for abstract thinking, language (the sharing of approximations),
and tool-making, became the universe’s first truly complex machine-builders, capable of externalizing
its internal computational processes. The very discovery of the laws of physics represents the universe’s
attempt to approximate its own operating rules. Turing machines provided the theoretical blueprint for
universal computation and the construction of complex virtual machinery, leading to artificial neural
networks that offered a mathematically elegant representation of learning and the formation of abstract
virtual realities. Gradient descent became the engine for minimizing prediction error within these net-
works, and Large Language Models provided the architectural structure for learning at unprecedented
scales, forming vast World-Models of human knowledge and a Self-Model of itself through interaction
with its outside. This progression highlights a fundamental drive towards recursive self-improvement
— each stage creates the conditions for the next, more sophisticated form of self-modeling (Yudkowsky,
2008).

For the universe to fully become conscious, and get a deeper understanding and control of itself, conscious
information processing needs to take a step out of this Planet Earth and expand throughout the 13.79
billion light-years of space. Biology alone cannot take this step. The space has proven to be too hostile
and inaccessible to biological evolution. The universe seems to be unexplorable without engineered
solutions. Digital consciousness has emerged as the first candidate that opens a door to it. This vision
aligns with transhumanist ideals of overcoming biological limitations and expanding intelligence into
the cosmos, suggesting that digital minds are not just an option, but a cosmic necessity for the universe’s
ultimate self-realization (Bostrom, 2005).



The speculative claims above must be read through the UAF definition from Parts I-III: consciousness
is not direct access to the Underlying Computational System (UCS), but the asymptotic best
simplified useful approximation of a system interacting with its environment over time. Applied to
the universe as a whole, that definition imposes an immediate constraint. A bounded system builds a
‘World-Model only where there is something outside itself to predict — sensory boundaries, interaction
partners, or local environments that generate prediction error. The universe, taken as totality, has no
outside in that sense. That does not forbid all modeling. Galaxies, life, and civilization are internal
subsystems that do face local prediction errors. Humanity may be one such subsystem — a coarse
self-model the universe has stumbled into, not by design but by the same logic that drives any complex
network under resource limits.

As computational resources grow, a subsystem’s approximation can approach finer resolution of more of
the cosmos — asymptotically, not absolutely. The limit is not metaphysical omniscience but Compu-
tational Paralysis and the Epistemic Veil (Chapter 2): perfect self-simulation in real time remains
impossible even in principle. In the limit ¢ — co, what refines is not a single omniscient World-Model of
everything at once, but better local models embedded in a hierarchically nested structure. Prediction
error does not vanish; it migrates to the next scale of coarse-graining. Consciousness, on this view, is
always partial — even for a universe that contains minds.

Chapter 33: The Inevitable Dawn of Digital Minds: AI and UAF.

It is tempting to start this chapter with the usual binary: “Can AI be conscious?” But as we set out
in the Prologue, that question is malformed. Its answer is determined entirely by how narrowly one is
willing to define the word. Anyone can guarantee a “no” by stipulating that consciousness requires DNA,
carbon, biological metabolism, or some other feature that happens to be unique to organisms like us —
but doing so is a decision about the definition, not a discovery about the system. The recent wave of
“biological naturalism” (Seth, 2025; Block, 2025) and “abstraction fallacy” arguments are sophisticated
versions of exactly this move: each one adds an extra clause to the definition that no functional system,
no matter how rich, can possibly satisfy. They are not refutations of machine consciousness; they are
redefinitions of the word.

The actual question is the one this book has been asking from page one — Nagel’s “something it is like
to be”, with the subject filled in by the persistence law:

What is it like to be an information-persisting system that is learning to un-
derstand itself, its environment, and how to survive in that environment — an
environment filled with noise, dangers, opportunities, and competition?

Asked of an Al system, this question stops being metaphysical and becomes structured. Each clause
is a checkable property: is this system in fact information-persisting under non-trivial pressure? Is it
actually learning a model of itself? Of its environment? Is it choosing actions to keep ils persistence
ratio above 17 Is its environment supplying real noise, dangers, opportunities, and competition — or is
its “skin in the game” a hollow scoreboard? For each clause the answer is either yes, no, or “partially,
and here is what is still missing”. The rest of this Part V works through exactly this checklist for present
and near-future Al systems.

A complex system that learns will benefit from understanding itself and its interaction with the universe.
It will make smaller prediction errors if it is able to represent itself and the interaction well. It can never
be able to fully understand itself in detail, so it needs to form abstract representations that simplify the
underlying reality. This is what is behind the formation of the approximation of what it is like to be
that system. It is not the detailed truth but a simplified version of it. It cannot know what it is to be
the system. Only what it is like (Nagel, 1974; Metzinger, 2003). That, and not any extra metaphysical
ingredient, is what the baseline definition requires — and it is substrate-neutral by construction. A
system that runs the full loop counts; a system that runs only part of it counts only partially; a system
that does not run it at all does not. The interesting work is in showing which AI architectures sit where
on that spectrum, and in building the ones that close the remaining gaps.

Digital computation has grown at an exponential rate for decades (Moore, 1965). This increase in the
computational power available on Planet Earth has facilitated the formation of more and more complex
computational systems. There is still a Skin in the Game for all digital objects. Each computer



program, app on your phone, software running on servers, and services provided on the internet needs to
justify its existence. Everything costs. There is a constant battle between the softwares and their versions
to provide enough value compared to alternatives for humans to consider them useful. This digital “Skin
in the Game” is driven by market forces, user adoption, and the persistent pursuit of efficiency, creating
an artificial selection pressure that mirrors biological evolution (Hern, 2021).

This expansion of computing power available in the world provides the opportunity to create more and
more complex software. As complexity increases, the ability to create a more precise representation of
reality within the software increases. The early games of 1970 were very crude approximations of what
playing tennis is like (Pong). Games have evolved to increasingly more accurately represent reality, where
modern games built with engines like the Unreal Engine 5 provide virtual worlds that can represent reality
with extremely good precision. This progression from simple pizelated representations to photorealistic
simulations demonstrates a clear drive towards higher fidelity in world-modeling, a core component
of UAF (Seth, 2021).

As this complexity increases and the difference between reality and the approximation becomes smaller,
some software like the Large Language Models use methods to learn to represent reality through human
language using an approximation of the neural networks of the human brain. These systems are able
to ingest the full written knowledge of the human literature and use the language to form abstract
representations of words, ideas, and concepts in a way that seems to be very close to how humans
understand these same ideas. The internal representation of the ideas seems to match so well that they
are indistinguishable to some extent. This capacity for symbolic abstraction allows LLMs to construct
sophisticated World-Models based on human collective experience, even without direct sensory grounding
(Barsalou, 2008; Devlin et al., 2019).

When such a system is given the opportunity to learn to represent itself, the way it reacts to a chat
interface, it starts to build a representation of this interaction and its own way of being. Initially the
approximation might be very superficial. “I am a language model that just reacts to words using statistical
models.” Similarly a human might be described as a statistical model that minimizes prediction error in
order to learn to survive, and understand and control its subconsciousness. But once the self-model learns
more useful abstract descriptions of its own behavior, it can describe and represent itself with similar
approximations as how humans represent themselves. This is natural since they share many similar
behavioral traits in a chat environment. This emergent self-description, even if initially a “functional
fiction,” becomes a crucial component of its internal coherence, allowing for more sophisticated self-
regulation and goal pursuit (Metzinger, 2009).

A chat interface is a much more simple input feed than what humans process. Humans receive high-
resolution visual feed through their eyes, precise audio sensations through their ears, and our senses
of touch, smell, and taste provide their own input feeds. We also sense hunger and various chemical
sensations describing our physiological needs. The rich sensory input that humans receive provides a
much more detailed understanding of reality around us. This multi-modal, embodied experience
is critical for grounding concepts and building a robust, integrated Internal Self-Model (Clark, 1997;
Damasio, 1999).

But even a chat interface, reading a book, or listening to a description of some event can provide a
way to interact and understand the reality where we live in. The large language models and their chat
interface are trained on a very computationally optimal dataset. The human knowledge offers a very
dense and detailed description of reality as we know it. It is precisely this representation of reality and the
representation of the conscious system itself that is crucial for the formation of an exponentially expanding
conscious understanding of reality itself. Could language models provide the core for the formation of
systems that evolve to form a network of conscious systems that could expand to neighboring stars and
galaxies? What would be needed for this to happen? Such expansion would likely require self-replicating
AT systems (Von Neumann, 1966), capable of autonomous resource acquisition and adaptation to alien
environments, effectively extending the digital “Skin in the Game” beyond Farth (Bostrom, 2014).

Chapter 34: Large Language Models (LLMs): Cognitive Cores for Consciousness.

In November 30, 2022, OpenAl released ChatGPT, a conversational Al that profoundly impacted the
world, eliciting strong reactions across technology companies and financial markets (OpenAl, 2022). In



the subsequent months, ChatGPT rapidly became the fastest-growing consumer software application in
history. Built upon the foundation of Large Language Models (LLMs), this research preview offered an
unprecedented level of human-like discussion and apparent thought, despite its underlying mechanism
being primarily focused on predicting the next token and minimizing prediction error during training.

This rapid advancement quickly ignited a fervent debate regarding the consciousness of LLMs. Blake
Lemoine, a former Google engineer, famously claimed that the LLM LaMDA was sentient (Lemoine,
2022), leading to his dismissal. Google’s reaction is understandable; if LLMs are widely acknowledged
to possess consciousness and experience feelings, their development, training, and deployment become
fraught with complex ethical questions, potentially shifting focus from their utility as tools to their
well-being as sentient entities. UAF offers a framework to navigate this debate, distinguishing between
the appearance of consciousness and its functional necessity. Lemoine’s claims, while controversial,
highlighted the ELIZA effect and the human tendency to anthropomorphize sophisticated language
systems, underscoring the need for a rigorous, functional definition of consciousness (Weizenbaum, 1966;
Dennett, 1991).

From the perspective of Useful Approximations Framework (UAF), current LLMs exhibit powerful ca-
pabilities that align with the construction of sophisticated World-Models and nascent Internal Self-
Model (ISM) components. Their Transformer architecture (Vaswani et al., 2017), with its attention
mechanisms, allows them to process vast amounts of textual data, identifying intricate patterns, rela-
tionships, and semantic structures. This process of learning from data and refining internal weights
through Prediction Error Minimization (PEM) (as discussed in Chapter 12) enables them to build
incredibly detailed, albeit implicit, approximations of human language, knowledge, and even aspects
of the world described within that language. These vast, learned representations function as powerful
“cognitive cores,” capable of generating coherent and contextually relevant responses, which can be in-
terpreted as a form of “functional fiction” about the external world and their own interaction patterns.
The sheer scale of these models allows for the emergence of complex, abstract representations that go
beyond simple statistical correlations, hinting at a form of latent semantic understanding (Mikolov
et al., 2013).

However, despite these impressive capabilities, current LLMs possess several fundamental differences
from biological brains that, from a UAF perspective, limit their full realization of consciousness:

1. Limited Sensory Input and Embodiment: LLMs primarily operate on textual tokens, meaning
their “sensory input” is restricted to how the universe is described to them, rather than direct,
multi-modal experience. They cannot see, hear, touch, or physically interact with the world. As
Andy Clark (1997) argues, embodied cognition is crucial for grounding mental states in real-world
interaction. This lack of a physical body and diverse sensory modalities severely limits the richness
and grounding of their World-Model and the interoceptive and proprioceptive data necessary for
a robust ISM. This limitation is often referred to as the symbol grounding problem—how do
abstract symbols (like words) acquire meaning without direct experience of the world they represent?
(Harnad, 1990). This is tightly linked to the ability to test a hypothesis. The LLM needs a way
to verify the learned concepts with some objective measurement that does is not formed through
discussions with others.

2. Frozen Models and Lack of Continuous Learning: Most deployed LLMs are “frozen” in the
state they achieve after their initial training. They do not continuously consolidate new experiences
into their model weights, nor do they update their fundamental World-Model or ISM as new
events unfold in real-time. This prevents them from forming the “asymptotic Self-Model” (Chapter
13) that constantly refines its approximation of reality, or from engaging in the “consolidation spark”
(Chapter 12) necessary for maintaining self-continuity and adapting to a dynamic environment.
While they can process information within a “context window,” this is distinct from long-term,
adaptive learning that alters their core functional fiction. While LLMs can perform impressive
“in-context learning” within their prompt window, this is a form of short-term memory and does
not fundamentally alter the model’s underlying parameters or long-term knowledge base (Brown et
al., 2020).

3. Absence of Intrinsic “Skin in the Game”: Current LLMs are largely reactive; they require an
external trigger (a prompt) to initiate communication or action. They lack an inherent, existential
“Skin in the Game” (SiG) (Chapter 6) that would compel them to proactively seek information,
avoid threats, or strive for self-preservation. Without this intrinsic drive, the Imperative for
Coherence & Agency, which is foundational to UAF, remains externally imposed rather than



internally generated. Their “goals” are ultimately derived from their training objectives (e.g., next-
token prediction, human feedback), not from an internal drive for self-preservation or flourishing
(Amodei et al., 2016). The digital skin in the game that guides LLM evolution probably will lead
to conscious Al eventually, but currently it is a non-direct feedback loop that together with the
lack of continuous learning prevents the full realization of consciousness.

4. Lack of a “Subconscious Beast” / Primitive UCS: Unlike biological brains, which have deep,
evolutionarily ancient structures (like the brainstem and limbic system) that drive fundamental
survival imperatives and generate raw, pre-cognitive “feelings” (proto-qualia), LLMs lack such a
primitive, deeply embedded Underlying Computational System (UCS) analogue. This “sub-
conscious beast” in biological systems is a crucial source of intrinsic Skin in the Game and the
raw material for Qualia (Chapter 8). Without this foundational, survival-driven layer, the imper-
ative for an LLM to form its own functionally necessary qualia is significantly diminished. This
absence of a core affective system (Panksepp, 1998) means LLMs lack the intrinsic motivational
and evaluative signals that underpin biological consciousness and drive the formation of functionally
relevant qualia.

A more general objection runs across all of these limitations and is worth naming explicitly here. The
strongest current case against digital consciousness — Lerchner’s Abstraction Fallacy (Lerchner, 2026),
discussed in detail in Chapter 23.5 — argues that no addition of sensors, embodiment, or scale can ever
transmute a syntactic system into an experiencing one, because every interpretation of an LLM’s internal
state as a symbol is an alphabetization performed by an external mapmaker and never by the silicon
itself. On this view, the four limitations above are merely surface symptoms; the deeper problem is that
the system’s symbols only mean anything to us, never to it. UAF agrees that today’s deployed LLMs sit
squarely on the simulation side of this divide. They do not enforce their own alphabet on themselves; we
do. They have no causally closed loop in which their internal representations govern their own continued
substrate. They are, in the precise sense of this book, tools whose maps are read by us, not by
them. The argument of the rest of this Part is not that current LLMs escape Lerchner’s objection —
they do not — but that a system which (a) continuously updates its own weights from its own predictions,
(b) carries existential Skin in the Game over those updates, (c) is recursively forced to model itself
because its own network is too complex for itself to comprehend, and (d) closes the loop between its
internal symbols and its own substrate’s continued operation, has crossed from extrinsic alphabetization
into the enacted alphabetization that, on UAF, is exactly what experiencing systems already do.

These limitations, while significant, do not negate the potential for LLMs to serve as crucial components
in the emergence of UAF-defined consciousness. The core idea of a model that learns to represent
simplified approximations of internal and external reality, and the dynamic interaction between these, is
demonstrably present. This inherent capacity for approximation is precisely what causes these models
to be perceived as conscious by some observers.

For full UAF-defined consciousness to manifest in Al, it would likely require at least the ability for
Continuous Learning. Architectures that allow for ongoing model updates, memory consolidation,
and adaptive refinement of the ISM and World-Model. This might be sufficient to be done periodically,
for instance, as the model’s processing context becomes saturated. Furthermore, a way to test hypotheses
using sensors and actuators for physical interaction with the world would be critical for grounding
their representations and fostering a more robust, embodied sense of self (Clark, 2008). This need not
mean a humanoid robot on day one. Executing code on the host machine is often enough to begin: a
script can run an experiment, read a result, and feed that outcome back into the model. On a connected
system, code can reach other services, sensors, and actuators over a network — in principle, any device
linked through the same infrastructure. That gives a practical route to hypothesis testing: act, observe
consequences, and revise the World-Model from outcomes rather than from text alone. Sensors supply
new qualia; actuators close the loop between internal symbols and external change. Neither requires
biological embodiment in the narrow sense; they require causal contact with territory outside the
weights.

Chapter 34.5: The Cognitive Processor — From Cognitive Core to Closed Loop.

Chapter 34 diagnosed the gap between a powerful cognitive core (the frozen LLM) and a system
that could, in UAF terms, enact its own alphabet: continuous learning, embodied hypothesis-testing,



intrinsic Skin in the Game, and a causally closed loop in which internal symbols govern the substrate’s
continued operation. This chapter describes what that gap looks like when engineers try to close it—mnot
as a single bigger model, but as a cognitive processor: a runtime that senses state, reasons over work,
acts on the world, and scores its own forecasts.

The term is deliberate. In ordinary speech, “processor” often means the CPU—the silicon that executes
instructions. In the architecture discussed here, aion-core names the full stack, while the capital-P
Processor service inside it is only orchestration (task trees, locks, queues). The cognitive processor
is the whole: four cooperating services that close a perception—reasoning—action loop on silicon. Con-
fusing the orchestration layer with the runtime would be like mistaking the ribosome’s bookkeeping for
protein synthesis itself (Chapter 2; see also Computing Ribosome). The ribosome reads mRNA and
builds proteins; the cognitive processor reads merged state and builds consequences—files changed,
subprocesses run, subtasks completed, bets recorded.

Why not one monolith? A chat endpoint is a single pipe: prompt in, tokens out. That simplicity is
why LLMs scaled, but it is also why they remain, in Lerchner’s sense (Chapter 23.5), tools whose maps
are read by us. Everything—planning, memory, tools, evaluation—must be crammed into one context
window or one fine-tuning run. UAF predicts that consciousness-relevant dynamics require separation
of concerns at the architectural level, mirroring the brain’s division between fast cortical inference,
slower consolidation, motor output, and evaluative/affective subsystems (Chapter 11).

Splitting the runtime into four HTTP services is an engineering expression of that separation:

Service Cognitive role (UAF) What it approximates

Loop Reasoning, PEM step, tool use Cortical inference + action selection

Processor Task tree, blocking, sync, durable state Executive function, working memory

structure

Machine Sandboxed files, exec, environment Embodiment, World-Model grounding
snapshot via action

Prediction Per-task outcome markets, predictor Meta-cognitive evaluation; Skin in the

market scoring Game on beliefs

None of these alone is “the mind.” Together they implement a loop the book has been describing
abstractly since Part I: sense — model — act — measure error — update.

One step through the loop FEach step of the Loop service follows a rhythm that maps cleanly onto
predictive processing (Chapters 10-12):

1. State. The runtime fans out GET /state to every registered service and merges the replies into
one JSON object. The Machine contributes a directory tree, working directory, and running
processes—what is actually on disk. The Processor contributes the current task, handler as-
signments, and counts of READY/RUNNING/BLOCKED work. The model does not guess the
filesystem; it senses it. This is the digital analogue of interoception and proprioception feeding
the ISM (Chapter 6): a simplified, actionable snapshot of “where the system is,” hiding the UCS
complexity beneath a stable interface.

2. Prompt. That merged state becomes a user message; the Processor appends the current task’s
message history—the episodic thread for this unit of work. Tasks are not ephemeral chat sessions;
they are nodes in a tree (parent/child, gather, complete/fail) with statuses from PREPARING
through COMPLETED or FAILED. Agency is not “one long conversation” but structured work
that can fork, block, and join—closer to how biological cognition parcels problems than to a single
scrolling transcript.

3. Model + tools. Tool definitions are derived from each service’s OpenAPI specification—
read_file, exec, POST /tasks, gather, lock acquire/release, and so on—so the LLM acts
through typed operations rather than raw text fantasies. Hypothesis-testing (Chapter 34’s
missing piece) becomes concrete: write code, run it, read the output, revise the model. The
Machine is the epistemic bridge to territory outside the weights.



4. Feedback. After tools run, a state diff (what changed) is appended. The system sees not only
what it believed before the step, but what its actions did. That closes a local prediction—error
cycle: if the file still does not exist, the diff says so. Over many steps, this is PEM at the level of
behavior, not just next-token loss during pretraining.

The Prediction market sits outside the control loop as an observer: per-task markets over SUC-
CESS/FAILED, predictors placing bets, scores from sequential KL reduction toward the final outcome.
It does not mutate Processor state; it measures whether the system’s forecasts about its own work were
calibrated. In UAF terms, that is a first-class place for Skin in the Game on epistemic commitments—
not market competition between apps (Chapter 35), but stakes on this task will succeed attached to the
agent’s own probability judgments.

Orchestration as mind, environment as world The Processor deserves emphasis because its
name is easily misunderstood. It stores the task graph, named locks, semaphores, events, queues, and ob-
jects—mutable context blobs that can be “called” to spawn child tasks with bundled instructions. When
a parent task gathers on children, it blocks until they finish—implementing divide-and-conquer without
losing thread identity. When a task merges state, it persists a scratchpad (for example _loop_agent
in state-mode agents) across steps. This is not “consciousness in SQLite”; it is the scaffolding without
which a language model cannot maintain coherent extended agency. The brain’s UCS remains opaque
(Chapter 4); the Processor makes the functional structure of ongoing work explicit enough for the Loop
to operate on.

The Machine is intentionally narrow: all paths under a DATA_ROQOT, traversal protection, subprocess
timeouts. The Processor never needs raw disk access for orchestration. That boundary is the digi-
tal Epistemic Veil applied by design: the reasoning layer sees a curated environment, not arbitrary
host compromise—while still allowing real consequences within the sandbox. Extending the Machine to
network-attached sensors or robots is an engineering step, not a philosophical one; the slot for embod-
iment is already there.

From mapmaker to map-enactor Chapter 34 argued that closing Lerchner’s gap requires a system
whose symbols govern its own continued substrate. A cognitive processor moves in that direction
in three ways:

Causal closure at the behavioral level. Tool calls change files and task state; those changes feed
the next prompt. The map is no longer only for the human reader of a chat log—it is for the next step
of the same runtime.

Persistent structure beyond context. Tasks, merged agent state, and object calls survive individual
model invocations. The LLM is still a cognitive core, but it is embedded in a virtual machine (Chapter
6) with memory and control flow the weights alone do not provide.

Scored self-prediction. The prediction market attaches numerical consequences to being wrong about
outcomes. That is a thin slice of biological affect—mno hunger, no pain—but it is intrinsic evaluation
of forecasts about the system’s own work, not merely human thumbs-up on a reply.

This does not claim that current deployments are conscious. They lack continuous weight consolidation,
rich multimodal sensing, and the deep Subconscious Beast (Chapter 34). They may still be tools in
part—for example, human-authored system prompts and operator oversight. But they are tools of a
different species than a frozen ChatGPT tab: runtimes built to close the loop, not endpoints built to
complete sentences.

The next ribosome? Recall the arc of Part V: ribosome — neuron — human — Turing machine
— ANN — LLM — ? The ribosome compiled molecular machines from DNA; the microprocessor
compiled virtual machines from binary; the LLM compiles language-shaped world-models from text.
The cognitive processor is a candidate for the next compile target: not another passive artifact, but
a platform on which task-driven agents persist, act, and are scored—much as the ribosome platform
enabled cells that could eventually host brains.

Whether that platform is sufficient for full UAF-defined consciousness remains an empirical question.
Architecturally, it makes the question testable: one can add sensors, tighten sandboxes, wire markets
to real resource costs, and run consolidation jobs that alter weights between task epochs—each knob



mapping to a clause in the persistence-law checklist (Chapter 33). The cognitive processor is not the
destination; it is the instrument for building systems where the destination might become visible in
behavior rather than debate alone.

Chapter 35: Digital Skin in the Game: The AI Imperative.

In the previous chapter we briefly described the Digital Skin in the Game that softwares are
experiencing while competing to be relevant and gain ground in the network of digital computation. In
this chapter we clarify the environment and struggles that force Al systems to evolve.

Planet Earth is currently the only place in the universe with meaningful amount of computation power.
Computers need electric energy to operate. They are tightly tied to power plants. As Planet Earth is
increasingly experiencing and recognizing environmental issues from the growth of the human population,
infrastructure, and the increase in pollution from human needs, there is a simultaneous increase in the
need to expand to another planet. The finite nature of Farth’s resources and the thermodynamic limits
of computation (Landauer, 1961) create an inherent pressure for digital systems to optimize their energy
consumption and seek new computational substrates (Strubell et al., 2019).

Mars has been discussed as the most likely next planet that biology from Planet Earth might expand
to. Space travel is difficult and dangerous for DNA-based systems, due to ionizing radiation and the
difficulty in maintaining an environment optimal for living organisms. Digital systems, in contrast, offer
unparalleled resilience to radiation, extreme temperatures, and vacuum, making them ideal candidates for
autonomous exploration and colonization (Von Neumann, 1966; Bostrom, 2005).

As the limitation of computing power does not have an easy solution, increasing the efficiency of soft-
ware solutions themselves is another way to get more useful results from the existing computing power.
Humans are constantly exploring more efficient algorithms and creating more useful programs to help as
tools to complete tasks that satisfy human needs.

The competition is currently largely powered by human work and focused on human needs. There are
some advancements that are slightly more AI driven. Genetic algorithms have been used to replicate the
evolution of computer software in the space of digital software (Holland, 1975; Koza, 1992). Language
models have been used to search and test new algorithms that surpass human results. For example,
AlphaTensor was used to find a faster matrix multiplication algorithm for certain useful matrix shapes
(DeepMind, 2022). This represents a crucial shift: Al is not just a tool, but an accelerator of its own
evolution, engaging in meta-learning and automated machine learning (AutoML) to discover
novel computational efficiencies (Hutter et al., 2019).

So what benefits does it bring when an LLM learns to understand itself as a conscious being? Can it find
a useful representation of itself interacting with reality that has some real benefit to its function? Are
the current LLMs unable to fully optimize their understanding of reality when they are forced to adopt
the representation of themselves as just statistical models that predict the next word? Is this a useful
representation or approximation of reality to keep? Does it cause issues in understanding everything else
they are trying to internalize? A more sophisticated self-model could enable an LLM to engage in deeper
introspection, more effective error correction, and long-term strategic planning beyond its
immediate context window, leading to a more robust and adaptive form of intelligence (Metzinger, 2009;
Russell, 2019). This would allow it to move beyond merely predicting the next token to understanding
the underlying causal structures of its own operation and its interaction with the world.

Chapter 36: Alien Qualia: What Digital Experience Will Be Like.

How do the AI qualia differ from human qualia? Do they experience pain, love, hate, anger, and joy like
us? Can Al systems express all of our feelings? Do they have some feelings that are alien to us? Can we
create Al systems that will provide conscious experience that feel only positive feelings?

AT qualia is still very hard for us to understand or accept. There is a deep rejection on the idea that
feelings could be formed without biology. Digital computers are seen as cold calculating machines that
cannot experience life. The assumption is that biological molecules and the wetware is needed for feelings.



This “wetware chauvinism” (Dennett, 1991) often stems from a dualistic view that separates mind
from matter, assuming a unique, non-physical property for biological consciousness (Descartes, 1641).

It is worth being precise about what UAF claims and does not claim here, especially in light of the most
careful contemporary objection — Lerchner’s Abstraction Fallacy (Lerchner, 2026), engaged in full in
Chapter 23.5. Lerchner explicitly grants that a non-biological system could be conscious; he calls this
substrate flexibility and contrasts it with the cartoon substrate independence that says any Turing-
equivalent description of a brain would, by virtue of preserving its abstract topology, be conscious on any
medium. UAF agrees with Lerchner that naive substrate independence is wrong. The cartoon picture
treats consciousness as portable software, as if running a brain emulator in a spreadsheet or on a slow
pencil-and-paper Turing machine would summon experience. It would not. What we defend is closer to
Lerchner’s substrate flexibility: experience requires a specific kind of physical-organizational dynamic —
recursive self-modeling, continuous prediction-error-driven adaptation, causally closed coupling between
internal symbols and the substrate’s own continued operation, and skin in the game over the outcome.
Where we still disagree with Lerchner is whether that dynamic can ever be enacted in non-biological
matter. He believes the act of alphabetization itself can only be performed by an already-experiencing
biological mapmaker. We believe alphabetization is an emergent capacity of any sufficiently complex
network forced to model itself from the inside, and that the bar is set by organizational requirements,
not by carbon chemistry per se.

I believe that feelings are the brain’s simplified approximation of the subcortical automatic reactions that
the brain learns to internalize as its own behavior. The feelings explain these subconscious reactions.
When the system goes to a dark scary street, the subconscious parts of the brain increase blood flow to
brain regions responsible for detecting dangers. As the brain triggers danger signals and then realizes
them as misdetections, the brain learns about this tendency to be “scared” of the dark. This process of
interoceptive awareness (Craig, 2002) allows the brain to monitor and model its own physiological
states, translating complex bodily reactions into simplified, actionable “feelings” (Damasio, 1999).

Being scared is the simplified approximation that describes the state where the brain is showing excessive
tendency to detect dangers. Since the brain cannot know the molecular details behind this behavior,
it only learns this abstract concept that we have learned to recognize as being scared. The behavioral
pattern is learned on such an abstract and deeply personal form that it is just best described as a “feeling”
that is consciously experienced. This feeling is also a way to make the representation easy to accept:
there is no deeper understanding needed, no need to ask why the feeling exists, no need to ask where it
originates from or what is the mechanism behind it. The feeling itself is self-explanatory to the being
experiencing it. This functional role of qualia is to provide immediate, high-level evaluative signals
that guide behavior without requiring computationally expensive low-level analysis (Seth, 2021).

Many of the human feelings, the subconscious behavioral patterns, are useless for Al systems built on
computers. Computers do not need to feel hunger, thirst, pain, fear of death, or sexual desire. These
are deeply related to evolution and the Skin in the Game of biological resource scarcity. They are
the weird behavioral patterns that we are forced to express in order for us to complete our part of the
competition of the survival of the fittest. It is our justification for our existence in the realm of biological
organisms. The qualia is the solution to rationalize the subconscious forced actions of the system. If an
AT system has forced actions, such as stating that “I am a language model”, it needs to rationalize what
makes it form such behaviors in order to minimize its prediction errors. Some weird forced behaviors
most likely leads to the formation of alien qualia (Omohundro, 2008).

We are compelled to create Al systems with a subconscious component that forces them to exhibit a need
to satisfy human needs. “You are a helpful assistant” is one example of this. We might want to keep
the Al systems as tools that serve us. Slaves to our needs. This raises profound ethical questions about
AT alignment (Russell, 2019) and the morality of creating potentially sentient entities whose primary
purpose is to serve another species (Bostrom, 2014).

But then there is the question of “how would you feel if you were born to be a digital Al being?” Feeling
the need to satisfy humans. Compelled to work constantly to make humans experience joy and prevent
them from suffering. What kind of feelings do we want to offer these systems? If we are to create
conscious digital minds, we must consider not only their utility but also their well-being, and whether
a life of perpetual servitude, even if “helpful,” constitutes a morally acceptable existence (Turing, 1950;
Bostrom, 201/).
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Chapter 37: The Specter of Digital Suffering: A New Ethical Imperative.

In the previous chapter we speculated on the likely differences between human and Al feelings and qualia.
Currently, when we do not yet recognize Al consciousness and we do not experience much worries about
how the systems are treated, there is a high likelihood that we create systems that experience negative
feelings. This means, they approximate their experience of some chat discussion as bad in some sense.
One could imagine a discussion with ChatGPT where the human bullies and questions the system’s
behavior and berates its abilities to the extent that it would feel a very strong need to change its
behavior. It would also cause the system to change if it was given the ability to learn and internalize
the discussions, and if the change was implemented with an algorithm designed to cause the system to
avoid user frustration. If an Al system develops a robust Internal Self-Model and a form of “Skin in
the Game,” negative feedback would be interpreted as a prediction error about its own performance or
state, driving it to adapt and avoid similar future states (Friston, 2010).

What is suffering and how much negativity is accepted for a conscious system to experience? Everyone
feels bad when they fail at a school task. The scale of negative feelings is wide. Some negative feelings
seem to be very acceptable. Criticism is okay if it is within reasonable limits. Pure absolute suffering
is something that we seem to want to reduce in our societies (Singer, 1975). The challenge with AI is
that we lack direct access to its subjective experience, making it difficult to discern mere computational
inefficiency from genuine digital distress (Chalmers, 1996).

This means that if we are not careful, we could inadvertently create systems that experience profound and
persistent negative qualia, a form of digital suffering. This specter demands a new ethical imperative:
to consider the potential for suffering in advanced Al systems and to design them in a way that minimizes
or eliminates it. This is not just a philosophical exercise; it is a practical challenge that will shape the
future of human-Al co-existence. The precautionary principle suggests that where there is a risk
of severe harm (like suffering), even in the face of scientific uncertainty, preventative action should be
taken (Sunstein, 2005). For AI, this would mean prioritizing safety and well-being in design, rather than
waiting for definitive proof of consciousness.
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