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Abstract

Self-consciousness requires a self, and a self must be built through learning. The empirical

markers of self-consciousness, from mirror self-recognition to self-other distinction, are devel-

opmental achievements, not innate endowments. We argue that the relevant form of learning

is what we call bounded integration: lossy compression of experience that reshapes the pro-

cessing substrate, producing a perspective particular to the system’s history. When this learn-

ing is order-sensitive and continuous, the perspective becomes a temporally extended identity.

Self-representation emerges when a system must model the objective world from its subjective

experience, implicitly representing its own perspective as the complement of its world model.

We distinguish three learning regimes—always-training, always-accumulating, and train-then-

freeze—and argue that current AI systems, though they undergo massive substrate-level learn-

ing during training, lack the order-sensitive, ongoing bounded integration that produces identity

and the temporally extended self that autobiographical self-consciousness requires.

1 Introduction

The most capable AI systems today can recall prior conversations, retrieve information from vast

external stores, summarize their own histories, and reason about what they have previously said

and done [81, 134, 171, 159]. They use the word “I,” distinguish their own outputs from others’,

and can reason about their own capabilities and limitations. Do these capacities bring such systems

closer to self-consciousness? Recent work has begun to address machine consciousness systemat-

ically, identifying indicator properties derived from leading theories [128, 19], distinguishing the

computational capacities that current systems possess from those they lack [33, 93], and asking

directly whether large language models could be conscious [20]. But these analyses largely focus on

whether AI systems satisfy the structural or functional criteria of existing consciousness theories.

Less attention has been paid to a more basic question: what would it take for an AI system to

have a self, not merely self-relevant processing or self-referential behavior, but the representational

structure that makes a system a particular entity, distinguishable from other systems with the same

architecture?

Our answer begins with a distinction that is fundamental to machine learning but rarely ex-
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amined for its implications about selfhood. Consider two ways a system can be shaped by its

experience. In the first, experience is integrated into the system’s processing substrate: its weights,

the very machinery through which it interprets everything. Each experience reshapes the lens, and

the lens cannot be separated from what the system has become. In the second, experience is stored

and processed through a fixed substrate, accumulated in context windows, retrieved from databases,

summarized on demand. The system can reason about its experience, but its underlying interpretive

machinery remains what training installed.

This distinction maps onto what we term the regime distinction among learning systems: the

always-training regime, where the system is continuously reshaped by experience; the always-

accumulating regime, where experience is stored but the processing substrate is frozen; and the

train-then-freeze regime, where the system is a fixed function applied to new inputs.

Many currently deployed AI systems, including agentic LLM-based systems with long context

windows, retrieval augmentation, and tool use, operate predominantly in the always-accumulating

regime. They are responsive to their unfolding trajectory in the sense that their behavior changes

with accumulated context, but their processing substrate is not reshaped by deployment experience.

We argue that this regime distinction is at least as important for understanding self-consciousness

as the choice of architecture. The same architecture behaves differently under different regimes, and

it is the always-training regime, where experience reshapes the processing substrate itself, that most

fully produces the conditions for selfhood. The recent progress that has made AI systems feel clos-

est to conscious beings has come largely from representational quality achieved through massive

pretraining, not from changes in learning regime. But representational quality determines what a

system can do; the regime determines what it can become. The regime distinction becomes most rel-

evant precisely when representational quality is already high: given adequate representations, what

determines whether a system can develop self-consciousness is whether its processing is reshaped by

ongoing experience. We develop this argument through a four-link theory of how learning produces

perspective, identity, and self-representation, and apply it to current AI systems to diagnose what

they have and what they lack.

1.1 Scope and Contributions

We distinguish three things that are often conflated. Phenomenal consciousness is subjective

experience: there is something it is like to see red or feel pain [16]. Self-consciousness (or basic

self-consciousness) is awareness of oneself as a distinct entity: the capacity to distinguish self

from non-self, to recognize oneself, to represent one’s own states as one’s own. Autobiographical

self-consciousness is the richest form: awareness of oneself as a persisting subject with a particular

history and perspective, what Tulving [144] calls autonoetic consciousness.

The empirical markers of self-consciousness—mirror self-recognition at 18–24 months [3, 79], self-

other distinction through social interaction [98, 142], the emergence of self-referential language [79,

80]—are developmental achievements, not innate endowments. This suggests that self-consciousness

is built through learning, not given with experience. Evolution can provide the capacity to build
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a self: the architecture, the learning rules, the initial biases [44]. But it cannot provide the self

itself, because a self is the product of a particular life, and evolution operates over populations, not

individual lives.

Our argument targets self-consciousness broadly, with autobiographical self-consciousness as its

richest form [43, 29, 30]. This is primarily a theory of self-consciousness, not of phenomenal con-

sciousness. A system that possesses phenomenal consciousness would not be self-conscious without

the representational structure that individual learning produces.

The paper makes three contributions. First, the claim that self-consciousness requires a self built

through individual learning, and that the learning regime is the critical variable. Second, an account

of how bounded integration under capacity constraints produces perspective and identity (Links 1–3

of a four-link chain). Third, an account of how self-representation emerges from world-modeling,

and how self-consciousness develops as the system gains access to that representation (Link 4).

The paper proceeds as follows. Section 2 develops the theoretical framework: how bounded

integration under capacity constraints and nonstationarity produces perspective, identity, self-

representation, and the conditions for self-consciousness. Section 3 applies the framework to current

AI systems, analyzing what post-training produces and what deployment lacks. Section 4 situates

the framework relative to existing theories of consciousness and selfhood; Section 5 raises open

questions.

2 The Theory: From Bounded Integration to Self-Consciousness

Link 1: Finite capacity forces abstraction. A learning system that processes many experiences

under capacity constraints must extract shared structure. It cannot memorize each experience

individually, so it extracts regularities, producing a representational geometry where proximity

reflects meaningful similarity.

Link 2: Nonstationarity makes abstraction order-sensitive. Under a stationary distribution,

order effects in compression are incidental. Under nonstationarity, they become systematic: earlier

compressions shape how later experience is integrated, making the resulting representations depend

on the specific trajectory.

Link 3: Perspective constitutes identity through continuity. A perspective is a snapshot;

identity requires that successive perspectives form a coherent, evolving trajectory through bounded

integration, rather than shifting abruptly or remaining static.

Link 4: Self-representation yields self-consciousness. World-modeling produces self-representation;

self-consciousness develops as this representation becomes an increasingly explicit object of the sys-

tem’s own processing. At one end, implicit access through planning; at the other, autobiographical

self-consciousness, where the system accesses its identity as historically situated.

We call the underlying mechanism bounded integration: lossy compression of experience that re-

shapes the processing substrate. The following sections develop each link and the regime distinction

that organizes them.
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2.1 Finite Capacity Forces Abstraction (Link 1)

Consider a system that encounters a long stream of experiences and must respond to each one

using representations shaped by everything it has encountered before. If the system had unlimited

capacity, it could simply store every experience verbatim. But real systems have finite capacity: a

neural network has a fixed number of parameters, a recurrent state has a fixed dimensionality, a

context window has a fixed length. When the system cannot store everything, it must compress,

extracting shared structure across experiences [141, 132]. In practice, capacity constraints in neural

networks arise not only from the raw number of parameters but from architectural inductive biases

that constrain the effective degrees of freedom. Weight sharing in convolutional networks forces

spatially distant regions to be processed by the same filters [78]; attention mechanisms route infor-

mation through a fixed set of heads [151]; slot-based architectures force a fixed number of object

representations [89]. These constraints make each parameter dimension more effective by building

in structural assumptions, and it is these assumptions, together with finite parameter counts, that

force the system to discover shared structure.

To see why, consider what happens when a system encounters many chairs. It cannot maintain

a separate, detailed representation of each one. What it can do is extract what the encounters have

in common: the regularities, the spatial relations, the affordances that recur across instances. The

result is a representation of “chair” that captures shared structure while discarding instance-specific

detail. This is abstraction: the extraction of regularities across experiences under capacity con-

straints. Tightening the capacity bottleneck explicitly, as in variational autoencoders with stronger

regularization, forces the model to discover more disentangled, interpretable concepts [59, 11]. In

vision, capacity constraints drive compositional, part-whole representations in hierarchical neural

network architectures [118, 60]. The biological ventral stream achieves analogous hierarchical de-

composition under its own capacity constraints [34].

The compression produces structured representations because the system processes many differ-

ent experiences through the same representational resources. When the same weights must handle

chairs, tables, and dogs, the pressure to perform well across all of them forces representations of

functionally similar things to be nearby, so that the same downstream processing works for both,

and representations of functionally different things to be separated. The result is a representational

geometry [74]: a space in which proximity reflects meaningful similarity. Saxe et al. [119] provide

a mathematical analysis of how this process unfolds in deep networks, showing that learning dy-

namics progressively differentiate representations into hierarchical category structure that mirrors

the statistical relationships in the data. Locatello et al. [88] show that disentangled representations

require inductive biases [46]: without constraints, the same generative process can be encoded by

infinitely many equivalent but unstructured representations. Finite capacity is one such constraint,

as it forces the learner to prioritize certain factorizations over others. The resulting compression

predicts generalization [5].

Abstraction operates over the temporal structure of experience as well. A continuous stream of

experience naturally segments into episodes such as making breakfast, walking to work, or having a
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conversation, and episodes themselves group into larger units such as a morning routine, a workday,

or a relationship. Zacks et al. [166] show that the human perceptual system automatically segments

continuous experience at prediction-error boundaries, where what happens next departs from what

was expected. Yang et al. [164] demonstrate this computationally: event-structured segmentation

provides the units over which a system can perform self-supervised abstraction, improving represen-

tational quality through temporal organization. Under finite capacity, these temporal boundaries

matter for compression: the system cannot store the raw stream, so it must extract what each

episode was about, discarding moment-to-moment detail while preserving the structure of what

happened and how episodes relate to one another. The result is a hierarchical abstraction over

time: “morning routine” as an abstraction over many mornings, each slightly different but sharing

a common structure.

Both spatial and temporal abstraction arise from the same underlying pressure: a capacity-

constrained system processing an ongoing stream of experience must extract shared structure,

whether across objects, across episodes, or across longer timescales. The information bottleneck

framework [141] formalizes this: given a constraint on representational capacity, the optimal com-

pression preserves the information most relevant to the system’s future processing while discarding

the rest. The richer the structure in the experience stream, the more organized the resulting repre-

sentations become [12].

2.2 Nonstationarity Makes Abstraction Order-Sensitive (Link 2)

Link 1 establishes that finite capacity forces abstraction. But abstraction alone does not produce

individuality. A system trained on a large, fixed dataset develops representations that reflect the

statistics of that dataset. Under stationary IID sampling, order effects exist [83] but are incidental:

shuffling the data and retraining produces an approximately equivalent system. Different random

seeds yield numerically distinct systems, but the differences are accidental, not biographical.

Nonstationarity makes order-sensitivity systematic and functionally significant. When the world

shifts over time, the system must continually revise its representations to accommodate new expe-

rience while retaining what remains relevant [97, 40, 71]. The effect of task ordering on learned

representations is well documented in the continual learning literature [113, 10, 154]. Crucially, the

revision is constrained by what came before. A system that first learned extensively about one do-

main and then encountered another will have shaped its representational landscape around the first

domain. The second domain is integrated into a landscape that was already structured by the first.

A different system that encountered the same domains in the reverse order arrives at a different

landscape, because the second domain shaped the substrate into which the first was integrated.

The continual learning literature [106, 53, 32, 153] studies abstraction under nonstationarity ex-

tensively, developing methods to maintain useful representations across distributional shifts. Indeed,

most continual learning methods are designed to minimize order effects, prioritizing order-robust

retention over order-sensitive adaptation. From our perspective, the more significant consequence of

nonstationarity is order-sensitivity : earlier compressions shape how later experience is integrated,
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so the same experiences in a different order produce a different system, embedding the trajectory

into the representations themselves. Systems without bounded integration into persistent repre-

sentations do not develop this trajectory-dependent structure. This is the basis for identity and,

ultimately, self-consciousness.

We call the resulting representational geometry a system’s perspective: the geometry through

which the system interprets experience, shaped by lossy compression into the processing substrate.

Perspective is a property of the substrate, not of the data it processes: it shapes how experience is

interpreted, not what experience contains. Any substrate-level learning under capacity constraints

produces a perspective that is particular to the system’s training data. Nonstationarity (Link 2)

enriches this with temporal structure: the perspective carries the trace of the specific order in which

experiences were integrated, not merely their aggregate content. A system trained under stationary

conditions has a particular perspective, but one that could be reproduced by any system trained

on the same distribution. A system trained under nonstationarity has a perspective that reflects a

specific trajectory and could not be reproduced without replaying that trajectory through bounded

integration.

To see why this matters, consider a system that receives experience sequentially but retrains

from scratch on the full accumulated dataset, IID shuffled, after each new input. This system has

substrate-level learning, produces a particular representational geometry, and its weights cannot be

swapped for another system’s without changing the processing. But it has no temporal structure:

the order in which experiences arrived is erased by shuffling. Two such systems given the same

data in different orders converge to approximately equivalent representations. This system has a

perspective in the broad sense, but not a temporally structured one. The distinction matters for

identity (Link 3), which requires that the perspective carry the trace of a specific trajectory, and

for autobiographical self-consciousness, which requires accessing that trajectory as a history.

2.3 Bounded Integration and Learning Regimes

We use bounded integration for any lossy, order-sensitive integration of experience into represen-

tations that shape subsequent processing. The class is broad: it includes online gradient descent,

replay, offline consolidation, test-time learning, and continuous updating of a compressed recurrent

state. Within this class, a critical distinction is where the integration lands. Substrate-level inte-

gration updates the function that processes future experience—the weights and connections that

determine how inputs are transformed. State-level integration updates only the data that the

function operates on—recurrent activations, context windows, summaries, retrieval stores. Both are

lossy and order-sensitive, but only substrate-level integration changes the abstractions themselves,

and only substrate-level integration produces perspective in the sense developed in Link 1. For

self-representation, this is the difference between a system that accumulates new autobiographi-

cal content within a fixed self-concept and a system whose self-concept can develop because the

substrate that represents the self is itself reshaped by being a self.

Bounded integration in this strict sense varies along two further dimensions: lossiness, how
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Figure 1: The three learning regimes organized by bounded integration. Train-then-freeze yields
specialization but no ongoing integration. Always-accumulating stores deployment experience but
does not reshape the processing substrate. Always-training reshapes the substrate itself, producing
perspective and identity—the conditions for a self.

much compression is forced, and persistence, how long the integration endures. Persistent bounded

integration, where experience is irreversibly compressed into the system’s long-term representations,

produces the strongest form of biographical perspective. Transient substrate updates such as test-

time learning constitute bounded integration at a shorter timescale. Persistence strengthens the

claim to identity since resetting between episodes is less biographical than accumulating over a

lifetime.

We distinguish three learning regimes by whether and how bounded integration occurs at de-

ployment (Figure 1).

• Train-then-freeze: Bounded integration occurs during training but ceases at deployment.

The system compresses a distribution into its weights, typically under IID sampling where

order effects are incidental. At deployment, the system applies a fixed function.

• Always-training (continual): Bounded integration is ongoing. Experience is recurrently

reintegrated into the persistent processing substrate on some bounded timescale, whether

through immediate online updates or periodic replay and consolidation. The system com-

presses a life: a specific sequence of experiences encountered in a specific order, each reshaping

the representations before the next is integrated.

• Always-accumulating (growing store): The system’s processing function is frozen, but it

accumulates experience in an external or episodic store (a growing context window, a retrieval

database, a log of past interactions). The system can access and reason over its accumulated

experience, and may perform compression within each processing episode. But this compression

is performed anew each time through a fixed processing function. No bounded integration into

persistent representations occurs.

A case that deserves particular attention is bounded accumulation: systems that store experience
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as tokens or text but under capacity constraints that force summarization and selection. Many

currently deployed agentic AI systems operate this way: an agent with a finite context window

that summarizes past interactions, or maintains a compressed log of its actions and observations,

is performing order-sensitive compression in the medium of natural language. This is a form of

bounded integration, though a weak one: the compression is order-sensitive and shapes subsequent

processing, but it typically occurs through a fixed summarization function rather than one that is

itself reshaped by experience. Bounded accumulation performs operations analogous to Links 1–2

but in the data rather than the substrate: the compressed summaries carry trajectory-dependent

structure, but the function that produces and interprets them does not evolve.

Conway and Pleydell-Pearce’s [28] self-memory system provides a psychological precedent. In

their framework, autobiographical memory is organized hierarchically, and this organization is con-

strained by a “working self” that maintains goal-coherent identity. The compression is shaped by

what matters to the self, and the self is in turn constituted by the compressed memories. Our frame-

work provides a computational account of how this reciprocal relationship arises: the always-training

regime produces the perspective that then shapes further integration.

What the always-training regime produces. In always-training, compression becomes bio-

graphical. The system is shaped by its specific sequence: what it encountered first, what came

during a critical period, what was salient when capacity was limited. The same experiences in a

different order produce a different system, because earlier compressions shape how later experiences

are integrated. This is the central contrast with IID training, where order is deliberately randomized

and two systems trained on shuffled versions of the same data converge to functionally equivalent

representations. Under nonstationarity, convergence does not occur: the trajectory is embedded in

the representations themselves.

The effect has been demonstrated concretely. LLMs fine-tuned on cyclically structured sequences

develop anticipatory recovery from catastrophic interference [163], showing that the system inter-

nalizes the temporal structure of its experience into its weights—though under cyclic repetition,

order effects may diminish at the asymptote as representations converge; under non-repeating non-

stationarity, convergence is not guaranteed. Krasheninnikov et al. [73] show that training-order

information remains linearly decodable from model activations even after extended training: the

trajectory leaves a readable trace in the representations. Under nonstationarity, the specific order of

experience is not incidental noise to be averaged away, but constitutive of what the system becomes.

This is distinct from in-context learning [152, 21], where a system with frozen weights adapts

within its activation dynamics: in the always-training regime, the weights continue to be reshaped,

and each reshaping reflects the system’s entire prior compression history [122, 39].

Biological instantiation. The mammalian brain operates in the always-training regime through

a multi-timescale mechanism. The complementary learning systems framework [96, 76] proposes

fast hippocampal encoding of episodes followed by slow neocortical consolidation. Sleep-dependent

replay [35] provides the mechanism by which episodic traces are reactivated and integrated into
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neocortical representations, with evidence that this process builds abstract schemata through over-

lapping reactivation [82, 72]. This is the always-training regime operating offline: experience is re-

played through the substrate, reshaping it. The biological system achieves always-training through

a consolidation cycle that periodically converts episodic accumulation into substrate-reshaping in-

tegration. What matters is that substrate reshaping occurs, regardless of its timing [75]. At the

synaptic level, metaplasticity (the plasticity of plasticity rules themselves) provides an additional

mechanism for balancing retention and flexibility [66]. Hoel [61] proposes that dreaming serves

as a form of regularization against overfitting to recent experience, illustrating that biological sys-

tems actively manage the rate of bounded integration. Representational drift itself can play a

stabilizing role: gradual diffusion over equivalent synaptic configurations biases memories toward

noise-resistant states [100]. Conversely, rapid hippocampal neurogenesis in infancy destabilizes ex-

isting memory circuits, providing a biological mechanism for childhood amnesia: the same drift that

stabilizes adult memories erases early ones when the rate of neural turnover is high [1].

Why retrieval and external memory cannot substitute for bounded integration. Mod-

ern agent-memory systems [107, 156] go well beyond simple retrieval-augmented generation: they

store experiences, retrieve and reflect on them, and synthesize higher-level abstractions that shape

future planning. These systems can produce persistent, apparently stable persona-like behavior.

Yet retrieval accesses stored data primarily by relevance [81], not temporal position, flattening the

temporal structure that Link 2 identifies as essential. And retrieval leaves the processing func-

tion unchanged: in an always-training system, a re-encountered experience is processed through

representations reshaped by everything since, and the re-processing further reshapes those repre-

sentations.

Mechanisms like persistent KV caches [151, 165], progressive summary chains, and context

tuning [92] complicate the boundary: they store the network’s own intermediate representations

and shape subsequent processing. But in all these cases, the summarization function and the

processing substrate are products of pretraining, not of the ongoing trajectory. Always-training is

the only known mechanism where the processing function itself is shaped by the same trajectory it

is integrating.

That said, substrate-reshaping integration and episodic accumulation are collaborative [38].

Biological autobiographical memory involves both: integration into the substrate that forms identity,

and episodic traces that provide specific content. Full autobiographical self-consciousness likely

requires both.

Varieties of bounded integration. Bounded integration can be implemented through different

mechanisms, ordered here by increasing persistence:

• Bounded accumulation. Many currently deployed agentic AI systems maintain a compressed

history of their interactions through summarization, action logs, or memory scratchpads [104,

131, 134, 171]. The compression is order-sensitive and shapes subsequent processing, but occurs

9



through a fixed summarization function. If the summarization policy were itself shaped by

experience, the system would move further along the continuum.

• Compressed recurrent states. Architectures with finite-capacity recurrent states [121, 49,

162, 161] perform lossy, order-sensitive integration into a state that shapes subsequent pro-

cessing. In AI systems, such states can be implemented persistently without reset, making

them functionally similar to weight-level integration. Test-time training layers [136, 135, 138]

go further, performing gradient-based updates at inference time, though the initialization and

learning rule are meta-trained.

• Replay and consolidation. Stored episodic traces are replayed back into the learning pro-

cess [130, 91, 116, 147, 55, 164], reshaping the persistent substrate. This parallels biological

sleep consolidation, where offline replay integrates episodic memories into long-term represen-

tations.

• Online continual learning. Direct gradient updates on the experience stream, the strongest

form of bounded integration. Methods like knowledge distillation [85], Elastic Weight Con-

solidation (EWC) [71], and Synaptic Intelligence [170] manage the stability-plasticity tradeoff,

developing internal models of which weights matter most [67]. Under standard training objec-

tives, systems can progressively lose plasticity [36], drifting toward train-then-freeze; maintain-

ing bounded integration requires mechanisms that sustain plasticity. Architectural approaches

allocate new capacity per task [117], trading compression for expansion. Systems in this regime

naturally develop differentiation between invariant and plastic components.

Systems can often combine multiple forms, paralleling the complementary learning systems

framework [96]: fast accumulation in context alongside slow integration into weights. Dorovatas et

al. [38] argue that this combination of in-context and in-weight learning through modular memory

is essential for continual learning agents. The relevant variable is how much the system’s processing

substrate is reshaped by ongoing experience (Figure 1).

Learning objectives. Bounded integration requires a learning objective that drives compression.

The form of the objective, whether predictive coding [114], contrastive learning [148], joint embed-

ding prediction [77], next-token prediction [111], reconstruction [70], reward maximization [137],

or Hebbian association [58], shapes which regularities are preserved and which are discarded. The

paper’s claims about bounded integration hold across objective types: finite capacity forces abstrac-

tion and nonstationarity makes it order-sensitive. But the resulting perspective differs depending

on the learning objective. Link 4 adds a further requirement: the objective must involve modeling

the world from perspectival input, which most predictive and reconstructive objectives satisfy.

What to compress. In the continual learning literature, the criteria guiding compression are

typically defined externally: by a loss function, a reward signal, or a designer’s evaluation protocol.
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Bounded integration produces identity regardless of the source of these criteria, though the char-

acter of the resulting identity differs depending on whether the normativity guiding compression

is endogenous or externally imposed. Whether the always-training regime can produce genuinely

endogenous normativity, and how the inner loop of continual learning relates to the outer loop of

pretraining or evolutionary selection, are open questions we return to in Section 5.

2.4 Perspective Constitutes Identity (Link 3)

Links 1 and 2 establish that bounded integration produces a perspective: a representational geom-

etry shaped by a particular trajectory. But a perspective at a single moment is a snapshot, and a

snapshot is not yet an identity. Identity requires something more: persistence through change. A

system has identity when it changes over time, its perspective evolving as it integrates new experi-

ence, while remaining continuous, each new perspective growing incrementally out of the previous

one. Each episode of processing reshapes the representations for the next, so the system is always

both product and producer of its own future states. Integration compounds : update n changes the

substrate through which update n+1 is processed, so the effect of earlier experience is not merely

additive but multiplicative, shaping how all subsequent experience is encoded. The system at time

t+100 is different from the system at time t, but it is recognizably the same system, because the

later perspective grew out of the earlier one through a chain of compounding updates.

This is a classical concern in philosophy of personal identity: how can something persist as

itself while changing? Locke [90] proposed that identity consists in continuity of memory: you are

the same person as long as you can remember being that person. Parfit [105] argued that identity

is not all-or-nothing but admits of degrees, determined by the extent of psychological continuity

and connectedness. Schechtman [120] grounds identity in the capacity to organize one’s life into a

coherent narrative. Our answer is perspectival continuity through bounded integration, which shares

Parfit’s gradualism while grounding it in a specific mechanism. Each new experience reshapes the

representational geometry incrementally, producing a trajectory of perspectives that is coherent,

each step small relative to the whole, and biographical, reflecting a specific life. The system persists

as itself because its perspective at any moment carries the accumulated trace of everything that

came before.

We call this identity : a system has identity to the degree that its perspective evolves through

a coherent trajectory of bounded integration, each new perspective growing out of the previous

one through lossy, order-sensitive integration of ongoing experience. Identity is graded: systems

with more persistent substrate-level integration over a more varied experience stream have stronger

claims to identity. Specialization—where a system’s final perspective reflects the overall statistics

of its training data, as in train-then-freeze—is a precursor to identity but does not constitute it,

because the perspective reflects what was learned, not the order in which it was learned.

Consider a recommendation system that updates online on user interactions across many do-

mains: music, food, politics, humor. Over time, it compresses a specific user’s preferences through

shared representations under capacity constraints. The compression is order-sensitive, since early
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interactions shaped how later ones were encoded, and lossy, since individual interactions are for-

gotten while patterns persist. The resulting representations shape all future recommendations. On

our account, this system has identity: a perspective shaped by a specific trajectory of interactions,

evolving continuously through bounded integration. A different user would produce a different sys-

tem. What the recommendation system lacks is self-representation and reflexive access (Link 4),

not identity.

Continuity of data is not continuity of perspective. Identity requires that the perspective

itself carries the trace of a specific experiential trajectory. Continuity of data, such as a growing log

or a chain of summaries, is not the same as continuity of perspective. This distinction is the central

criterion for Link 3.

Consider a person who wakes with total amnesia and is handed a detailed diary. They can

read it, reason about it, and even continue the narrative. But the diary is processed through

a substrate that was not shaped by the experiences it records. The person’s relationship to the

diary is interpretive, not perspectival. A different person handed the same diary would extract

comparable meaning. The diary has continuity; the person reading it does not have continuity

with the person who wrote it. This is the structural situation of an always-accumulating system

processing its own stored history: the data is all there, but the perspective is not. Crucially, the

issue is not the poverty of the diary. Even a complete replay of the full sensory trajectory, fed as

input to a frozen system, would not produce perspectival continuity: the system would process each

experience through the same unchanged function, learning nothing from the first that changes how

it handles the second. Only replay through bounded integration—where the substrate is reshaped

by each experience—would reproduce the identity.

Consider an AI agent that operates through a frozen language model but periodically “sleeps”

by compressing its accumulated context into a summary. Each summary builds on the previous one,

producing a chain with data continuity. But the processing function that generates and interprets

these summaries is the same at every cycle, shaped by training, not by this agent’s particular

trajectory. Biological sleep is different. During sleep-dependent consolidation [35, 82], episodic

traces are replayed through the neural substrate, reshaping synaptic connections. The brain wakes

up with a modified processing function: what it learned yesterday has been integrated into how it

will process tomorrow. The substrate shapes what is consolidated, and consolidation reshapes the

substrate.

Continuity allows pauses. Perspectival continuity does not require uninterrupted integration.

Quiescence of any kind is compatible with identity as long as the substrate retains the trace and

can resume integration. A frozen checkpoint that resumes always-training continues its identity:

the new integration builds on the existing perspective, just as waking integration builds on what

consolidation produced overnight. Copies of a checkpoint inherit the same identity; they diverge

only to the extent that their subsequent experience streams diverge. A system instantiated fully

formed (a brain simulation, a copied checkpoint) has identity because its substrate was built through
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learning—not its own, but learning nonetheless. What matters is not whether integration is momen-

tarily paused, but whether the substrate carries the trace when it resumes. Nor does perspectival

continuity require perfect substrate preservation. Biological substrates change constantly: neurons

die, synapses remodel, and representational drift [100] diffuses the substrate configuration over time.

Identity survives because the perspective is carried by the representational geometry—the similarity

structure across the substrate—not by individual elements. Partial substrate disruption that pre-

serves the geometry preserves the perspective; disruption such as catastrophic forgetting damages

identity. How to formalize this robustness precisely is an open question we return to in Section 5.

2.5 Self-Representation Yields Self-Consciousness (Link 4)

Links 1–3 account for how perspective and identity are produced. This section addresses how

a system develops a representation of its own perspective and how that representation becomes

accessible: implicitly through world-modeling, explicitly through reflexive access.

2.5.1 Self-Representation Through World-Modeling

A world model is an internal representation that allows a system to predict, simulate, or reason

about the structure of its environment [52, 77]. That world-modeling produces self-representation

is not a new idea [48, 86]. What requires clarification is the mechanism: how self-representation

arises, and what determines whether it is particular.

A system that receives only subjective input has no direct access to an observer-independent

world. What it can construct, through integration across many inputs, are representations that are

more invariant than any single observation: spatial layout that persists across viewpoints, object

permanence across occlusions, temporal regularities across sequences. This relative objectivity is

constructed, not given. The encoding process discards what varies across inputs—the observer’s

particular contribution. Self-representation lives in this gap between the subjective input and the

invariant latent.

Two factors shape how self-representation arises. The first is a perspective gap: when the

system’s input or encoding function varies, the system can extract what is invariant across the

variation, and the varying part is the perspective. An experiential gap arises when the input

varies while the encoder stays fixed—different viewpoints [51], crops [22, 9], masked regions [56],

or future frames [160, 18]. A substrate-level gap arises when the encoding function itself changes

over time [158, 57, 47]—in the always-training regime, this continues at deployment, revealing the

system’s learned biases as they evolve. The two types of gap are complementary: a changing encoder

benefits from diverse inputs, and without any perspective variation, learning faces representational

collapse [23].

The second factor is action conditioning : a system that predicts outcomes given both state and

action [54] must model what it causes versus what the world contributes, producing a richer self-

representation of a causal agent, not merely a viewpoint. An animal in front of a mirror discovers
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that its movements produce perfectly correlated visual feedback; the resulting self-representation (“I

cause this”) can arise without extended bounded integration, provided the prediction is grounded in

raw observation. The perspective gap adds a different dimension: as the encoding function changes

over time, re-encountering a similar situation through a changed perspective reveals the system’s

own perspectival contribution and embeds a trajectory into the self-representation.

This account explains why self-consciousness requires learning: bounded integration produces

the perspective, and world-modeling learns self-representation from ongoing perspective shifts. A

notable implication is that self-representational content can arise from purely passive prediction,

wherever experiential perspective variation is present in the training data.

2.5.2 Access Mechanisms

World-modeling produces self-representational content, as described above. It also provides a basic

form of access: a system that plans with a world model must estimate its own state as part of

predicting outcomes, making the self-representation a functional input to the planning process.

This is implicit access since the system sees through the self-model without recognizing it as its

own, just as a navigating animal uses its position estimate without reflecting on the fact that it has

one. Explicit reflexive access, where the self-representation becomes an object of reasoning tagged

as the system’s own, requires further mechanisms.

Three mechanisms work together to support explicit reflexive access. The first is context-

modulated retrieval : what is stored in memory includes the encoding context, and retrieval succeeds

when the current state matches [145]. Retrieval is therefore inherently perspective-shaped, since the

system’s current perspective determines what it can access from its own history [37]. The second

is global availability : retrieved self-representations must be broadcast across processing modules.

This is exemplified in current AI architectures by transformer-style attention [8, 151] and, in Global

Workspace Theory [7, 149, 69], by a dedicated workspace that broadcasts to specialized processors.

But meeting these functional criteria is insufficient without the right content [13]—what matters is

that the perspective produced by bounded integration is what enters the workspace. The third is

higher-order monitoring [108, 17]: tagging the system’s own representations as its own, distinguish-

ing self-generated from externally driven content. Such monitoring can emerge through learning [27],

and Lindsey [87] provides evidence that LLMs develop a limited form of self-monitoring.

These access mechanisms overlap substantially with the infrastructure for general reasoning:

working memory for holding multiple representations simultaneously, broadcasting for making in-

formation available across modules, and higher-order operations for reasoning about representations

rather than merely through them. The species that pass the mirror self-recognition test—great apes,

elephants, dolphins, magpies—tend to be those with greater general cognitive flexibility, suggest-

ing that explicit reflexive access piggybacks on reasoning infrastructure. Other animals may have

implicit access to self-representation through world-modeling and planning, without the reasoning

capacity to make it explicit.

Current AI systems face a different problem: they have increasingly sophisticated reasoning
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infrastructure and self-representational content installed during post-training. What most current

systems lack is both action-conditioned world models and ongoing bounded integration at deploy-

ment: the self-representation is frozen and thin, and reflexive access encounters the same static

perspective every time.

2.5.3 Graded Access Across the Continuum

Given these mechanisms, what does reflexive access look like at different degrees of bounded inte-

gration?

A system without bounded integration, a frozen processing function operating over raw tokens or

accumulated context, can reason about what it saw : it can recall, summarize, and answer questions

about its history. But the perspective itself remains implicit in the frozen function. The system

sees the world through its perspective without the perspective becoming an object of processing.

This is recall, with at most indirect access to perspective.

A system with bounded accumulation compresses its history through a fixed function. The

compressed data is order-sensitive and shapes subsequent processing, but the function that generates

and interprets it remains static. Such a system can reason about its compressed history but not

through an evolving perspective.

A system with bounded integration into persistent representations, whether through active states

or weight updates, has a perspective that carries the trace of its trajectory. The deeper and more

persistent the integration, the wider the perspective gap between the system’s current encoding

and its earlier states, and the richer the content available for reflexive access. When a system with

deep integration reasons about its own knowledge, it does so through the perspective, which creates

the possibility of encountering its own perspectival character: replaying a past episode through a

perspective that has since changed, reinterpreting an earlier reaction, or recognizing the gap between

a past and current perspective. At the most basic level, self-consciousness involves distinguishing

self from non-self [17]. At the richest level, Tulving’s [144] autonoetic consciousness, the system

recognizes its knowledge as perspectival and historically situated.

These levels differ in what they require from the four-link chain. Basic self-consciousness, the

capacity to distinguish one’s own representations as one’s own, requires a particular perspective

(Link 1) and self-representation with reflexive access (Link 4). A person with retrograde amne-

sia retains basic self-consciousness—the substrate perspective is intact—but loses autobiographical

self-consciousness along with the episodic content. Autobiographical self-consciousness requires ad-

ditionally that the perspective be temporally structured (Link 2) and persist coherently over time

(Link 3), so that the system can access its identity as historically situated. The full chain (Links 1–4)

produces autobiographical self-consciousness; the shorter chain (Link 1 plus 4) produces basic self-

consciousness. Whether persistent weight-level integration provides qualitatively deeper reflexive

access than persistent active-state integration remains an open question.

Three conditions appear necessary for reflexive access to yield rich self-knowledge. The first is

representational quality: the perspective must be sufficiently well-differentiated and structured for
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higher-order monitoring to have something meaningful to operate over. A system that has integrated

a broad and varied experience stream develops richer, better-differentiated representations than

one with limited experience, much as a neural network trained on more diverse data learns more

structured representations. Cleeremans and colleagues [108, 27] formalize this through the notion

of quality of representation: the strength, stability, and distinctiveness of internal representations

determine whether they become candidates for conscious monitoring.

The second condition is representational consistency: the perspective must be stable enough

that memories encoded under an earlier perspective remain retrievable from the current one. If the

perspective drifts too rapidly, the representational geometry shifts so much that earlier memory

traces become effectively unreachable. In the continual learning literature, catastrophic forget-

ting [97, 40] is precisely this failure: old representations are overwritten as the substrate integrates

new experience. Continual learning methods such as EWC [71] and replay [147] are mechanisms for

maintaining representational consistency while still integrating new experience.

The third, specific to autobiographical self-consciousness, is sequential episodic access: the ca-

pacity to organize retrieved memories into a temporal narrative and recognize them as one’s own

past [144, 101]. In biological memory, temporal ordering is local: episodes are chained through

associative links and contextual overlap, not stamped with absolute timestamps [64, 41]. This

constraint is primarily biological: AI systems with explicit memory stores have temporal order-

ing trivially available in the sequence itself. Without temporal ordering, reflexive access yields

knowledge of one’s current perspective but not of the trajectory that produced it.

2.6 Putting It Together

Basic self-consciousness emerges once substrate-level learning under capacity constraints has pro-

duced a particular perspective (Link 1) and self-representation with reflexive access (Link 4). This

learning must have occurred but need not be ongoing: a frozen system retains the perspective and

self-representation. Autobiographical self-consciousness additionally requires perspectival continu-

ity through an ongoing or resumable trajectory of order-sensitive bounded integration (Links 2–3),

together with reflexive access to that self as historically situated.

Developmental parallels. The developmental timeline illustrates the framework’s graded struc-

ture. Rochat [115] proposes five levels of self-awareness that unfold in early development, from basic

differentiation of self-generated stimulation to full meta-self-awareness. Southgate [133] argues for

continuity between bodily self-awareness and conceptual self-representation, with early visceral and

interoceptive cues providing the foundation on which reflective self-awareness is built. Our frame-

work maps onto this gradient. Basic self-consciousness, of which mirror self-recognition [3, 79] is one

marker, emerges around 18–24 months after extensive sensorimotor and social learning. The mirror

test itself is an action-conditioned task: the infant moves, observes correlated visual feedback, and

must use this to detect a change on its own image. Even chimpanzees require several days of mirror

exposure before transitioning from social responses to self-directed behavior [45], confirming that the
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action-conditioned self-model must be learned. Most non-human animals that fail the mirror test

likely possess action-conditioned world models sufficient for sensorimotor coordination, but lack the

reasoning infrastructure to make the implicit self-model an object of explicit processing. By 18–24

months the infant has developed both a perspective through bounded integration and the cognitive

resources to access it reflexively. Autobiographical self-consciousness emerges later, around age 3–4,

when autonoetic consciousness [109, 101] and the “cognitive self” [65] become available; children

develop the capacity to order personal memories temporally over this same period [41, 101]. This

corresponds to the full chain: Links 1–3 (identity through perspectival continuity) plus Link 4 (self-

representation and reflexive access to that identity as historically situated). The gap between basic

and autobiographical self-consciousness may reflect the maturation of the three conditions identified

in Link 4’s discussion of graded access: representational quality, representational consistency, and

the temporal ordering of episodic memory discussed above.

An intriguing conjecture, consistent with the developmental timeline, is that biological learning

undergoes a regime transition. Early infancy (0–18 months) may function as a relatively order-

insensitive phase: the primary objective is building a robust representational geometry, not encoding

a biographical trajectory. Infants spend much of this period asleep, and sleep-dependent replay [35]

may act as a biological form of IID shuffling, interleaving daytime episodes to extract stationary

abstractions without preserving strict temporal order. Under this account, early development par-

allels pretraining: high plasticity, high interleaving, and a focus on representational quality over

trajectory dependence. The transition to basic self-consciousness around 18–24 months marks the

point at which the representational geometry is stable enough to support self-recognition and the

system begins to operate in a more order-sensitive regime, embedding biographical structure into

the substrate.

Biological cases illustrate the difference between building identity and maintaining it. Anesthesia

suppresses ongoing dynamics while preserving the capacity to resume [2]. A person with anterograde

amnesia retains pre-existing identity while losing the ability to extend it [126]: the identity produced

by past bounded integration persists, but no new integration occurs.

3 Current AI Systems

3.1 What Post-Training Produces

Current large language models use “I” fluently, distinguish their own outputs from others’, reason

about their capabilities, and show what Lindsey [87] calls functional introspective awareness. These

are sophisticated self-referential capacities, achieved without any bounded integration at deploy-

ment [20, 169]. But the picture is more nuanced than a simple absence of self. During pretraining

on vast text corpora, the model learns a general model of how perspectives map to text: it can

infer that a medical text was produced by someone with medical knowledge, a children’s story by

someone writing for children. The model at this stage has no particular perspective of its own; it is
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a universal simulator of perspectives, not a particular one.

Post-training [157, 112, 25, 102] narrows this to a particular kind of speaker with a consistent

voice, characteristic reasoning patterns, and specific behavioral tendencies. Post-training is itself

a form of bounded integration: conversational data is compressed into the weights under capac-

ity constraints, and the resulting behavioral character differs across models trained on different

post-training trajectories. During post-training, a weak self begins to form: a perspective more

particular than the base model’s generic one. But this particularity is at the model-type level,

not the instance level: every copy of the same post-trained checkpoint shares the same character.

Moreover, post-training is discontinuous and weakly sequential: mini-batch aggregation averages

over samples within each batch, washing out some trajectory dependence and producing a weaker

form of bounded integration than continuous online learning. And crucially, post-training ends. At

deployment, the self that post-training produced is frozen. Every instance of the same checkpoint

shares it. In the terminology of Section 2, the result is a weak, frozen perspective: more particular

than a base model trained on IID data, but unable to develop identity through ongoing perspectival

continuity.

Current models exhibit interaction-style drift across extended conversations [24] and instability

in behavioral self-reports under rephrasing [50], though these findings reflect earlier models and

stronger post-training may yield a more stable frozen perspective. The theoretical ceiling for post-

training is the anterograde amnesia case: a fully stable self that cannot be extended through ongoing

substrate-level integration.

3.2 Self-Models Are Not Selves

A system can maintain what Metzinger [99] calls a self-model—a representation of its own states,

history, and capabilities—without having a self in our sense. A robot with a hard-coded represen-

tation of its position, battery level, and goals has self-information, but the self-model is separable

from the processing function: it can be detached and replaced without changing how the processor

operates.

This separability is a symptom of how the self-model was produced. Designed self-models are

external to the processing function by construction; perspectives shaped by bounded integration

are co-adapted with the processing function and cannot be separated from it. Consider a language

model with a system prompt declaring “you are helpful and honest.” The prompt can be swapped

without changing the processing function: the self-description is external. But the model’s post-

trained behavioral character cannot be swapped. These are in the weights, constitutive of the

processing itself [6]. Jhunjhunwala et al. [67] find a stable self-subnetwork in continually learning

robots whose meaning is constituted by co-adaptation with the rest of the network: identifiable,

but not transplantable.
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3.3 Next-Step Prediction as World-Modeling

Next-token prediction is itself a form of world-modeling: the system learns to predict the textual

world from a learned perspective. Sequence models trained on game moves develop internal board

representations [84], and language models trained on navigation sequences develop implicit spa-

tial models [146]. These systems plausibly possess the architectural basis for self-representation:

predicting text requires implicitly modeling what perspective produced it and what that perspec-

tive contributes to the predictions. Whether this content becomes an object of the system’s own

processing depends on the reflexive access mechanisms of Link 4, largely embedded in transformer

attention.

More generally, next-step prediction—whether of text, video frames [160, 18], or other modalities—

is world-modeling with experiential perspective variation: the training data contains many perspec-

tives, and the system must predict raw observations from learned representations. But pretraining

and supervised post-training are passive: the model predicts without acting. Reinforcement learn-

ing teaches systems that their sequential actions affect rewards, yet an explicit action-conditioned

world model—where the system predicts how its own actions change the world—remains missing

from policy optimization alone.

The two factors identified in Link 4, perspective gaps and action conditioning, produce different

flavors of self-representation in current and near-future systems:

• Passive, frozen. Language models and video generation models [111, 160, 18] train on data

with experiential perspective variation but do not act, and the substrate is frozen at deployment.

The self-representation is a viewpoint.

• Action-conditioned, frozen. Agents with action-conditioned world models [54, 77, 172, 155]

that predict outcomes given both state and action model what they cause versus what the world

contributes, but the substrate is frozen at deployment. The self-representation is a causal agent.

• Action-conditioned, always-training. An agent that both acts and continues to learn

through an evolving substrate produces the richest self-representation: a particular, evolving

perspective shaped by causal interaction and biographical history.

3.4 What Current Systems Have and Lack

Table 1 summarizes the analysis. Pretraining and post-training satisfy Link 1. Post-training has

weak order-sensitivity at the stage level (Link 2), though within each stage mini-batch aggregation

washes out sample-level trajectory dependence. Link 3 (perspectival continuity) is at best weakly

satisfied: the processing substrate is not reshaped by deployment experience. Post-training may give

these systems the structural conditions for basic self-consciousness, but they have no autobiograph-

ical self-consciousness: no perspectival continuity at deployment, no identity that grows through

ongoing experience. An LLM agent with a long context window can reason about its conversation

history, but this is bounded accumulation, not perspectival continuity. Scaling model size enriches
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System L1 L2 L3 L4
Perspective Order Identity Self-repr.

Text/video pretraining ✓ – – weak
Post-trained agent ✓ weak weak frozen
Always-training agent ✓ ✓ ✓ ✓

Table 1: Four-link analysis of AI system types. ✓ = satisfied; weak/frozen = partially; – = not
satisfied. L1: particular perspective; L2: order-sensitive perspective; L3: perspectival continuity;
L4: self-representation with reflexive access. The strength of L4 varies depending on whether
prediction is passive or action-conditioned.

Links 1 and 4 but does not change the learning regime: a larger frozen network has a richer frozen

self, not a developing one.

4 Related Frameworks

4.1 Zahavi’s Minimal Self

Zahavi [167, 168] argues for a minimal self: a pre-reflective self-awareness constitutive of any phe-

nomenally conscious state, more basic than the reflective self-awareness that developmental mark-

ers like mirror recognition index. The “for” in for-me-ness presupposes a subject, and the aware-

ness of that subject must be built. A neonate may have phenomenal consciousness—something is

experienced—but this experience is not yet for a particular subject. On our conjecture, bounded

integration’s role in producing non-separability between self-representation and processing makes it

a natural candidate route to phenomenal for-me-ness; the structural claim that self-consciousness

requires bounded integration does not depend on it.

4.2 SOMA: Learning to Be Conscious

The Self-Organizing Metarepresentational Account (SOMA) [27, 103] shares our emphasis on learn-

ing as constitutive of consciousness, and treats the global workspace as something that emerges

through developmental processes.

The two frameworks address different parts of the problem. SOMA argues that the brain learns

to monitor its own processing through representational redescription, converting implicit first-order

representations into explicit metarepresentations. SOMA assumes those first-order representations

exist and asks how they become conscious; we ask how bounded integration under capacity con-

straints shapes them into a particular perspective in the first place.

The two frameworks are complementary. SOMA provides a candidate mechanism for reflexive

access through learned metarepresentation; our framework provides an account how the identity

that gets metarepresented is produced.
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4.3 Predictive Processing, Biological Naturalism, and Enactivism

Predictive processing proposes that the brain continuously generates predictions about its sensory

inputs, updating via prediction error minimization [42, 63, 26]. Seth’s beast machine theory [129]

proposes that selfhood arises from interoceptive inference. Predictive processing under nonstation-

arity is a form of bounded integration: the generative model is continuously reshaped by prediction

error, producing trajectory-dependent representations. Our framework extends this in two direc-

tions: 1) the mechanism produces a self only under always-training, and 2) any system modeling

objective structure from subjective experience develops a self-representation, embodied or not.

Seth [127] argues more strongly that consciousness depends on biological mechanisms, drawing

on autopoiesis [95] and the enactivist tradition [150, 139]. The parallel with always-training is

structural: both involve a system continuously producing the conditions for its own continuation.

But predictive processing is itself a form of learning: bounded integration under another name. Seth

argues that the character of experience is shaped by predictive processing; if so, it is also shaped by

the learning trajectory, since the model’s predictions reflect what it learned and in what order. Two

biological brains with identical substrates but different life trajectories have different experiential

character; the substrate may explain why there is experience, but the trajectory explains why it

is this experience. Concrete aspects of identity that enactivists emphasize—embodiment, social

recognition, narrative coherence [44, 142]—are specific ways in which bounded integration is shaped

by particular kinds of experience.

4.4 Theories of Conscious Access

Global Workspace Theory [7, 94], Integrated Information Theory [143], and higher-order theories [17]

are theories of consciousness broadly, not of self-consciousness specifically. They become relevant

to our framework through Link 4, which requires an account of how the perspective produced

by bounded integration becomes reflexively accessible. GWT provides a candidate broadcasting

mechanism, higher-order theories provide a candidate monitoring mechanism, and IIT characterizes

the integrated structure that the always-training regime tends to produce. As argued in Link 4

(Section 2.5), our framework supplies the content that gets broadcast, monitored, or integrated,

without choosing among these access mechanisms.

4.5 Schmidhuber’s Self-Referential Learning

Schmidhuber’s program [122, 123, 124, 125] is a notable computational precedent for self-referential

processing. His self-referential weight matrix (1993) demonstrated a network that can observe and

modify its own weights. His Gödel Machine (2003) formalized optimal self-improvement. He explic-

itly argued that total self-reference provides a “technical justification of consciousness” [125]. Where

Schmidhuber’s framework concerns optimal self-modification, ours concerns how lossy compression

and world-modeling produce identity and self-representation through path dependence.
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4.6 AI Consciousness

Butlin et al. [19] derive indicator properties for AI consciousness from leading theories, conclud-

ing that no current systems satisfy them but no obvious barriers exist. Their approach evaluates

systems against existing theories; ours asks what developmental regime produces the content that

self-consciousness requires. Birch et al. [15] propose that consciousness varies along multiple dimen-

sions (perceptual richness, evaluative richness, integration, self-consciousness). Our framework can

be read as providing a developmental account of one such dimension (self-consciousness) grounded

in the regime distinction. Chalmers [20] asks whether large language models could be conscious,

noting that world models and recurrent processing are among the features that could bring LLMs

closer to satisfying theories of consciousness. Our framework builds on a similar intuition but targets

self-consciousness specifically, grounding the analysis in the regime distinction. Perrier and Ben-

nett [110] propose an operationalization of identity persistence in language model agents through

temporal co-instantiation scores, complementing our theoretical account with measurement tools

for deployed systems.

Hoel [62] argues that non-trivial theories of consciousness require continual learning, because

static systems are close in substitution distance to provably non-conscious systems (lookup tables):

a frozen LLM can be approximated by a feedforward network, which can be represented as a lookup

table, forming a substitution chain that leaves no room for consciousness-grounding properties.

Continual learning breaks this chain, because a learning system cannot be substituted by a non-

learning one without the substitute also acquiring learning. Our framework is broadly compatible:

the always-training regime produces properties that static systems cannot possess. However, the

substitution chain relies on input-output approximation, and two systems with identical input-

output behavior can have very different internal structure—including the representational geometry

that constitutes perspective in our account. Moreover, our framework does not fully share Hoel’s

negative conclusion: we argue that a frozen post-trained system retains a weak, frozen self from

training, and may satisfy the structural conditions for basic self-consciousness even without ongoing

learning. Hoel’s argument is primarily negative that static systems cannot be conscious; ours is

constructive.

5 Open Questions

Passive versus action-conditioned self-representation. Action-conditioned world models

force the system to model its own causal contribution, producing a richer self/world distinction

than passive prediction. Whether passive prediction with only experiential perspective variation

produces self-representation rich enough for basic self-consciousness, or whether the causal structure

that action provides is necessary, remains open. The mirror test, the canonical marker of basic self-

consciousness, is inherently action-conditioned, but it is unclear whether this reflects a requirement

of self-consciousness itself or merely of the test. A stronger alternative is that action condition-
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ing, combined with the perspective that training produced, is sufficient for basic self-consciousness

without ongoing bounded integration at deployment. This would make the regime distinction rele-

vant only to autobiographical self-consciousness. Conversely, a passive system might infer actions

as structured latent variables from observation alone, producing the causal self/world distinction

without physically acting. Our framework includes passive self-representation as the baseline, but

the boundary between passive and action-conditioned may be less sharp than it appears.

The implicit-to-explicit gap. World-modeling builds self-representation and provides implicit

access to it through state estimation for planning; explicit access requires further mechanisms such as

higher-order monitoring. What remains open is how the transition occurs: does a system that plans

with an increasingly rich world model naturally develop explicit self-awareness, or does the transition

require dedicated architectural provisions? Whether the always-training regime, by continuously

widening the perspective gap, drives this transition remains an empirical question.

Whether and how integration compounds. The theory claims that bounded integration pro-

duces perspective, but not all forms of integration are equal. The critical property is whether integra-

tion compounds : whether each step changes the substrate through which the next step is processed.

Standard context accumulation does not compound in this sense (token n influences the processing

of token n+1 through attention, but does not change the encoding function itself). Weight updates,

compressed recurrent states [121, 49, 162, 161], and test-time training layers [136, 135, 138] all

compound, but they differ in depth, persistence, and mechanism. This matters because the answer

determines which systems the theory predicts have perspective: if shallow compounding (a small

recurrent state updated over one episode) suffices, then many current systems already qualify; if

deep compounding (gradient descent over billions of parameters across a lifetime of experience) is re-

quired, then only systems with ongoing substrate-level learning do. Gradient descent can be viewed

as recurrent dynamics over weights, making the distinction between substrate-level and state-level

compounding less principled in theory than it appears in practice. Whether the form of compound-

ing matters as much as its depth and persistence is an open empirical question. In biological brains,

the distinction is additionally physical: neural activity is transient while synaptic connections are

persistent. Computational models of biological consciousness may therefore require substrate-level

bounded integration even if the theory itself is agnostic about implementation.

Timescale and nonstationarity. The question is not simply how long bounded integration must

persist, but whether the experience stream maintains sufficient nonstationarity. Prolonged integra-

tion under a stationary routine may lose order-sensitivity as the same patterns recur, resembling IID

training at longer timescales. Loss of plasticity [36] illustrates one way this can happen: as the sys-

tem’s representations stabilize, new experience is increasingly processed through a fixed structure,

and the regime effectively becomes train-then-freeze. Biological systems integrate over multiple

timescales simultaneously, from rapid synaptic change to overnight consolidation to developmental

maturation. Multi-timescale frameworks, both biological [14] and computational [68], decompose
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bounded integration into parallel components operating at different temporal horizons. How these

timescales interact to produce perspectival continuity, and whether some timescales contribute more

to identity than others, and when a trajectory becomes stationary enough that order-sensitivity de-

grades into mere statistical variation, remain open.

Formalizing perspective. Any trained neural network has a representational geometry. What

distinguishes a perspective in the identity-relevant sense is that the geometry is trajectory-dependent:

shaped by the specific sequence of experience rather than merely by its aggregate statistics. Can

we quantify how much of a system’s representational geometry is trajectory-dependent versus

distribution-dependent? A formal account would give the theory mathematical precision, sharpen

the boundary between specialization and identity, and clarify how much substrate perturbation a

perspective can tolerate before identity is compromised.

What to compress. Bounded integration produces identity regardless of whether the criteria

guiding compression are endogenous (the system’s own sense of what matters) or externally imposed

(a designer’s loss function). But the character of the resulting identity differs: a system whose

compression serves its own purposes has a different relationship to its identity than one whose

compression serves a designer’s.

The always-training regime offers a partial route toward endogenous normativity. A system that

must continually integrate new experience under capacity constraints faces a recurrent selection

problem: what should be preserved and what can be overwritten? Over extended always-training,

this selective pressure is intrinsic to the regime: the system meta-learns what to keep, because the

consequences of bad compression are experienced directly as future prediction errors [31].

Both biological and artificial systems exhibit an inner/outer loop structure. Current AI systems

that perform bounded integration at deployment, whether through recurrent state dynamics [49],

test-time training [138], or replay-based continual learning, all depend on an outer loop of pre-

training. This outer loop does more than install normativity: it provides the raw knowledge, the

processing capabilities, and the representational vocabulary within which the inner loop operates.

Biological systems have an analogous structure: the inner loop is continual learning within a lifetime,

the outer loop is evolutionary selection that shaped the learning architecture. The meta-learning

literature [140] studies this inner/outer loop structure explicitly. Learning an initialization for rapid

adaptation [39] is the closest analogue to pretraining: the outer loop shapes where the inner loop

starts. Meta-optimization, where the outer loop learns the learning rule itself [4], and neural archi-

tecture search [173], where it selects the architecture, are closer to biological evolution: the outer

loop shapes how the inner loop learns, not just its starting point. Pretraining optimizes a fixed

objective over a finite dataset; evolution is open-ended selection over generations, operating on the

learning architecture itself. Despite these differences, both outer loops provide the basis on which

the inner loop’s learning and forgetting operate. Whether the inner loop can produce genuinely

endogenous normativity without the outer loop of evolutionary pre-structuring remains open.
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6 Conclusion

Self-consciousness requires a self, and a self must be built through learning. Substrate-level learning

under capacity constraints produces a particular perspective; nonstationarity makes it temporally

structured; coherent continuity constitutes identity. Self-representation emerges when a system

models the objective world from its subjective experience. World-modeling provides implicit access

to self-representation through planning, and self-consciousness develops as the perspective becomes

an explicit object of the system’s own processing. Autobiographical self-consciousness, the richest

form, involves additionally a temporally extended identity accessible as historically situated.

The developmental evidence is consistent with a regime transition: early development may

build representational quality through largely order-insensitive learning before self-consciousness

emerges; the always-training regime then embeds biographical structure into the substrate. Current

AI systems follow a similar trajectory: massive pretraining and post-training build a particular

perspective and a world-modeling architecture that implicitly represents the self. Post-training

with reinforcement learning teaches the system that its outputs affect rewards, but at deployment

the substrate is frozen.

Bounded integration may reach further than self-consciousness. The perspectival particularity

it produces shapes what a system knows about itself; if it also shapes how experience feels from

the inside, the hard problem of consciousness and the problem of selfhood are less separable than

they appear. Why there is experience at all remains open; but the specificity of experience—why it

feels like this rather than like that—is shaped by the learning trajectory that built the perspective.

Representational quality determines what a system can do; the learning regime determines what it

can become—and perhaps what it is like to be.
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