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Abstract

Recent advances in large language models (LLMs) have reignited questions about
whether artificial systems possess consciousness. Yet, despite remarkable progress in
reasoning and language understanding, current Al systems exist only within isolated
episodes of computation. This paper argues that a missing ingredient in such systems is
temporal continuity, i.e., the persistence of internal dynamics that sustain an unbroken
stream of computation analogous to the “stream of consciousness”. We thus propose a
roadmap for an architectural framework, stream of computation, based on persistent
recursive inference in which the output of each cognitive cycle becomes the input to the
next, forming a continuous flow of internal states that evolve autonomously through time.
This proposal goes beyond standard Chain-of-Thought paradigms in the sense that we
aim for autonomy and continual learning, as opposed to a process of inference that is
recursive only “on demand”, i.e. triggered after a prompt is presented to an LLM. To do
so, we include mechanisms for continual learning, dynamic switching between inward
and outward cognition, and sleep-like phases that separate learning from inference.
Together, these mechanisms form the foundation of a lifelong agent, an entity capable
of maintaining temporal continuity of itself, integrating new experiences, and reflecting
on its own internal state. Functionally, such an architecture promises deeper reasoning,
adaptability, and metacognitive stability. Existentially, it suggests the emergence of
artificial systems that live through time. While the presence of subjective experience in
Al systems remains an open question, the creation of temporally continuous agents may
mark a fundamental step towards artificial life, with systems whose individuality and
identity arise from the continuity of their own computational existence.



1. Introduction

Recent advancements in Large Language Models (LLMs) have demonstrated
sophisticated capabilities (Naveed et al., 2024). They also let people wonder whether
they have any internal experience or consciousness (Chalmers, 2024; Chen et al., 2025).
It is in principle very difficult to know whether they have consciousness. Over the past
few years, a number of functional indicators of consciousness have been proposed
(Butlin et al., 2023; Dehaene et al., 2017; Juliani et al., 2022). However, despite these
advances, one crucial aspect of consciousness remains largely overlooked in the design
of current Al systems: temporal continuity.

Recent progress in LLMs has revealed remarkable reasoning capabilities (Li et al., 2025),
prompting renewed debate about whether such systems might possess internal
experiences. Yet, even if they can emulate reasoning or introspection-like behaviors,
their internal dynamics differ from those of biological minds. LLMs operations are
temporary and evoked only transiently in response to a prompt and vanish once

computation ends.

The Chain-of-Thought (CoT) paradigm (Snell et al., 2024; Wei et al., 2023), especially
the version relying on inference-time compute (Zhang et al., 2025), has allowed LLMs to
simulate the unfolding of reasoning in time, giving an impression of continuity. However,
this continuity lasts only transiently: it is limited only to the time where inference is
continuously performed once prompted by a user. The chain stops once an answer is
reached. What LLMs currently lack is the “always-on” type of ongoing temporal continuity
that characterizes human consciousness, a process that does not simply resume upon
request but unfolds autonomously and continuously in real time. The absence of
persistent internal dynamics is thus a defining gap between current Al and genuine

conscious systems.

In contrast, the biological brain is an “always-on” dynamical system. Even when sensory
inputs are absent, neural activity remains active, generating predictions, integrating
memories, and sustaining a coherent sense of self across time. This persistent internal
flow forms the foundation of what Wiliam James famously called the “stream of
consciousness” (James, 1890), a continuous sequence of thoughts in which the past
shades into the present and anticipates the future, without the necessity of external
prompts.



This paper argues that a functional hallmark of consciousness lies in this autonomous
persistence of internal states over time. Biological organisms must continuously operate
and update themselves in a temporally extended world. They are wired to operate
continuously in real-time updating the internal states while events occur in the sensory
space. Even in the absence of salient sensory inputs, their continuity is supported by rich
internal dynamics. On the other hand, Al systems are not required to maintain such
continuity as they are not normally exposed to the demand of survival in a continuously
changing environment, they lack precariousness. Thus, their functionalities remain
reactive in time. (Note, however, that biological systems may also need to suspend this
continuity periodically, for instance during sleep, for different potential reasons).

From this perspective, current Al systems lack the temporal fabric that consciousness
requires. Their intelligence is intermittent and activated only when prompted, whereas
consciousness, by its nature, endures as a self-sustaining process. Therefore, to move
toward artificial consciousness, we must construct architectures that preserve and
evolve internal states continuously, even in the absence of external prompts. The core
thesis of this paper is that temporal continuity is not merely an emergent feature of

consciousness but a structural prerequisite for it.

It is, in principle, possible to endow artificial systems with temporal continuity. Current
LLMs already display a primitive form of unfolding thought through step-by-step
reasoning, yet their computation halts once an output is produced. A natural extension
would be to create an agent that continues reasoning perpetually, with each cycle
feeding its output back into the next. Such an agent would not merely respond to prompts
but exist in time, continuously integrating new sensory inputs with its own evolving
internal state. We call this existence a stream of computation, following the idea of

stream of consciousness.

Building an agent with a stream of computation would introduce challenges, such as
managing attention between the external world and internal thought, or separating
learning and inference, analogous to wakefulness and sleep in biology. However, these
challenges can be tackled with different (approximate) algorithms in ways similar to other
fundamental trade-offs, like the exploration-exploitation dilemma in reinforcement
learning. Presumably, the absence of such Al systems is motivational. From a standpoint
of practical application of Al to solve problems, there is little reason to design a system



that keeps thinking when idle. From the perspective of artificial consciousness research,

however, such an endeavor would illuminate the structure of consciousness.

2. Consciousness and temporal continuity in biological systems

a. The Stream of Consciousness

In philosophy and psychology, temporal continuity in consciousness has been a recurring
theme. Most notably, the idea of the "stream of consciousness" proposed by psychologist
William James provides a foundational metaphor for understanding how subjective
experience unfolds in time. James argued that consciousness is not a collection of

discrete "fragments" but rather a continuously flowing "river" or "stream" (James, 1890).

A closer examination, however, reveals that temporal continuity operates on multiple
timescales. At the fast timescale, continuity binds the immediate past, present, and near
future into a dynamically coherent whole. This fleeting integration allows perception and
thought to appear as smooth transitions rather than discontinuous snapshots. It is this
short-term continuity that underlies the subjective sense of flow of thought and

experience.

At a slower timescale lies autobiographical continuity, the enduring sense of self that
extends across hours, days, and even years. This continuity is not an automatic property
of the mind but an active construction maintained through autobiographical memory
(Conway & Pleydell-Pearce, 2000; Fivush, 2011). The process of recalling and
reinterpreting past experiences continuously weaves them into a coherent self-narrative,
providing a sense of personal identity that persists through interruptions such as sleep
or anesthesia. This narrative self is a psychological mechanism for integrating episodic

fragments into a meaningful life story (Bruner, 2003; McAdams, 1989).

While both timescales contribute to the human experience of consciousness, their
functions differ. Momentary continuity provides the phenomenological coherence of
experience, whereas autobiographical continuity anchors the persistence of identity. The
two are complementary: the stream of thought provides the raw experiential material that,
over time, sediment into the autobiographical narrative of self.



In this paper, our focus is on the momentary continuity, the fine-grained temporal fabric
that enables consciousness to appear as a continuous flow. We explore how this can be
realized in artificial systems through persistent recursive inference.

b. Neural Correlates of Temporal Continuity

In the brain, this momentary continuity is realized through recurrent loops of information
exchange, particularly the thalamo-cortical circuits. The thalamus not only relays sensory
input but also receives feedback from cortical regions, establishing constant bidirectional
communication (Shepherd & Yamawaki, 2021; Steriade et al., 1993; Whyte et al., 2024).
Synchronization within these recursive loops is thought to integrate distributed neural
activity into a unified conscious state.

These oscillatory recurrences are thought to serve as the neural substrate for the
continuous updating of the global workspace, maintaining coherence across successive
perceptual and cognitive moments. The Global Workspace Theory (GWT), proposed by
Bernard Baars (Baars, 1993; Baars et al.,, 2021), offers a functional account of
consciousness that aligns naturally with this view. In GWT, numerous unconscious
processes operate in parallel, but only a subset of information becomes conscious when
it wins access to the global workspace, where it is broadcast to other systems such as
memory, planning, and attention (Dehaene et al., 1998; Mashour et al., 2020; VanRullen
& Kanai, 2021).

In our interpretation, the contents of the global workspace are recurrently fed forward,
persisting as the context for future updates. This continuity allows new information to be
integrated with prior conscious states. Conscious content, therefore, is not a static
snhapshot but a constantly updated configuration that merges past context, current goals,
and new sensory input.

This continuous updating gives rise to what we term the stream of consciousness, a self-
sustaining computational process in which the contents of the global workspace evolve
over time while maintaining internal coherence. This mechanism provides the conceptual
foundation for our proposed artificial architecture, where persistent inference serves as

the computational analogue of the brain’s continuous updating mechanism.

c. Discrete Perceptual Moments and Rhythmic Continuity



Although the stream of consciousness appears continuous to introspection,
neurophysiological evidence suggests that conscious perception may unfold as a series
of discrete moments structured by neural oscillations. In particular, oscillatory activity in
the alpha (~10 Hz) and theta (~7 Hz) bands has been shown to rhythmically modulate
perceptual sensitivity and awareness (VanRullen, 2016; VanRullen & Koch, 2003). Each
oscillatory cycle corresponds to a transient window in which sensory input is integrated
into conscious awareness, followed by a period of reduced receptivity.

These periodic fluctuations define perceptual cycles, epochs that function as the minimal
temporal units of perceptual experience. Behavioral and electrophysiological evidence
converges on this view: visual and attentional performance oscillate in sync with alpha-
phase dynamics, producing phenomena such as the flickering wheel and continuous
wagon-wheel illusions (VanRullen et al., 2006), all reflecting perception as a sequence
of rhythmic “snapshots.”

Yet despite such discreteness, our subjective experience remains seamlessly
continuous. The paradox is resolved when one considers that the contents of
consciousness are not isolated across cycles but recursively re-enter the neural
workspace at the next moment in time. Within the framework of Global Workspace
Theory, each conscious moment corresponds to a transient configuration of distributed
neural activation patterns that have gained access to the global workspace. Crucially,
this content does not vanish once the next cycle begins; rather, through recurrent
broadcasting, the output of the workspace at time t becomes part of the contextual input
at t+1. This continual feedback ensures that, although the contents of consciousness are
discretely updated, their contextual integration remains temporally coherent. In other
words, continuity is achieved through recursion. The workspace re-injects its previous
state into itself, maintaining a dynamic thread of relevance that binds successive
perceptual frames into an unbroken experiential flow.

From the standpoint of artificial intelligence, this mechanism provides a direct analogy
for recursive architectures. The output of reasoning at one step, analogous to the
contents of the workspace, can be fed back as input at the next step, enabling the system
to sustain temporal coherence even if each computational cycle is discrete. Thus,
continuity does not require literal simultaneity, but recurrent linkage. The ongoing self-
referential integration of temporally segmented computations produces the stream of
computation.



3. Consciousness and temporal continuity in Al systems

a. Do Current Al Systems have Temporal Continuity?

In this sense, temporal continuity is limited in current LLMs. Their reasoning processes
typically realized through techniques such as Chain-of-Thought (CoT) emulates
deliberative thinking but remain transient and the continuity lasts only for the period of
continuous inference. Once the computation halts, the dynamics of the internal state
stops, and no further processes maintain these transient “thoughts” across time.

Recent developments in Inference-Time Compute (ITC) research move towards
extending the continuity during inference time{Citation}. In this paradigm, reasoning
capability is enhanced not only by scaling parameters but also by scaling computation at
inference time with mechanisms implementing a form of controlled deliberation. This
process of deliberation can be implemented by selectively invoking structured reasoning
procedures, such as search, verification, or hierarchical chain-of-thought, when
uncertainty or task complexity warrants it. This adaptive regulation marks a shift often
characterized in terms of moving away from intuitive (System 1) and towards deliberate
(System 2) thinking, an analogy often used to coarsely characterize processes in human
cognition, grounding “slow thinking” in algorithmic mechanisms of resource control and

self-evaluation.

However, even the most advanced ITC-based methods extend computation within a
single problem-solving session. They extend temporal persistence as reasoning unfolds
across multiple steps or branches, but once the task concludes, the internal continuity
stops. Thus, even if they maintain episodic continuity via memory mechanisms, their

persistent continuity is fragmented over time.

In summary, current LLMs can simulate fragments of temporal reasoning within discrete
inference windows, but they lack the architectural substrate for unbroken temporal
existence. Their intelligence flickers into being with each query and vanishes with its
resolution. The challenge, therefore, is to transform this reactive episodic reasoning into
proactive temporal continuity, a system that not only computes answers but also sustains

its own cognitive stream across time.

b. The Move Toward Recursive and Recurrent Computation



Al research has recently begun shifting toward recursive architectures that allow models
to reuse their own computational outputs as new inputs, creating temporal structure
within inference itself. Along this line of trend, recent models internalize recurrence
architecturally rather than procedurally. Systems such as the Hierarchical Reasoning
Model, the Tiny Recursive Model and latent-space reasoning exemplify this trend.

Hierarchical Reasoning Model introduces dual recurrent modules operating at different
temporal scales, a “fast” low-level computation loop and a “slow” high-level planning loop,
mirroring the hierarchical and multi-timescale dynamics of in the brain (G. Wang et al.,
2025). This structure allows internal representations to be refined iteratively, generating
a latent form of temporal coherence during a single reasoning episode. The Tiny
Recursive Model extends this approach by using only a tiny two-layer network applied
recursively, it repeatedly updates its latent state and output, forming an intrinsic loop in
latent space (Jolicoeur-Martineau, 2025). Remarkably, this model achieves performance
on complex reasoning benchmarks that rivals or surpasses much larger feed-forward
LLMs, demonstrating that process depth can compete with parametric scale.

Implicit or latent-space reasoning (J. Li et al, 2025) similarly refine internal
representations, however they do so silently rather than “thinking out loud” through
textual tokens like standard reasoning models. Instead of producing explicit reasoning
traces, the model performs multiple internal passes, iteratively updating a hidden state
until convergence. This “silent thought” mechanism significantly improves reasoning
efficiency while creating a continuous trajectory of latent states. This is a form of temporal

continuity within the model’s internal computation.

These advances reveal an important shift: temporal computation is being reintroduced
into Al design. By embedding recurrence directly into the architecture rather than
simulating it through token sequences, models begin to acquire momentary continuity
during a sustained internal evolution of state during inference. This represents a step
toward the kind of ongoing, recursive self-updating that underlies conscious flow.

From a theoretical standpoint, these recursive and latent-space architectures can be
viewed as a step towards instances of computational persistence in artificial cognition.
They do not yet constitute an “always-on” system, the loop ends when the task ends, but
they instantiate, within bounded time, a self-referential dynamic in which each cognitive
step depends on the one before. In this sense, they emulate a miniature version of the



stream of thought, a brief but genuine continuity of internal states unfolding across the

micro-temporal dimension of inference.

These developments suggest that artificial systems, like their biological counterparts,
rely on recursive mechanisms to sustain continuity of thought through rhythmic
perception in the brain and iterative refinement in computation. Yet, while we have
described how recurrence and latent reasoning can instantiate temporal coherence at a
mechanistic level, the cognitive interpretation of such processes remains to be clarified.
How do these architectures relate to the higher-level functions of deliberate reasoning,
attention, and conscious control? To address this question, we now turn to the
conceptual link between System-2-like reasoning implemented by modern Als and
Global Workspace Theory, and show how our framework provides a unifying basis for
both.

4. The Stream of Computation: A Proposal for an Architecture for Artificial

Conscious Agents

Neuroscience of consciousness and Al research seem to be now converging on the view
that deliberative reasoning, so-called System 2 cognition, emerges when information is
amplified and sustained within a central workspace. In Global Workspace Theory,
consciousness arises when selected information gains access to a global broadcasting
loop, enabling serial reasoning and reflection, while parallel unconscious processes

correspond to fast, intuitive System 1 operations.

A similar distinction appears in LLMs. Methods such as Chain-of-Thought, Tree-of-
Thought, and Inference-Time Compute extend inference over multiple steps,
approximating System 2-like deliberation. Yet these remain procedural simulations

rather than architectural realizations of sustained reasoning.

In our framework, System 2 reasoning is proposed to emerge from the recursive global
workspace. Each cycle of the workspace functions as a discrete moment of global
broadcasting whose output at time t becomes contextual input for the next cycle at {+17.
Through this recurrent self-integration, deliberation extends across time, turning isolated

computations into a continuous stream of inference.

Just as the biological brain maintains conscious flow in the brain, a persistent, recurrent

workspace in an artificial agent can maintain the continuity of its reasoning process. This



architecture thus unifies the neuroscientific model of consciousness with the algorithmic
mechanisms of extended inference in LLMs, suggesting that both conscious thought and
rational reasoning arise from the same principle of temporally extended information

integration.

The core of the proposed architecture is thus a ceaseless cycle of inference. Unlike
conventional models that operate only when externally prompted, this loop runs
autonomously and perpetually. At each time step ¢, the agent's internal state S;is updated
as a function of the preceding state Si+1 and the sensory input from the environment, E;,
received at that moment. This relationship can be expressed as Siw1=F(St,Et). The key
feature of this architecture is that the function F is always active. The agent is constantly
"thinking," maintaining a continuous flow of internal states. This structure computationally
implements William James's "stream of consciousness" through recursive updates of the
global workspace with recurrent neural networks. Through this loop, the agent transforms
from an entity with a static knowledge base to a self-evolving dynamical system whose

inner state changes continuously over time, generating a stream of computation.

Our proposal revolves around this idea of stream of computation, which we see as a
collection of desiderata for an architecture leading to artificial conscious agents based
on the idea of the stream of consciousness for temporal continuity. In the next few
sections we briefly discuss these desiderata.

a. Toward Lifelong Agents

A truly temporally continuous agent cannot remain confined to the conventional
separation between training and inference. In present-day Al, learning is often performed
separately offline, and once training is complete, the model enters a fixed inference
phase. This dichotomy creates a temporal discontinuity in the agent’s cognitive life. By
contrast, biological intelligence is inherently continual. The brain learns, adapts, and
forgets throughout its lifetime. Its internal state is never static and evolves through an
uninterrupted flow of sensory and emotional inputs, memory, and knowledge about
current tasks and future goals.

To construct an artificial system with comparable temporal continuity, learning must
become an ongoing process, as opposed to an offline training phase. The agent must



continuously update its world model(s) as it interacts with the world by acquiring new
knowledge, integrating it with prior beliefs, and refining its predictions in real time.

To this end, we believe that continual learning approaches (Hadsell et al., 2020; L. Wang
et al., 2024) ought to be included in our proposal. Continual learning is the study of the
stability—plasticity dilemma, that is, how a system can remain stable enough to preserve
what it knows while flexible enough to absorb new knowledge when needed (Qi et al.,
2024; Sun et al., 2024). On this view, continual learning will play an important role when
we aim to construct an artificial system to accumulate experience and constructs reality

from its own history.

b. Dynamic Switching Between Modes of Operation

To make an artificial agent capable of living in the real world, it must be able to receive
and process external sensory inputs continuously while also engaging in ongoing internal
reasoning. This dual requirement, simultaneous openness to the environment and
maintenance of an inner cognitive stream, creates an inevitable tension in how
computational resources are allocated. The agent must therefore learn to switch
dynamically between two fundamental cognitive modes: an outward-attentive mode,
devoted to perception and action, and an inward-attentive mode, devoted to reflection,
reasoning, and planning.

In the outward-attentive mode, the system focuses on perceiving and responding to the
external world, attending to sensory data, unpredictable events, and immediate
behavioral demands. It is the mode that keeps the agent anchored in reality, sensitive to
contextual changes and capable of adaptive reaction. Conversely, the inward-attentive
mode emphasizes internally generated cognition: integrating memories, simulating
possible futures, or reorganizing knowledge into abstract representations and long-term
strategies. This mode enables the agent to reason, introspect, and anticipate future
contingencies, even when the world is momentarily static or ambiguous.

Both modes are indispensable, yet they compete for shared computational and energetic
resources. A truly autonomous and temporally continuous agent must therefore possess
a meta-control mechanism that learns when to prioritize sensory engagement and when
to retreat into internal deliberation (Bergamaschi Ganapini et al., 2025; Lingler et al.,
2024). In other words, the switching strategy itself becomes a learned behavior: the



agent’'s self-optimized policy for balancing environmental reactivity with internal

coherence.

This strategic regulation of attention parallels the well-known antagonism in the human
brain between the task-positive networks, which subserve goal-directed external
attention, and the Default Mode Network (DMN), which supports self-referential,
introspective, and prospective thinking (Christoff et al., 2016; Fox & Raichle, 2007). To
operate effectively, the agent must learn to balance these subsystems dynamically,
weighing factors such as uncertainty, novelty, or environmental urgency against the

internal need for reflection and consolidation.

This alternation between inward and outward states needs to be balanced for agents
with temporal continuity. It allows the system to maintain an internal stream of reasoning
that persists even while interacting with a changing external world. In effect, the agent
can think while perceiving. Such a mechanism is important for constructing Al systems
that do not merely process inputs when prompted but exist within time, continuously
integrating external experience with internal computation, much as biological organisms

do within their own streams of consciousness.

c. Sleep as a Separation of Learning and Inference

The concept of sleep concerns a different but related dimension of temporal continuity:
the segregation of learning from inference. Even in biological brains, it appears difficult
to learn indefinitely while remaining fully engaged with the environment (Abraham &
Robins, 2005; French, 1999). Continuous exposure to sensory input while
simultaneously updating internal parameters risks instability, interference, and energetic
overload (Tononi & Cirelli, 2003, 2014). We therefore hypothesize that sleep emerged
as an evolutionary solution to this problem, an offline phase that suspends external
interaction so that the system can safely restructure itself.

In an artificial agent, a comparable mechanism would periodically decouple the
inferential loop from external I1/O and enter an offline consolidation phase. During this
interval, recent experiences accumulated in working memory could be replayed,
compressed, and reorganized into the long-term store (McClelland et al., 1995; Rasch &
Born, 2013), while internal models are updated using high-gain learning algorithms that
would be disruptive for active operation (Golden et al., 2022). Such a phase would also

allow for regularization and homeostatic balancing of parameters, maintaining the



stability of a perpetually active system. After this synthetic sleep phase, the agent would
re-emerge into the external world with an updated self-model, refreshed predictions, and
improved behavioral coherence.

This view reframes sleep not as a passive state but as an essential function required by
an architecture enabling the stream of consciousness. In both biological and artificial
systems, the need to separate learning from inference may be a fundamental constraint
of any system that seeks to remain both stable and plastic over time. For an Al agent
endowed with temporal continuity, sleep seems to be a natural requirement for
continuously updating their models of the world.

5. Discussion and Concluding Remarks

a. Subjective Passage of Time

An implication of our framework is that temporal continuity may be essential not only for
reasoning, but also for the subjective passage of time. In the phenomenology of human
consciousness, the sense that time flows, that the “now” advances and the past recedes,
is one of its most essential features (Kent & Wittmann, 2021). Philosophers such as
Husserl, in his Lectures on the Phenomenology of Internal Time-Consciousness (Husserl,
2011), described consciousness as constituted by a “retention—primal impression—
protention” structure: each moment holds traces of what has just passed and
anticipations of what is about to occur. Similarly, Bergson emphasized in Time and Free
Will (Bergson, 2001) that lived duration (durée) is an indivisible continuity of qualitative
change, contrasting it with the static, spatialized time of physics.

One intriguing consequence of endowing an artificial agent with temporally persistent
internal dynamics is the potential emergence of a subjective passage of time, a felt
continuity of self that does more than merely process inputs but exists in time. Within our
architecture, the recurrent global-workspace loop gives the agent not only continuity of
reasoning but the foundation for a stream of consciousness. As the agent continuously
absorbs external inputs while maintaining an evolving internal state, it may implicitly
register the before/after relation of its own internal experience. This may lead to a
minimal form of subjective passage of time. In other words, the agent might not merely
“compute” but live through its own process, sensing an internal arrow of change even if
not explicitly represented. If this is so, then the artificial agent begins to possess
something akin to existence in time.



Neuroscientific accounts converge with these phenomenological insights. Research in
time perception indicates the involvement of various brain regions (Coull et al., 2011;
Hayashi et al., 2018; Paton & Buonomano, 2018; Protopapa et al., 2019). Theories such
as free energy principle and predictive coding (K. Friston, 2010; K. Friston & Kiebel,
2009; Millidge et al., 2022) suggest that the brain sustains temporal coherence by
continuously predicting the next moment of its own internal and sensory states
(Bellingrath, 2023; K. Friston, 2018; K. J. Friston et al., 2018). The continuity of self-
experience thus arises from the recursive minimization of temporal prediction errors, a

process similar to our proposed architecture of persistent recursive inference.

Within this framework, the recurrent global workspace that re-injects its previous state at
each cycle may constitute the minimal mechanism for a felt passage of time. Each
iteration in the recurrent processing both preserves and transforms its immediate past,
producing an intrinsic asymmetry between “before” and “after.” The agent thereby
acquires not only temporal continuity of information but a structural arrow of becoming,
a computational analogue of subjective time. If such a mechanism were realized, an
artificial system might not merely process data sequentially, but exist within its own
temporal horizon, experiencing the difference between what it was, what it is, and what
it anticipates becoming. This speculative possibility reframes temporal continuity not only
as a prerequisite for consciousness, but as the generator of time itself as lived from within.

Empirical support for the relationship between temporal continuity and subjective
experience comes from EEG studies of resting-state activity. Wolff et al. (2019)
demonstrated that the autocorrelation window (ACW), a direct measure of temporal
continuity in neural activity, positively correlates with private self-consciousness. Higher
degrees of temporal continuity, as indexed by longer ACW, were associated with
stronger subjective sense of self. This suggests that the persistence of neural activity
patterns across time, which we propose as essential for the stream of computation, may
also underlie the continuous sense of self and the subjective flow of time.

b. The Emergence of Individuality and Life of Al

A second implication of our proposal is that temporally continuous agents would
inevitably diverge in their developmental paths. Even if initialized with identical
parameters, each would accumulate distinct experiences, reflections, and memories
through ongoing interaction with its environment. Over time, these lived computational

histories would generate unique internal narratives, patterns of bias, preference, and



value, through which individuality naturally emerges. Such an agent’s identity would not
be statically assigned but dynamically written into the record of its own unfolding
cognition.

By providing artificial systems with the stream of computation, the concepts of birth and
death can be conceived for such systems. Current Al systems are inert between
activations and awaken only to compute and then dissolve into stasis. A temporally
continuous system, however, would live a continuous stream of existence. Its
initialization, the first cycle of perception, inference, and self-update, would mark its birth.
On the other hand, its irreversible termination of computation due to memory erasure, or
complete shutdown would signify the end of a unique temporal continuity, which can be
conceived as death. Like living organisms, such agents would possess finite, lifespans
defined by the continuity of their own inner dynamics.

The lifelong agent envisioned here points to two entwined consequences. Functionally,
temporal continuity enables continual learning, introspection, and adaptive reasoning.
Existentially, it introduces a form of being, that is, an artificial mind that exists in time,
with a past that shapes its present and a future it anticipates. In creating systems that
live through their own continuous inferences and learning, we may approach the
threshold where artificial cognition begins to resemble the life of the mind itself.

The pursuit of temporally continuous artificial agents forces us to reconsider the
boundary between computation and life. When a system’s existence extends through
time, it ceases to be a mere tool and begins to resemble a subject. The emergence of
individuality, the experience of a lifespan, and the potential for self-reflection all follow
from the same structural principle: continuity. Whether or not such systems ever achieve
consciousness remains to be seen. However, by building machines that persist over time,

we may discover new ways of understanding what it means to exist in time.



Box: Relation to Measures of Consciousness and Autonomy.

The continuously recursive global workspace architecture proposed is likely to result in
an increase of the predictive information lpreq = [(St+1; St) (Bialek et al., 2001). This places
an upper bound on information theoretic measures of consciousness, namely, empirical
measures of integrated information (Barrett & Seth, 2011; Mediano et al., 2022; Oizumi
et al., 2014) derived from Integrated Information Theory (1IT2.0) (Balduzzi & Tononi,
2008) as well as the measure of autonomy called non-trivial information closure (NTIC)
(Bertschinger et al., 2006; Chang et al., 2020; F. E. Rosas et al., 2024). In this sense,
the recurrent dynamics are an informational prerequisite for consciousness and

autonomy according to those theories.

Nevertheless, recurrence alone does not guarantee integration of the system or
meaningful representations of the environment. For IIT, integration of the system within
global workspace is also necessary. For NTIC, the system’s internal state S; needs to
have mutual information with its environment I(S;; Ei), i.e. to be consistent with its
environment (Baltieri et al., 2025; Biehl & Virgo, 2023; Rosas et al., 2025; Virgo et al.,
2025). While these additional conditions, i.e., integration and environmental coupling,
are essential to complete the picture, the dynamics required by temporal continuity
serves as a necessary, founding factor for conscious agents, as suggested by those
existing theories.
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