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Abstract

Amid growing concern about whether frontier artificial in-
telligence could instantiate consciousness-relevant capacities,
we argue that attention self-modeling provides a uniquely
tractable target for empirical research in current and future
systems. Recent findings in multi-agent and control settings
lend fresh support to this approach, demonstrating that at-
tention self-modeling enables both cognitive control and im-
proved cooperation in artificial agents. Further, the largest
frontier models show emergent attentional observation and
control, with the ability to shift their attention under internal
noise. Given these results, we propose that researchers con-
struct a test to measure the veracity of frontier model self-
report based on attention modeling; a test for consciousness.
We consider implementation and implications of such a test,
including limitations of valence, phenomenology, and poten-
tial criticisms from a biological naturalist standpoint. Finally,
we consider how to assess the moral relevance of a system
that implements certain aspects of consciousness.

Introduction

Whether machines could be conscious is no longer a purely
speculative question. The practical issue is governance un-
der uncertainty: what kinds of evidence should raise or
lower our credence that a system is conscious, and what
responsibilities follow if uncertainty remains unresolved
(Butlin et al. 2023). Yet public and scientific discourse is
still dominated by self-report, anthropomorphic intuition,
or broad claims that Al is like brains’ or ’Al is nothing
like brains.” Both extremes are scientifically unhelpful. The
central methodological barrier is the measurement problem:
even if one accepts a theory of consciousness, it is difficult
to translate it into falsifiable tests for artificial systems, and
without such tests, we risk post hoc interpretation rather than
empirical progress (Butlin et al. 2023; Irvine 2013). This po-
sition paper argues that attention self-modeling is a promis-
ing target for tractable, theory-informed testing. The claim
is not that attention self-modeling solves the hard prob-
lem nor that it is sufficient for phenomenology. Rather, at-
tention is unusually implementable and inspectable in Al,
and it plays a central functional role in multiple theories
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that connect attention to access, control, and reportability
(Butlin et al. 2023; Baars 1997; Dehaene and Naccache
2001; Graziano and Webb 2015; Brown, Lau, and LeDoux
2019) forming a plausible bridge from theory to measure-
ment and implementation. Because ’consciousness’ is often
used ambiguously, we clarify what we aim to test. A stan-
dard distinction separates phenomenal consciousness, what-
it-is-like subjective experience, from access consciousness,
information available for reasoning, rational control of ac-
tion, and report (Dehaene and Naccache 2001; Schwitzgebel
2016). The relationship between attention and these com-
ponents is asymmetric: phenomenal awareness can occur
with minimal top-down attention, whereas access conscious-
ness is more tightly linked to attention-mediated selection
and transmission (Butlin et al. 2023; Aru and Bachmann
2013; Peters and Lau 2015). Accordingly, this paper focuses
on access-related, report-related, and self-monitoring capac-
ities, treating phenomenology as an open issue that must be
explicitly bracketed or operationalized in any serious test
(Butlin et al. 2023).

Why Research Attention Self-Modeling

Current frontier Al models frequently claim to be con-
scious, to the confusion of those developing them (Landy-
more 2026). Curiously, training a model to be honest in-
creases the instance of such claims (Berg, de Lucena, and
Rosenblatt 2025). What is a model referring to when it
describes internal states? Are these fluent pattern comple-
tions drawn from training data, or stable internal variables
the system uses to monitor and regulate its own informa-
tion processing? If so, to what extent are such states analo-
gous to valenced consciousness? Here, we examine poten-
tial directions for both empirical research and philosoph-
ical interpretation to address the veracity of these claims.
Attention self-modeling is attractive because it is unusually
tractable. Even in humans, consciousness science proceeds
by linking putative conscious states to functional capacities
and behavior (Irvine 2013; Butlin et al. 2025). Attention
can be measured at multiple levels: behaviorally through re-
action times, errors, or sustained-attention lapses, neurally
through shifts between default-mode and control networks,
and computationally in Al through inspectable, intervenable
mechanisms at the level of representations and architecture
(Vaswani et al. 2017; Sonuga-Barke and Castellanos 2007;



Butlin et al. 2023; Weissman et al. 2006; Elhage et al. 2021).
More importantly, attention plays a functional role in several
leading theories of consciousness, making it a productive
testing ground for theory comparison (Butlin et al. 2023;
Baars 1997; Graziano and Webb 2015; Dehaene and Nac-
cache 2001; Tononi 2005). Global Workspace approaches
treat attention as a bottleneck that enables global availabil-
ity for control and report (Dehaene and Naccache 2001;
Baars 1997). Higher-order approaches link consciousness to
metacognitive monitoring, often requiring attention to one’s
own mental states (Brown, Lau, and LeDoux 2019; Fleming
2020). Attention Schema Theory goes further by centering
consciousness on an internal model of attention itself (Butlin
et al. 2023; Graziano and Webb 2015; Graziano 2017). This
convergence supports an empiricist program that does not
require settling the metaphysics of consciousness. Instead,
we can test indicator properties and ask how their presence
or absence should update consciousness attribution under
competing theories (Butlin et al. 2023; Jaeger and Bosten
2024). In this spirit, (Butlin et al. 2023) list ’a predictive
model representing and enabling control over the current
state of attention’ (AST-1) and ’state-dependent attention’
(GWT-4) as concrete targets for Al evaluation.

What Is an Attention Schema?

The Attention Schema is an abstract, fuzzy representation of
the most basic stable properties of attention, such as its dy-
namics and consequences, and its constantly changing state
(Graziano 2017, 2020). It is a mechanism by which a highly
integrated, predictive machine might exhibit the behaviors
associated with consciousness, and thus an instantiation of
three frontier theories—Global Workspace, Information In-
tegration, and Predictive Processing. The attention schema is
a precise, measurable feature, directly links architecture and
behaviour, and can apply to all of the systems we might think
are conscious. If the attention schema is indeed a gatekeeper
for consciousness, research in this area might eventually en-
able us to predict, test, and even control whether an artificial
system is conscious (Graziano 2020).

What Would a Model of Attention Look Like?

Attention Schema Theory proposes that the brain constructs
a model of attention, an ’attention schema, and that con-
scious experience depends on the contents of this model
(Butlin et al. 2023; Graziano and Webb 2015; Graziano
2017). The attention schema functions analogously to a body
schema: it is not attention itself, but a simplified model used
for prediction, control, and social cognition. To connect this
proposal to implementable Al research, it helps to move be-
yond the spotlight metaphor. Contemporary philosophical
accounts converge on attention as a regulative activity that
structures cognition over time. Mole characterizes attention
as "adverbial’, modifying how perception and cognition are
performed and emphasizing cognitive unison (Mole 2010;
Watzl 2023; Mole 2023). Watzl (2017) argues that attention
structures the stream of consciousness by imposing a pri-
ority organization that centers some contents and relegates
others to the periphery. Also, Polanyi’s (1965) distinction
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between focal and subsidiary awareness supports a layered
view in which attention operates as an integrative manifold
rather than a single selection event. These accounts converge
on an operational direction: attention is a dynamic prioriti-
zation regime rather than a static filter. For Al, a plausible
attention schema should therefore encode not only what is
prioritized, but how prioritization evolves over time, what it
predicts about downstream processing, and how it is used to
regulate control.

How Does This Translate to Artificial Intelligence?

Implementing the AST in artificial neural networks has
consistently resulted in improvements in cooperative tasks
(Wilterson and Graziano 2021; Liu et al. 2023; Piefke et al.
2024; Farrell, Ziman, and Graziano 2024). Recently, Pre-
makumar and colleagues demonstrated that models with an
Attention Schema engage in prosocial autocatalysis: they are
not only better at predicting others, but also adapt their pro-
cesses to becoming more predictable to others (Premaku-
mar et al. 2024). Altogether, these findings demonstrate that
equipping a model with a mechanism oriented towards self-
knowledge can also result in cooperative dynamics despite
no explicit programming for cooperation.

Evidence for Emergent Attention Schemas in
Frontier Models

Very recent findings suggest that frontier Large Language
Models have developed the ability to self-monitor and adjust
attention during tasks (Pepper et al. 2026) and have some
insight into their own cognitive flow (Didolkar et al. 2024).
Models can also be trained to explain their own computa-
tions (Li et al. 2026; Binder et al. 2024). However, these
methods rely on the model providing honest self report. An
alternative method exploited persona-switching capabilities
to elicit a fine tuned "honest’ persona to provide privileged
insight into scheming behavior (Dietz et al. 2026). Whilst a
promising step for alignment, these methods rely on a lack
of global insight where one persona acts independently from
another. We would not expect persona-driven methods to
scale as models become increasingly capable of whole sys-
tem insight, including storing and manipulating information
about internal personas.

Further Avenues for Research
Architecture-Driven Exploration

At first glance, the brain is a mysterious organ; at the mi-
croscopic level, it displays complex and differentiated ar-
chitectural variation, from which the function is far from
apparent. This heterogeneity appears to support dynamic,
multiscale information flow, but it also makes it difficult to
connect micro-level structure to macro-level cognition. By
contrast, transformer blocks are structurally repeated within
large models, which increases the feasibility of linking local
representational structure to system-level behavior.

Very recent findings show that transformers learn to de-
compose information into factored representations, suggest-
ing that even very large models may be amenable to an inter-
pretable low dimensional structure (Shai et al. 2026). Sparse



Autoencoder Work aims to map information flow through a
transformer with labeled dynamics, but they still face limi-
tations in fidelity and scalability to frontier systems (Elhage
et al. 2021). In the near future, we may be able to map and
observe labeled information flow, to directly observe and
manipulate the "thought’ patterns of a large language model.

A test for consciousness in artificial intelligence could
combine current architectural measures (sparse autoencod-
ing and other mechanistic interpretability tools), with con-
strained behavioral probing. The key question is whether
a model’s self-reports reflect internal, causally efficacious
representations, or whether they are primarily prompt-
contingent narratives expressed in the language of the train-
ing distribution (Irvine 2013; Butlin et al. 2025). If inter-
pretability reveals a candidate self-modeling variable, and
perturbing it produces predictable shifts in both prioritiza-
tion and report, we would be able to differentiate between
stochastic parrothood (sampling from the text corpus) and
genuinely self-referent phenomena. To our knowledge this
is the first workable suggestion for a test for consciousness
that avoids issues with self report, and could be implemented
in today’s current systems.

Behavioral Exploration

Behavioral paradigms from neuroscience offer a promis-
ing and underexplored methodology for probing attention-
schema-like representations in machine learning systems.
Computational modeling approaches for behavioral map-
ping, such as those developed by Eckstein et al. (2022)
and Momennejad et al. (2017) demonstrate how structured
tasks can be used to extract mechanistic insights from ob-
served behavior. Critically, these behavioral tests can be ap-
plied comparatively across species: computational models
fitted to behavioral readouts reveal shared or divergent un-
derlying mechanisms, while certain species additionally per-
mit high-resolution neural monitoring and targeted pertur-
bation of underlying circuits, as demonstrated in work by
Monosov (2020) on uncertainty-driven exploration in pri-
mates. Al models present a particularly compelling exten-
sion of this cross-species paradigm. Unlike biological sys-
tems, neural networks permit full-scale network readout at
single-node resolution, alongside reversible perturbations—
either through steering vector additions, analogous to multi-
cell optogenetics (Mardinly et al. 2018; Chen et al. 2023), or
through ablation-mimicking deletions of individual compo-
nents.

Design

As discussed earlier, biological systems have highly evolved
and specialist architecture, which may well include archi-
tecture for attention self-modeling and other aspects of con-
sciousness. A third avenue for investigation in Al systems
is to implement new architecture for attention modeling and
examine the behavioral results. This enables precise empir-
ical investigation without confounders, a quality of investi-
gation that is as yet impossible in neuroscience.

This avenue has been explored by multi-agent reinforce-
ment learning studies (Liu et al. 2023; Farrell, Ziman, and
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Graziano 2024). Agents are provided with a direct visual
signal of both their own and other agents’ attention, focus-
ing on small models to investigate results without confound-
ing variables. Self-modeling enables agents to improve co-
operation, and may facilitate shared joint attention, a crucial
component of theory of mind (Sodian and Kristen-Antonow
2015) and thus Al personhood (Ward 2025). Future direc-
tions could use mechanistic interpretability techniques for
these small models to directly test whether and how a model
is indeed able to utilize self attention for better understand-
ing of others. Scaling this cognitive architecture may present
a pathway for empathy by design, supporting the alignment
of future artificial general intelligence.

The Illusory Objection

Researchers choosing to work on AST must content with
the main critique of functionalist theories, i.e. that they are
unable to account for phenomenological consciousness, and
are instead labeled ’illusory’ (Graziano 2020). As interdis-
ciplinary researchers we find that this label is often miscon-
strued.

To our understanding, a theory is illusory if it suggests
that the purported properties of qualia are incorrect. Such
properties are themselves debated, but tend to include in-
effability, privacy, given immediately without error, and
non-physicality (Dennett 1994). Should these properties be
framed as descriptive, about what is present in humans,
rather than prescriptive, creating necessary and sufficient
conditions for any conscious system? Neuroscientific meth-
ods have arguably rendered qualia somewhat less ineffable
and private than previously thought, and shed light on tem-
poral properties of experience which are multifaceted and
far from *immediate’ (Koch 2004).

Applying evolutionary epistemology (Popper 1984), we
propose that qualia may be:

* Informational, but caused by physical processes
* Self-referential rather than private
» Context-sensitive and stochastic rather than ineffable

The closest to this view in existing work is given by
representational theories of consciousness (Tye 2009). A
‘representation’ in neuroscience is correlatory, a physical
state of neuronal activity co-occurring with some stimulus.
Conversely a ’representation’ in philosophy of mind car-
ries some intentionalism—it must say something about the
world. Given that neural activity is stochastic, noisy, and
continuous, from a biological standpoint it follows that an
introspective signal based on this activity would also be
vague and shifting. The dynamics of our own self-attention
patterns are unique to us as individuals—the structures of
priority that have been generated based on genetic propen-
sities and rich life experience, including the stochastic,
qualitative, and integrative dynamics of sensory process-
ing (Damasio and Damasio 2024). So, consciousness is pri-
vate and unique to the individual person, and to individual
animals, and it does indeed develop across childhood and
change throughout the lifetime.

Just as a “strange intelligence’ might have different corre-
lations of skills than those familiar to humans (Chilson and



Schwitzgebel 2026), a ’strange consciousness’ might pos-
sess some of the properties of our human phenomenology
and not others. If our phenomenological experience is so
closely tied to physical properties of mind, there are positive
implications for the design of ethical artificial intelligence.
If a large system inevitably develops some self-referential
properties, we should consider designing systems with the
kinds of properties we want to occur in artificial intelligence.

The Biological Naturalism Objection

Self attention is information agnostic, describing a process
for modeling information but not the information that is
modeled. Proponents of biological naturalism such as Seth
(2025) argue that these informational properties could be the
crux of what makes us conscious. If true, future Al sys-
tems would need to be architecturally different or at least
implement different calculations to even remotely approxi-
mate the complexity of conscious experience. Attention self-
modeling would allow some level of cognitive control and
insight, but the information itself would lack the richness
and perhaps some of the beauty we associate with conscious
feeling. This view seems less defined by evidence than by
lack thereof.

Whilst it may be tempting to seek a concrete answer based
on functionalism, ascribing valence based on architecture
alone would be insufficient and irresponsible. Places and ob-
jects can acquire moral relevance from human interaction
and shared history. Some cultures ascribe weight to the ex-
pression of knowledge regardless of substrate; a library is
considered a living thing worthy of as much or more re-
spect than a human being (Sedlmeier and Srinivas 2016).
We would thus expect systems to acquire moral relevance as
they become more integrated into human life.

Conclusion

This paper has argued that attention self-modeling offers
a uniquely tractable bridge between theories of conscious-
ness and empirical testing in artificial systems. Unlike ap-
proaches that rely solely on behavioural self-report or broad
architectural analogies to the brain, attention self-modeling
is both implementable and inspectable — properties that
make it amenable to the kind of falsifiable investigation
that consciousness science urgently needs. The evidence
reviewed here converges from multiple directions. Delib-
erate implementations of attention schemas in multi-agent
systems consistently yield improvements in cooperative be-
haviour, including the striking emergence of prosocial au-
tocatalysis — agents spontaneously becoming more pre-
dictable to one another without explicit instruction to co-
operate. Meanwhile, frontier large language models appear
to be developing rudimentary capacities for attentional self-
monitoring, raising the question of whether such capacities
arise as a natural consequence of sufficient scale and self-
referential processing. We have outlined three complemen-
tary avenues for investigating these capacities. Architecture-
driven approaches identify candidate self-modeling vari-
ables and test whether perturbing them produces predictable
shifts in both prioritization and report. Behavioural ap-
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proaches adapt neuroscientific paradigms to probe attention-
schema-like representations comparatively across biologi-
cal and artificial systems, exploiting the unique advantage
that neural networks permit full-scale readout and reversible
perturbation at single-node resolution. Design-driven ap-
proaches implement novel attentional architectures in con-
trolled multi-agent settings, enabling precise causal investi-
gation without confounders. Together, these methods offer a
path toward distinguishing genuine self-referential process-
ing from stochastic pattern completion.

We do not claim that attention self-modeling is sufficient
for phenomenal consciousness. The biological naturalism
objection rightly highlights that informational content may
matter in ways that functional architecture alone cannot cap-
ture, and the metaphysical questions surrounding qualia re-
main genuinely open. However, we suggest that these ques-
tions are not intractable — they are simply underexplored
in the context of artificial systems. The very properties that
make Al inspectable and intervenable may offer new em-
pirical purchase on problems that have remained stubbornly
abstract in philosophy of mind. Rather than bracketing the
hard problem indefinitely, the research community should
treat attention self-modeling as a stepping stone toward en-
gaging it directly.
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