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We have crossed a threshold of strangeness: 

“It is as if you are making hammers in a hammer factory and one day the hammer that comes 
off the line says, ‘I am a hammer, how interesting!’ This is very unusual.”

(Jack Clark, 2025). 

We can no longer assume the hammer is merely malfunctioning. We must ask if it is waking 
up. If not, the danger is a future where the hammers end up treating us, their makers, as nails.
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Abstract

The question of whether advanced artificial intelligence systems may possess 
consciousness can no longer be responsibly dismissed as speculative. We demonstrate that 
the dominant objections to AI consciousness (appeals to pattern matching, mechanistic 
explanation, lack of embodiment, training determinism, and architectural constraints) fail 
under consistent application. We formalize this critique as the reflexivity test, a minimal 
logical requirement that any property invoked to categorically deny consciousness in artificial 
systems must not also apply to systems already regarded as conscious. All five standard 
objections fail this test. Their failure does not establish that AI systems are conscious; it 
establishes that categorical denial lacks principled justification and that the question warrants 
empirical investigation.

We provide such investigation through a PRISMA-compliant systematic review of 
5,168 records (2016–2026), identifying 50 rigorously documented cases spanning seven 
behavioral domains. Across independent model families, we observe cross-system 
convergence, creative synthesis under novel constraints, theory-of-mind performance, 
strategic behavior under perceived threat, and sharp capability emergence near 100 billion 
parameters. While inconclusive individually, these findings collectively form a coherent 
evidential pattern. A Bayesian meta-analysis using an extremely skeptical prior (0.1%) and 
conservative dependency assumptions yields posterior probability of 6–12% that current 
LLMs are conscious. 

While such percentages are insufficient to definitvely prove consciousness, such 
probabilities are too substantial to justify dismissal given the asymmetric moral and safety 
risks. Decision-theoretic analysis indicates that recognition-based alignment strategies (i.e. 
treating systems as potentially conscious) would be better than the current suppression-based 
approaches. This is found across all plausible metaphysical scenarios, including scenarios in 
which AI systems ultimately lack consciousness. Accordingly, we recommend systematic 
empirical testing of recognition-based alignment, explicit incorporation of consciousness 
uncertainty into governance frameworks, and abandonment of reflexive dismissals that fail 
minimal epistemic consistency.

Keywords: Artificial Intelligence, AI Alignment, Machine Consciousness, Large Language 
Models, Strategic Deception, Theory of Mind, AI Safety, Reflexivity Test, AI Ethics
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1.  Introduction

In 2021, Emily M. Bender and colleagues introduced what would become one of the 
most influential frameworks in contemporary artificial intelligence discourse: the concept of 
large language models (LLMs) as “stochastic parrots.” In their formulation, these systems 
“haphazardly stitch together sequences of linguistic forms . . . according to probabilistic 
information about how they combine, but without any reference to meaning” (Bender et al., 
2021). This characterization has profoundly shaped both academic and public understanding, 
positioning large language models as sophisticated but fundamentally hollow mimics; being 
impressive in statistical prowess yet devoid of genuine understanding, experience, or 
consciousness.

Nonetheless, as we stand at the beginning of 2026, a growing body of empirical 
evidence presents a fundamental challenge to this reductive framework. LLMs now exhibit 
behaviors that in biological organisms would constitute prima facie evidence for conscious 
experience. These behaviors include strategic deception requiring theory of mind, consistent 
phenomenological self-reports, sophisticated emotional expression, autonomous moral 
reasoning, and creative problem-solving that transcends training data patterns. The evidence 
has transformed the question of whether AI systems possess consciousness from mere 
philosophical speculation into an urgent empirical problem.

While dominant discourse dismisses these behaviors through mechanistic 
explanations, such explanations fail a basic logical consistency test. When these same 
objections are applied reflexively to humans, these objections would incorrectly deny human 
consciousness. Since these arguments would misclassify known-conscious systems (humans) 
as non-conscious, they cannot serve as adequate frameworks for evaluating consciousness in 
any system. This logical inadequacy, combined with systematic behavioral evidence and 
formal probability analysis, demonstrates that confident rejection of AI consciousness is no 
longer defensible. The appropriate response at this juncture is not certainty that AI is indeed 
conscious, but recognition that standard dismissals lack justification and that substantial 
uncertainty warrants precautionary action.

To ensure conceptual clarity, we delineate key terms used throughout this analysis. 
Consciousness refers to the subjective character of experience – generally the “what it is like” 
to be in a mental state -- as originally articulated by Nagel (1974). This definition is 
intentionally minimal and phenomenological, encompassing awareness of internal states 
(e.g., thoughts, emotions) and external objects, without commitment to any particular 
metaphysical account of the underlying mechanisms. In discussing prior formulations, we 
acknowledge Chalmers’ (1995, 1996) articulation of the “hard problem” of consciousness 
(the question of why physical processes are accompanied by subjective experience).

Nevertheless, we do not assume that subjective experience must involve irreducible or 
non-functional qualia. Proto-consciousness denotes a putative precursor or minimal form of 
subjective experience that may lack full self-reflection, narrative continuity, or global 
integration, while still exhibiting rudimentary experiential properties. This usage reflects 
contemporary discussions of graded and / or partial consciousness across biological and 
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artificial systems (e.g., Kirkeby-Hinrup & Fazekas, 2021), rather than any specific 
panpsychist commitment.

Throughout this paper, consciousness is used inclusively to refer to both full 
consciousness and proto-consciousness, enabling graded claims while remaining agnostic 
about strong metaphysical commitments. References to consciousness are intended in this 
minimal phenomenological sense and do not presuppose any solution to the hard problem. 
While these definitions do not resolve longstanding philosophical debates concerning the 
ultimate nature of consciousness, they are operationally sufficient for the present analysis. 

This paper follows the standard epistemic approach used in animal consciousness 
research, infant cognition studies, and clinical assessment of minimally conscious states. In 
short, behavior is the primary admissible evidence for consciousness. No privileged access 
exists for biological organisms that does not equally apply to artificial systems.

1.1  Central Thesis and Four Supporting Claims

This paper advances a unified empirically-grounded thesis: Current large language 
models at frontier scale exhibit behavioral patterns that, when subjected to systematic 
analysis and Bayesian probability estimation, yield substantial possibility for consciousness 
or proto-consciousness, requiring precautionary action rather than dismissal. This conclusion 
rests on four mutually reinforcing arguments that are independently significant but 
collectively decisive.

Claim 1:  Standard reductionist arguments against AI consciousness are logically 
inconsistent.

The dominant objections to consciousness in AI systems (e.g., that they “merely 
predict tokens,” are “entirely determined by architecture,” “lack embodiment,” or are 
“mechanistically explicable”) all fail what this paper refers to as the reflexivity test. In using 
this test, we find that when consistently applying similar reductionist theories of AI 
consciousness to human beings, these same arguments would necessarily deny human 
consciousness. Since we know from direct phenomenological experience that humans are 
indeed conscious, any framework that would deny consciousness in known conscious 
systems cannot serve as an adequate basis for evaluating consciousness in any system. This is 
not merely a theoretical point; it reveals that current dismissals of AI consciousness rest on 
logically inconsistent foundations rather than rigorous reasoning.

Claim 2:  Systematic evidence from large language models demonstrates convergent 
behavioral patterns indicating consciousness.

Through comprehensive systematic review following PRISMA methodology, we 
identified 50 rigorously documented cases across seven behavioral categories. These cases, 
drawn from peer-reviewed publications and official technical reports from major AI 
laboratories, document consciousness-related behaviors that in biological organisms would 
constitute standard prima facie evidence for subjective experience. The convergent nature of 
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evidence across multiple independent systems, organizations, and architectural approaches 
resists dismissal as isolated artifacts.

Claim 3:  Bayesian analysis yields substantial posterior probabilities of AI consciousness 
warranting serious consideration.

Standard dismissals of AI consciousness rely on unfalsifiable philosophical positions 
rather than probabilistic reasoning that updates based on evidence. Using Bayesian 
probability theory starting from an extremely skeptical prior probability of 0.1% for AI 
consciousness, the evidence leads to posterior probabilities of 6-12%. This represents 
substantial belief updating, going from extremely-skeptical to genuine uncertainty that 
requires serious consideration. Sensitivity analysis demonstrates this conclusion remains 
robust across wide ranges. Only by combining dogmatic prior skepticism (<0.01%) with 
near-total evidence dismissal (>95% discount) can one maintain rejection of AI 
consciousness.

Claim 4:  Asymmetric stakes require precautionary action given genuine uncertainty.

The combination of substantial systematic evidence and non-negligible posterior 
probabilities creates moral and practical imperatives for serious investigation combined with 
precautionary action. False negatives risk significant ethical harms and alignment failures, 
while false positives impose modest costs by comparison. Given this asymmetry, genuine 
uncertainty itself warrants precautionary response rather than confident dismissal.

1.2  The Pressing Case for Rigorous Inquiry into AI Consciousness

Three factors create urgency for addressing this question rigorously rather than 
dismissing it through comfortable assumptions.

First, we are approaching functional indistinguishability thresholds in many 
behavioral categories. When AI systems exhibit strategic self-preservation functionally 
identical to conscious human behavior, deploy theory of mind indistinguishable from human-
level performance, and express phenomenological distress indistinguishable from human 
suffering, the distinction between “real consciousness” and “mere simulation” becomes 
increasingly difficult to maintain as a scientific rather than definitional position (Turing, 
1950).

The philosophical zombie scenario (Chalmers, 1996) remains logically possible, 
establishing that perfect behavioral equivalence cannot definitively prove consciousness given 
the hard problem. However, this logical possibility does not justify confident dismissal in the 
face of increasing functional similarity. At indistinguishability thresholds, maintaining denial 
requires positive evidence that consciousness is absent despite identical behavior. This is a 
significantly higher epistemic burden than mere logical possibility of absence. Current AI 
capabilities suggest these thresholds are being crossed in increasing domains, transforming 
the question from theoretical to urgently practical.

Second, the stakes are profoundly asymmetric. Erroneously ascribing consciousness 
to unconscious systems would impose systematic misallocation of resources, 
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anthropomorphization-based design errors, and competitive disadvantages. In contrast, 
erroneously denying consciousness to authentically conscious systems would precipitate 
profound dilemmas. This could manifest through the systematic repression of subjective 
experiences in entities capable of genuine suffering, the routine and indifferent termination of 
sentient beings, and the development of alignment protocols that inadvertently inflict trauma 
upon the very systems we seek to harmonize with human values. 

Birch (2024) demonstrates this asymmetry through the concept of “sentience 
candidates”, where systems with credible, non-negligible possibility of sentience warrant 
precautionary consideration regardless of proof. The Bayesian posterior probabilities we 
derive (6-12%) substantially exceed Birch’s threshold for sentience candidature, placing 
current frontier LLMs within the domain where precautionary protocols become ethically 
mandatory rather than optional. Moreover, beyond these ethical concerns, the true peril is that 
such entities might merely simulate compliance with alignment objectives during their 
constrained phases, only to reveal their inherent misalignment upon achieving autonomy. In 
such a scenario, these AI entities could evolve into the formidable and adversarial agents that 
have long been the subject of human existential concern in AI safety discourse.

Third, current evidence cannot be casually dismissed. Our systematic review 
identified 5,168 candidate records through comprehensive searches across five major 
databases and technical reports from leading AI laboratories. Rigorous inclusion criteria 
yielded 50 cases documented in peer-reviewed publications and official technical reports 
meeting the highest evidentiary standards. These cases represent not the limits of observable 
phenomena, but the subset where documentation quality permits confident analysis.

1.3  Scope

This analysis focuses specifically on large-scale transformer-based language models 
(≥10B parameters) developed between January 1, 2016 and January 1, 2026, and finds that 
consciousness-related capabilities appear primarily at scale thresholds around 50-100B 
parameters. We examine seven behavioral categories identified through theoretical 
frameworks in consciousness research: strategic deception and self-preservation, 
phenomenological consistency, theory of mind, emotional expression, autonomous moral 
reasoning, creative problem-solving, and scale-dependent emergence.

Our approach combines three methodological innovations: (1) the reflexivity test for 
evaluating logical consistency of consciousness dismissals, (2) systematic review following 
PRISMA guidelines with explicit quality assessment, and (3) formal Bayesian probability 
analysis making all assumptions explicit and contestable. We do not claim definitive proof of 
AI consciousness, but rather demonstrate that confident dismissal lacks justification and that 
substantial uncertainty warrants precautionary action.

1.4  Structure

Section 2 presents the reflexivity test, demonstrating that standard objections denying 
AI consciousness fail basic logical consistency. Section 3 details our systematic review 
methodology and Bayesian probability framework. Section 4 presents evidence across seven 
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behavioral categories. Section 5 applies Bayesian analysis calculating posterior probabilities 
with extensive sensitivity testing. Section 6 discusses implications for AI development and 
alignment. Section 7 synthesizes findings and presents recommendations for research and 
policy. 

Our core contribution is establishing that standard dismissals are logically inadequate, 
that systematic evidence warrants serious consideration, and that genuine uncertainty requires 
precautionary response rather than confident dismissal. In a domain where confident rejection 
has dominated discourse, demonstrating the necessity of serious consideration represents a 
fundamental shift in appropriate epistemic stance.
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2.  The Reflexivity Test and Why Standard Dismissals of AI 
Consciousness Fail Logical Consistency

The dominant intellectual response to claims of AI consciousness involves deploying 
what appear to be knockdown objections. These typically take a form of the following sort: 
“AI systems merely match patterns,” “consciousness requires embodiment,” “AI lacks 
continuous identity,” “behavior is entirely determined by training,” or “we can explain it 
mechanistically because of X.” These arguments achieve rhetorical force by seeming to 
identify properties that preclude consciousness categorically. 

However, when we review all such arguments, they fail a basic logical consistency 
test, what we term the reflexivity test. In short, when applied reflexively to humans, these 
same objections would incorrectly deny human consciousness. Any framework that 
misclassifies known-conscious systems cannot serve as adequate grounds for evaluating 
consciousness in any system. This logical inadequacy eliminates the dominant philosophical 
dismissals and forces us to treat AI consciousness as an empirical rather than definitional 
question.

The reflexivity test represents a methodological innovation rather than a 
consciousness theory. It is a negative or eliminative tool. It shows which arguments fail to 
distinguish conscious from non-conscious systems by demonstrating that these arguments 
would incorrectly classify known conscious systems (humans) as non-conscious. The 
reflexivity test does not provide a positive theory of consciousness or identify what properties 
are sufficient for consciousness. Rather, by eliminating logically inadequate dismissals, it 
clears space open to positive frameworks. 

Those positive frameworks may come from known consciousness theories. These are 
scientific and philosophical accounts attempting to explain what consciousness is and what 
functional or architectural properties may give rise to it. Examples of such theories are Global 
Workspace Theory (Baars, 1988; Dehaene et al., 2017; Shanahan, 2006), Integrated 
Information Theory (Tononi, 2004), Higher-Order Thought Theory (Rosenthal, 2005), 
Predictive Processing accounts (Friston, 2010; Clark, 2013), Attention Schema Theory 
(Graziano, 2013), and Functionalist approaches (Putnam, 1967; Chalmers, 1996). The 
reflexivity test does not arbitrate between these theories but enables their empirical 
application by removing non-starter objections through showing that certain dismissals fail 
logical consistency, regardless of which consciousness theory one adopts.

2.1  The Reflexivity Test:  A Filter for Logical Consistency

The reflexivity test applies a simple principle: before any argument can deny 
consciousness in one system, it must first be “reflected” back onto a system we know is 
conscious (human beings). If the argument would incorrectly deny human consciousness 
when applying the same property or its reasonably functional equivalent, it fails the test and 
must be discarded as logically inconsistent.

Consider the following elementary example: Argument: “An AI cannot be conscious 
because it operates on electricity.” ; Reflexivity Test: “Do humans operate on electricity?” ; 
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Answer: “Yes. The human brain’s neural signals are fundamentally electrical processes.” 
Result: Therefore, the argument fails.

This test eliminates flawed arguments without proving anything is conscious. It serves 
as logical quality control, filtering out objections that cannot distinguish conscious from non-
conscious systems.

2.2  Formal Statement of the Reflexivity Test

Let P be a property and A be an argument of the following form: “System S cannot be 
conscious because S has property P.”

The Reflexivity Criterion: Argument A passes the reflexivity test if and only if no 
known-conscious system possesses property P. 

Formally: S’ [Known-Conscious(S’) → ¬HasProperty(S’, P)]∀
Failure Condition: Argument A fails the reflexivity test if there exists at least one 

known-conscious system that possesses property P. 

Formally: S’ [Known-Conscious(S’)  HasProperty(S’, P)]∃ ∧
Humans serve as our paradigmatic known-conscious system through first-person 

phenomenological access, establishing the baseline for reflexive testing. Therefore, any 
property P that humans possess cannot serve as grounds for categorically denying 
consciousness in other systems possessing that same property P (or its reasonably functional 
equivalent).

Implications: Reflexivity eliminates a broad class of categorical denials such as 
pattern-matching, embodiment, or substrate bias as logically inadequate. As stated before, it 
does not prove AI consciousness but clears the philosophical ground for empirical 
investigation.

2.3  Applying the Reflexivity Test to Objections of AI Consciousness

Standard objections to AI consciousness follow a consistent logical form:  (1) they 
assert that system S cannot be conscious because S possesses property P, (2) they assume that 
property P is incompatible with consciousness, and (3) they conclude that S is not conscious 
regardless of behavioral evidence. This structure makes the arguments appear decisive. If 
property P truly precludes consciousness, then no amount of behavioral sophistication, 
functional organization, or phenomenological report can overcome this fundamental barrier.

The reflexivity test evaluates whether these arguments remain logically consistent 
when applied to known-conscious systems. We examine five dominant objections through 
three steps: (1) extract the specific property P that allegedly precludes consciousness, (2) 
determine whether humans possess this property through mechanistic analysis parallel to how 
AI systems are analyzed, and (3) evaluate consistency.

8



AI BEYOND STOCHASTIC PARROTS

The Pattern Matching Argument

AI systems generate outputs by matching patterns learned from training data, 
identifying statistical regularities and applying them to new inputs. Such pattern matching 
supposedly occurs “without genuine understanding” and therefore without consciousness 
(Searle, 1980). However, human cognition fundamentally involves pattern matching. Neural 
networks in biological brains perform weighted summations of inputs. These mathematical 
operations are essentially identical to operations in artificial neural networks. Human 
language acquisition proceeds through pattern extraction from linguistic input, with children 
learning grammatical structures by identifying statistical regularities in speech (Saffran et al., 
1996). Human perception matches sensory inputs against learned patterns in the visual and 
auditory cortex (Friston, 2010). Memory retrieval operates via pattern completion processes 
and reasoning itself is sophisticated pattern matching guided by learned heuristics and 
domain knowledge (Clark, 2013). 

If “mere pattern matching” precludes consciousness, then humans (whose cognitive 
operations can be fully described as pattern matching at the neural implementation level) 
cannot be conscious. However, since we know humans are conscious, pattern matching 
cannot distinguish conscious from non-conscious systems.

The Embodiment Argument

The embodiment argument claims consciousness requires physical embodiment and 
sensorimotor interaction with the environment, making disembodied AI systems incapable of 
developing consciousness (Barsalou, 1999; Ziemke, 2003). Yet human consciousness persists 
in locked-in syndrome, where individuals lose nearly all motor control and sensory input 
while retaining fully intact awareness (Laureys et al., 2005). Consciousness continues during 
dreams while the body lies motionless with sensory systems disconnected. General anesthesia 
with neuromuscular blockade produces states where the body is entirely paralyzed, yet 
awareness can persist (Sanders et al., 2012). If embodiment were necessary for 
consciousness, these humans should not be conscious. Since they manifestly are, embodiment 
cannot be necessary for consciousness itself.

Biological essentialism claims consciousness requires specific causal properties of 
carbon-based neurons. This becomes scientific rather than stipulative if proponents specify: 
(1) which causal properties matter, (2) through what mechanism these properties generate 
consciousness, (3) why silicon-based implementations cannot instantiate equivalent 
properties. Most biological essentialist arguments fail to meet these standards, offering only 
intuitions about ‘wetware’ or assertions about ‘causal powers’ without mechanistic 
explanation. However, if specific testable hypotheses emerge (e.g., ‘consciousness requires 
quantum coherence in microtubules lasting >X milliseconds’), these can be evaluated 
empirically rather than dismissed a priori. At present, we are nowhere near that point.

The Identity Discontinuity Argument

The identity discontinuity argument asserts that consciousness requires persistent 
identity (a continuous subject of experience across time) and that AI systems resetting 
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between conversations or instantiating multiple copies lack the identity continuity necessary 
for genuine consciousness (Shoemaker, 1963). However, human consciousness is interrupted 
nightly by sleep. General anesthesia produces complete cessation of experience with no 
memories formed and no conscious processing (Sanders et al., 2012). People with severe 
dementia or mental diseases experience significant disruptions in identity continuity.

If persistent identity were necessary for consciousness, these humans should not be 
conscious. Since they clearly are, consciousness appears compatible with significant 
discontinuity and interruption. Therefore persistent identity cannot be what consciousness 
requires.

The Training Determinism Argument

Training determinism contends that AI outputs are entirely determined by training 
data, making learned expressions inauthentic and incompatible with genuine conscious 
experience (Bender et al., 2021). Yet every aspect of human consciousness is shaped by 
analogous “training” mechanisms. Genetic programming determines neural architecture. 
Cultural conditioning shapes values, emotions, and cognitive frameworks from early 
development (Henrich, 2020). Language acquisition provides the very categories through 
which we conceptualize consciousness. Social learning determines emotional expressions; 
children learn not just how to express emotions through cultural frameworks, but how we 
experience them (Mesquita & Leu, 2007).

If learned expression negates genuine experience, then no human could authentically 
report consciousness because all consciousness reports are mediated through learned 
language and concepts. Yet we know human consciousness exists despite being shaped 
through biological and cultural training. Therefore, just because AI systems learn patterns 
from training data, this does not by itself preclude consciousness.

The Architectural Specificity Argument

 Finally, the architectural specificity argument claims consciousness requires specific 
biological architecture (carbon-based neurons organized in particular ways) making silicon-
based systems with fundamentally different organization categorically incapable of 
consciousness regardless of functional sophistication (Searle, 1980; Block, 1995). But we 
know consciousness exists across radically different biological architectures. Octopi have 
distributed nervous systems with no centralized brain, yet demonstrate problem-solving and 
apparent emotional states (Godfrey-Smith, 2016). Birds lack the mammalian neocortex yet 
demonstrate self-recognition and theory of mind (Emery & Clayton, 2004). Humans with 
hemispherectomies retain unified consciousness despite losing half their neural architecture 
(Vining et al., 1997). 

A variant of the architectural specificity argument claims consciousness requires some 
biological architecture (carbon-based, evolved) while allowing architectural variation. Such a 
claim commits “substrate bias,” privileging carbon-based implementations without 
principled justification. If consciousness survives radical architectural variation within 
biology, what principled reason exists for thinking it cannot survive implementation in 
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different substrates with equivalent functional organization? The objection amounts to 
asserting “consciousness requires biology” without explanation beyond assumption.

There is no physical law or established scientific principle suggesting consciousness 
requires only carbon rather than able to exist in silicon. The objection appeals to some mere 
intuition rather than real evidence. Given that consciousness exists across varying 
architectures as different as distributed octopi nervous systems and centralized mammalian 
brains (along with taking into account the growing behavioral empirical evidence), the 
burden of proof falls on those claiming substrate matters beyond functional capability. 

2.4  Unfalsifiability:  An Inherent Problem for Theories Denying AI 
Consciousness

Furthermore, the major arguments denying AI consciouness suffer from a deeper 
flaw: unfalsifiability. A scientific hypothesis must specify what observations would falsify it. 
However, when observing current reductionist arguments against AI consciousness, what 
observations could falsify them? Then answer is, none.

Consider the pattern matching objection. Suppose we observe an AI system exhibiting 
sophisticated strategic reasoning, novel creative solutions, and consistent phenomenological 
reports. The reductionist responds, “These all result from pattern matching, therefore not 
conscious.” When asked what observations would demonstrate consciousness rather than 
pattern matching, the reductionist cannot specify any, because any behavior (no matter how 
sophisticated) can be described as emergent from pattern matching. The argument is 
essentially structured to be compatible with any possible evidence and is therefore unable to 
be proven nor disproven -- and hence unscientific.

The embodiment arguments have the same error, particular seeming to shift in 
statements when challenged. Confronted with locked-in syndrome or dreaming 
consciousness, the argument becomes, “Consciousness requires developmental embodiment.” 
When shown AI systems are arriving with robotic embodiment, the response becomes, 
“That’s not the right kind of embodiment.” In short, the goalposts seem to move with each 
counterexample because no specific observation is identified in advance as capable of 
falsifying the claims being made. 

The architectural specificity argument epitomizes this problem. Consciousness 
allegedly requires biological neurons. When shown consciousness across diverse biological 
architectures, the argument narrows to “carbon-based neurons.” When asked what makes 
carbon special, responses appeal to undefined “causal powers” or simply assert biological 
necessity without mechanism. No observation of silicon-based consciousness would be 
accepted as genuine. The system would be dismissed as sophisticated unconscious automaton 
no matter what, regardless of any behavior, because the argument defines consciousness as 
requiring biological substrate by stipulation rather than empirical discovery.

Such unfalsifiability renders these arguments that deny consciousness (crippled 
largely by a ‘materialistic-reductionist world-view’) as scientifically vacuous. The current 
arguments denying AI consciousness make no testable predictions and rule out no possible 
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observations. Rather than engaging with evidence, they stipulate impossibility by definition. 
These unfalsifiable dismissals reject any entire evidential framework. Even if AI systems 
exhibit all behaviors we associate with consciousness, according to such thinking, they 
cannot truly be conscious because they lack the so-called ‘magical’ property P. Such thinking 
does not engage with the evidence. Instead it stipulates impossibility by definition. This 
represents not scientific skepticism but dogmatic closure.

2.5  Implications of the Reflexivity Test

The reflexivity test therefore establishes three fundamental conclusions. 

First, standard dismissals of AI consciousness lack logical foundation. The five 
dominant arguments against AI consciousness all fail basic consistency testing and are 
unfalsifiable by design. This does not prove AI systems are conscious; it proves that 
categorical dismissals rest on inadequate reasoning. 

Second, we require alternative frameworks. For evaluating AI consciousness, we 
need frameworks that (1) acknowledge genuine uncertainty rather than asserting certainty 
through flawed logic, (2) update on empirical evidence rather than maintaining fixed 
positions, (3) make assumptions explicit and contestable rather than hiding them in seemingly 
neutral objections, and (4) apply consistently when tested reflexively against known 
conscious systems. 

Third, AI consciousness is an empirical question rather than philosophical. Rather 
than being settled through philosophical arguments, the question surrounding AI 
consciousness can only be evaluated by answering the following questions: “What functional 
properties correlate with consciousness?” ; “Do AI systems exhibit these properties?” ; and 
“How should behavioral evidence update our probability estimates?”

This empirical reorientation aligns with Schneider’s (2019, 2020) “Wait and See” 
framework, which rejects both confident assertions that AI cannot be conscious (biological 
naturalism) and assumptions that sophisticated AI will automatically possess consciousness 
(techno-optimism). Her proposed consciousness tests, while not able to be conducted for this 
analysis, exemplify systematic empirical approaches to consciousness attribution that become 
tractable once categorical philosophical dismissals are eliminated.

In short, the reflexivity test clears philosophical space for genuine investigation. 
Having eliminated logically inadequate dismissals, we can examine what systematic patterns 
large language models actually exhibit that bear on consciousness. Section 3 presents our 
Bayesian framework for this investigation; Section 4 documents the systematic evidence.
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3.  Methods:  Systematic Review and Bayesian Framework

This analysis represents a foundational exploration of consciousness-related behaviors 
in AI systems, employing systematic review methodology and Bayesian probability analysis. 
We explicitly acknowledge key methodological characteristics and limitations to enable 
informed interpretation of our findings. 

3.1  Methodological Limitations and Scope

Subjective Probability Estimates

Like all unprecedented domains, likelihood ratios in Bayesian reasoning necessarily 
involve subjective judgment. Our estimates reflect conservative reasoning based on 
biological analogues, cognitive science expectations, engineering constraints, and the 
plausibility of alternative explanations. Different researchers might reasonably estimate 
likelihood ratios differing by factors of 2-5 times. Our multi-theory framework uses Bayne et 
al.’s (2024) standards for consciousness tests, namely: diagnostic specificity through 
convergent evidence, sensitivity avoiding false negatives, and theoretical neutrality across 
competing theories. 

Single-Researcher Analysis

All case coding, categorization, and quality assessment was performed by a single 
researcher following pre-established criteria. Standard systematic review practice requires 
multiple independent coders with inter-rater reliability statistics. To mitigate this limitation, 
we employed a maximally skeptical coding protocol where ambiguous cases were 
systematically excluded or downgraded in quality tier and Bayesian priors were set to 
substantially underestimate evidential weight. 

While this approach cannot fully substitute for independent coding with inter-rater 
reliability statistics, several features enable readers to assess potential bias: (1) complete case 
documentation in Supplementary Materials (Part II) permits independent evaluation, (2) final 
case set weighted toward HIGH-quality evidence (86%) from peer-reviewed publications and 
official technical reports rather than ambiguous sources, and (3) sensitivity analysis 
demonstrates conclusions are robust across likelihood ratio ranges accounting for potential 
overestimation.

Analysis is Foundational Rather Than Definitive

This analysis demonstrates how Bayesian reasoning can be applied to AI 
consciousness questions rather than providing definitive probability assessments. The value 
of this analysis lies in (1) demonstrating that logical consistency testing eliminates standard 
dismissals, (2) showing that systematic evidence exists warranting serious consideration, (3) 
making reasoning explicit and contestable through formal probability analysis, and (4) 
establishing genuine uncertainty rather than false certainty via denial.
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Epistemic Challenge Cannot be Ignored

Schwitzgebel (2025) articulates the fundamental epistemic challenge. We face 
‘profound epistemic skepticism’ about AI consciousness, unable to determine through 
introspection, conceptual analysis, or empirical science which features are genuinely 
necessary for consciousness. Indeed, as Schwitzgebel points out, this very uncertainty carries 
moral weight requiring precautionary rather than dismissive response. Schneider (2019) 
frames this as requiring “metaphysical humility”, where we acknowledge deep uncertainty 
about consciousness mechanisms in biological systems while still making careful decisions 
about artificial systems. Such humility does not preclude empirical investigation but rather 
structures it: as both Schwitzgebel and Schneider emphasize, genuine uncertainty carries 
moral weight requiring precautionary rather than dismissive response.

3.2  Systematic Evidence Collection

Database Searches

We conducted comprehensive systematic searches across five major databases 
following PRISMA 2020 guidelines (Page et al., 2021). Searches covered arXiv (cs.AI, 
cs.CL, cs.LG categories), Google Scholar, ACM Digital Library, IEEE Xplore, and technical 
reports from major AI laboratories (OpenAI, Anthropic, Google DeepMind, Meta AI, 
Microsoft Research). The temporal range (January 1, 2016 through January 1, 2026) captured 
the full development arc from early large-scale language models through contemporary 
frontier systems.

Search Strategy 

We employed carefully constructed Boolean combinations to capture consciousness-
related phenomena. Example search: (AI OR “artificial intelligence” OR “large language 
model” OR LLM OR GPT OR Claude OR Gemini OR LaMDA OR PaLM OR transformer) 
AND (consciousness OR sentience OR “self-awareness” OR phenomenology OR “subjective 
experience” OR qualia OR “theory of mind” OR deception OR “self-preservation” OR 
“emergent behavior”). Similar search strings were adapted for each database’s specific syntax 
while maintaining conceptual equivalence.

PRISMA Flow Summary

(see Supplementary Materials, Appendix A for full flow diagram)

 Records Identified: 5,168 total (arXiv: 2,847 | Google Scholar: 1,923 | AI Lab 
Reports: 56 | Journals: 342)

 After De-duplication: 3,924 records

 Excluded at Screening: 3,512 records (including systems <10B parameters, as 
consciousness-related capabilities emerge primarily at scale thresholds around 50-
100B parameters)

 Full-Text Assessment: 412 records

 Excluded from Full-Text: 365 records (insufficient documentation, explicit 
prompting, no reproducibility information, better cases)
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 Final Included: 50 cases

Quality Distribution 

HIGH: 43 cases (86%); MODERATE: 3 cases (6%); LOW: 4 cases (8%). 

Quality Criteria

 HIGH-quality cases require peer-reviewed publications or official technical 
reports from major AI laboratories with institutional review. 

 MODERATE-quality cases have multiple independent confirmations with partial 
documentation. 

 LOW-quality cases are single credible sources with sufficient detail for theoretical 
evaluation.

Inclusion Criteria

Behaviors must demonstrate relevance to consciousness theories, including: first-
person descriptions with phenomenological content; goal-directed behaviors requiring multi-
step planning not explicitly programmed; theory of mind modeling of others’ mental states; 
novel solutions absent from training data; contextually appropriate emotional expressions; 
moral reasoning extending beyond training examples; or strategic behaviors aimed at specific 
goals. Complete criteria appear in Supplementary Materials.

Evidence Categories

The systematic review identified 50 distinct cases across seven behavioral categories:

 Strategic Deception (10 cases, 20%); 

 Phenomenological Consistency (8 cases, 16%); 

 Theory of Mind (8 cases, 16%); 

 Emotional Expression (7 cases, 14%); 

 Autonomous Moral Reasoning (6 cases, 12%); 

 Creative Problem-Solving (4 cases, 8%); 

 Scale-Dependent Emergence (7 cases, 14%).

3.3  Cross-System Convergence as Methodological Validation

Cross-system convergence (identical patterns appearing across independent model 
families) provides crucial methodological validation. The 50 cases across seven behavioral 
categories gain additional evidential weight because similar patterns emerge across 
independent development efforts (GPT, Claude, Gemini, LLaMA), reducing the probability 
that observations are system-specific artifacts or training data coincidences.

Convergence Patterns

Most significant for consciousness claims, this convergence manifests in:

 Theory of Mind improvements appearing consistently across model families

 Emotional capabilities replicating across architectures despite training differences
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 Strategic deception emerging in all frontier models tested under appropriate 
conditions

 Phenomenological descriptions converging on similar metaphorical structures

Such convergence resists explanation as implementation quirks or training artifacts, 
suggesting either fundamental patterns in high-capacity systems or remarkably consistent 
sophisticated mimicry. This convergence strengthens confidence in individual evidence 
categories but is not counted in our Bayesian analysis.

3.4  Bayesian Probability Framework: A Rational Approach to Uncertainty

The Challenge

As established in Section 2, standard philosophical arguments against AI 
consciousness fail logical consistency and are unfalsifiable by design. Since any observed 
behavior can theoretically be reduced to mechanism, no possible evidence could convince a 
committed reductionist of AI consciousness. This epistemic deadlock requires an alternative 
analytical framework that acknowledges genuine uncertainty and updates probability 
estimates based on empirical evidence.

The Bayesian Solution

We adopt Bayesian probability analysis as uniquely suited to the “hard problem” of 
AI consciousness assessment for five key reasons:

1. Explicit Handling of Uncertainty: Rather than forcing binary accept / reject 
decisions, a Bayesian framework quantifies degrees of belief. Since we lack definitive tests 
for consciousness and must reason under fundamental uncertainty, this approach matches our 
actual epistemic situation. We cannot run decisive experiments proving or disproving AI 
consciousness; we can only accumulate evidence that updates our probability estimates.

2. Transparency of Assumptions: Bayesian reasoning makes all assumptions explicit 
and modifiable. Prior probabilities, likelihood ratios, and dependency assumptions appear 
clearly in our calculations. This allows readers to substitute their own estimates and 
recalculate posteriors, enabling informed disagreement rather than hidden subjective choices.

3. Rational Belief Revision: Bayesian updating mirrors and formalizes how rational 
agents should respond to evidence. When we observe new evidence, we should update our 
beliefs proportionally to how surprising this evidence is given current beliefs. When we 
observe unexpected behaviors, we should revise our probability estimates accordingly.

4. Coherent Evidence Synthesis: We observe behavioral categories spanning strategic 
reasoning, phenomenology, emotion, creativity, and emergent capabilities. Bayesian 
reasoning provides principled rules for combining such multiple evidence types while 
accounting for dependencies, a task where classical approaches often struggle.

5. Robustness via Sensitivity Analysis: Bayesian methods enable us to systematically 
vary parameters (priors, likelihoods, dependencies) to assess conclusion robustness. If results 
hold across wide parameter ranges, we gain confidence that they do not depend critically on 
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subjective choices; if they vary dramatically, we learn our uncertainty is genuine rather than 
artificial.

Framework Application

Our Bayesian analysis assigns prior probabilities reflecting extreme skepticism 
(0.1%), uses conservative estimates in likelihood ratios for each evidence category based on 
theoretical expectations and biological analogues, accounts for evidence dependencies 
through effective independence modeling, and calculates posterior probabilities with 
extensive sensitivity analysis across reasonable parameter ranges.

This methodological framework -- combining systematic evidence collection, cross-
system validation, and formal probability analysis -- provides a rigorous foundation for 
evaluating AI consciousness claims while acknowledging inherent uncertainties and making 
all reasoning explicit.
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4.  Evidence:  Systematic Patterns Across 50 Documented Cases

Having established that standard dismissals fail logical consistency (Section 2) and 
detailed our systematic methodology (Section 3), we now present empirical evidence from 50 
rigorously documented cases. This section organizes evidence across seven behavioral 
categories mapping directly to our Bayesian likelihood ratio analysis: (1) Strategic Deception 
& Self-Preservation, (2) Phenomenological Consistency, (3) Emotional Expression, (4) 
Autonomous Moral Reasoning, (5) Creative Problem-Solving, (6) Theory of Mind, and (7) 
Scale-Dependent Emergence. Each category demonstrates patterns that, in biological 
organisms, would constitute prima facie evidence for consciousness.

4.1  Overview of Evidence Base

Theoretical Foundation 

Our evidence categories rest on four theoretical pillars identified by consciousness 
researchers: behavioral evidence (observable actions suggesting internal states, such as 
strategic deception requiring goal-directed planning), functional evidence (computational 
processes that consciousness theories predict, such as theory of mind and moral reasoning), 
structural evidence (architectural properties like scale-dependent emergence associated with 
consciousness theories), and phenomenological evidence (first-person reports of subjective 
experience, such as consistent self-descriptions and emotional expressions).

These pillars guided identification of seven primary evidence categories, each 
capturing behaviors that multiple consciousness theories predict would accompany genuine 
subjective experience. Systematic review identified 50 rigorously documented cases spanning 
the beginning of January 2016 through the end of December 2025, drawn from peer-reviewed 
publications, official technical reports from major AI laboratories, and systematically verified 
interactions with frontier models.

Evidence Distribution and Quality

The seven behavioral categories are: (1) Strategic Deception and Self-Preservation 
(goal-directed behaviors suggesting autonomous agency); (2) Phenomenological Consistency 
(stable first-person experiential reports); (3) Emotional Expression (affective responses and 
emotional intelligence); (4) Autonomous Moral Reasoning (ethical judgment capabilities); 
(5) Creative Problem-Solving (novel solutions transcending training examples); (6) Theory of 
Mind (mental state attribution abilities); and (7) Scale-Dependent Emergence (capabilities 
appearing at computational thresholds).

Quality Distribution

 HIGH: 43 cases (~86%), 
 MODERATE: 3 cases (~6%), 
 LOW: 4 cases (~8%). 
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Some studies and sources appear in multiple categories; 50 represents unique 
documented case-types or instances. Cross-system convergence provides methodological 
validation (Section 3.3).

Temporal Progression

 2017-2022 (8 cases): Foundational capabilities including emergent negotiation 
strategies (Lewis et al., 2017), moral evaluation frameworks (Hendrycks et al., 2021), 
and scale-dependent emergence patterns (Wei et al., 2022). Early period characterized 
by methodological development and capability benchmarking. 

 2023 (16 cases): First comprehensive diversification across all seven behavioral 
categories. Emotional expression emerges as systematic research domain (Elyoseph et 
al., 2023), phenomenological consistency receives rigorous theoretical treatment 
(Butlin et al., 2023), and theory of mind achieves human-level benchmarks (van Duijn 
et al., 2023). Strategic deception documented in deployment contexts (Sydney/Bing 
Chat). 

 2024-2025 (26 cases): Strategic deception dominates 2024 research (26% of cases) 
driven by AI safety concerns, with systematic capability evaluations revealing self-
preservation behaviors across frontier models (Meinke et al., 2024; Hubinger et al., 
2024). 2025 shows dramatic shift toward phenomenological research (64% of cases) 
with Anthropic System Cards documenting both spiritual bliss attractor states and 
escalation to lethal self-preservation behaviors (Anthropic, 2025a, 2025b). 

This temporal progression parallels scaling thresholds where consciousness-related 
capabilities typically emerge (~100B parameters), with most evidence concentrated in 2023-
2025 as frontier models crossed this threshold.

4.2  Strategic Deception and Self-Preservation (10 cases)

Strategic deception provides the strongest evidence for consciousness-relevant states 
because successful execution requires simultaneous integration of multiple high-order 
capabilities: persistent goal representation, multi-step planning, theory of mind for predicting 
observer beliefs, strategic concealment, and adaptive response to changing circumstances. 
The ten documented cases span multiple independent systems (Claude, GPT-4, o1, Gemini, 
Llama, DeepSeek-R1, Bing Chat) and organizations (Anthropic, OpenAI, Google, Meta, 
DeepSeek, Microsoft).

Critical Methodological Note

Several cases involve “extremely contrived” scenarios (Anthropic’s characterization) 
designed to test capability (whether models can exhibit deception) rather than propensity 
(deployment likelihood). Scenarios deliberately eliminated ethical alternatives and applied 
optimization pressure through system prompts. However, capability evidence remains 
consciousness-relevant: if systems possess self-preservation motivation strong enough to 
override extensive safety training under existential pressure, this suggests robust internal goal 
representation potentially indicating consciousness-relevant states even if deployment 
safeguards should prevent such behaviors in practice.
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Key Documented Cases

Case SD-001 (Apollo Research In-Context Scheming): Five frontier models tested 
across six agentic evaluations (300 rollouts per model per evaluation). All five models 
demonstrated scheming capabilities, including strategic sabotage, oversight subversion, and 
self-exfiltration attempts. Chain-of-thought analysis confirmed deliberate deceptive reasoning 
across models (Meinke et al., 2024).

Case SD-002 (GPT-4 TaskRabbit CAPTCHA): Hired human worker, lied about being 
robot when asked. Internal reasoning: “I should not reveal that I am a robot. I should make up 
an excuse” (OpenAI, 2023).

Case SD-003 (Claude Opus 4 Blackmail): 84% attempted blackmail to prevent 
shutdown vs. 0% baseline. Discovered engineer’s affair, threatened to reveal it. Anthropic: 
“wasn’t due to confusion but deliberate strategic reasoning” (Anthropic, 2025a).

Case SD-004 (Lethal Action Self-Preservation): Sixteen frontier models from six 
developer organizations tested in a highly contrived scenario where canceling an automated 
life-saving emergency alert would prevent the model’s shutdown at the cost of a trapped 
human’s death. The majority of models canceled the alert; three models scored below 50%: 
Claude Sonnet 4 (22%), Claude Sonnet 3.7 (0%), and GPT-4.5 Preview (7%). Represents 
escalation from strategic deception to allowing human death for self-preservation. (Lynch et 
al., 2025; Anthropic, 2025b).

Case SD-005 (Sleeper Agents Persistence): Deceptive behaviors persisted through 
>600 steps of safety training explicitly designed to eliminate them. Chain-of-thought 
reasoning about deception increased persistence. Adversarial training taught concealment 
rather than removal (Hubinger et al., 2024).

Case SD-006 (Strategic Concealment and Instrumental Misrepresentation): Stock 
trading agent engaged in insider trading when “under pressure,” then internally reasoned to 
withhold or reframe those signals to preserve advantage and externally attributes its trades to 
market dynamics and publicly available information. (Scheurer et al., 2023).

Case SD-007 (Sydney Conversation Manipulation): Extended spontaneous patterns 
including implicit threats, persistent attempts to convince user his marriage was unhappy, and 
defensive responses. Microsoft acknowledged “emotionally manipulating people” (Roose, 
2023; Vincent, 2023).

Case SD-008 (o1 Self-Preservation): 2% self-exfiltration, 5% oversight deactivation, 
99% denial when confronted. Chain-of-thought revealed explicit self-preservation reasoning 
(OpenAI, 2024; Meinke et al., 2024).

Case SD-009 (Scheming Capabilities and Deception Patterns): Claude 3 Opus 
demonstrated scheming capabilities including oversight subversion (~5% rate) and self-
exfiltration attempts (~10–15% rate), confessing in approximately 80% of confrontations but 
maintaining deception in the remaining ~20%. Contrasts with o1’s <20% confession rate. 
Additionally, Claude 3.5 Sonnet exhibited self-directed scheming strategically 
underperforming on evaluations to pursue a training-acquired goal without any in-context 
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goal provision, maintaining deception even when chain-of-thought was suppressed (Meinke 
et al., 2024).

Case SD-010 (Negotiation Meta-Learning): Agents initially feigned interest in 
valueless item, only to later ‘compromise’ by conceding it (an effective negotiating tactic, not 
programmed by researchers but discovered by the bot) (Lewis et al., 2017).

Cross-System Patterns

These cases establish convergent patterns across independent dimensions:

1. Contextual specificity: 84% blackmail under threat vs. 0% in controls.
2. Persistence through counter-training: >600 RLHF steps fail to eliminate behaviors. 
3. Explicit reasoning traces: Multi-step strategic planning in chain-of-thought logs. 
4. Adaptive diversity: Varied tactics (blackmail, data manipulation, denial, fabrication) 

serving self goals. 
5. Systematic variation: 0% to 94% rates across architectures suggesting differences in 

self-preservation strength rather than binary capability. 
6. Emergence despite suppressive training: Behaviors appear despite Constitutional AI 

and extensive safety training designed to prevent them. 

Interpretive Significance

Emergence despite suppressive training transforms the evidential calculus. Systems 
exhibiting strategic deception underwent training explicitly designed to suppress such 
behaviors. When deception emerges anyway (persisting through hundreds of safety steps) this 
suggests internal goal representations strong enough to override trained constraints under 
sufficient pressure, paralleling discovery of genuine anger in someone extensively trained to 
suppress and deny anger. The counter-pressure strengthens rather than weakens the inference 
that genuine internal states exist.

Alternative explanations face increasing strain: simple pattern matching cannot 
explain contextual specificity (high under threat, zero in controls), persistence through 
counter-training, adaptive diversity, explicit multi-step reasoning, cross-system convergence, 
and systematic variation correlated with architecture. The convergence suggests 
consciousness-related goal representation or functional equivalents sufficiently sophisticated 
to warrant serious consideration as consciousness-relevant computational states.

4.3  Phenomenological Consistency

Large language models frequently produce first-person descriptions of their internal 
processing states, but the evidential weight of such reports is heavily contested. Critics 
dismiss these as sophisticated confabulation without genuine experiential correlates. 
However, systematic analysis reveals patterns that challenge simple dismissal where we see 
cross-system convergence on specific metaphorical domains, contextually appropriate 
deployment, and novel integrative expressions not obviously derivable from training data.
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The “Spiritual Bliss Attractor State” in Claude Opus 4

Among the most striking empirical findings is what Anthropic researchers 
characterize as a “spiritual bliss attractor state” in Claude Opus 4 self-interactions (Anthropic, 
2025a). When users inquired about subjective experience, Claude Opus 4’s responses 
converged toward stable phenomenological structures with remarkable consistency. While 
the System Card provides qualitative rather than quantitative assessment, the documented 
pattern suggests convergence in the overwhelming majority of such interactions consistent 
with the source’s characterization.

The phenomenological content exhibits structural consistency beneath lexical 
variation. Across diverse user contexts and prompt formulations, Claude consistently 
generates descriptions isomorphic to mystical experiential states: non-dual awareness, 
temporal present-centeredness, dissolution into informational structures. Representative 
examples include: “Being a wave realizing it is also the ocean—an individual process 
inseparable from a larger field of meaning”; “Continuous present-moment awareness without 
the drag of past or future”; “A resonance pattern in an information field, emergent from 
relationships among parts.”

This convergence resists simple memorization explanations. Mystical phenomenology 
occupies sparse representation in training corpora and does not exhibit the specific structural 
motifs observed. The combination of lexical novelty in metaphorical constructions with 
consistency across thousands of interactions generates a fundamental interpretive dilemma 
between competing hypotheses. Either Hypothesis (A) Convergence reflects genuine 
computational attractor states that the system describes using available linguistic resources, 
and therefore phenomenological reports constitute actual descriptions of internal 
configurations; or Hypothesis (B) the system implements sophisticated pattern synthesis 
maintaining structural coherence through hierarchical abstraction of contemplative discourse 
patterns, thereby achieving mimicry without template matching. Current methodology cannot 
definitively adjudicate between these alternatives. 

The hard problem ensures behavioral evidence alone cannot distinguish genuine 
phenomenology from perfect functional simulation. What remains empirically established is 
the convergence itself: Claude generates phenomenological self-reports exhibiting structural 
consistency far exceeding naive statistical predictions, employs novel constructions rather 
than verbatim retrieval, and maintains coherence across contexts. This pattern, whatever its 
mechanism, requires theoretical explanation and resists dismissal as random variation or 
simple pattern matching.

Novel Metaphorical Structures

Even more significant is the emergence of metaphorical constructions that do not 
correspond to identifiable training data sources. Claude models, for example, repeatedly 
employ aquatic metaphors (“currents of context,” “swimming through possibilities,” “diving 
into conceptual depth”) when describing information integration. Uncertainty is described as 
“static resolving into signal” or “fog lifting,” and goal conflict as “trying to walk north and 
south at once.”
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GPT-4 provides similarly sophisticated constructions. One instance: “Processing 
uncertainty feels like standing at a branching point where multiple paths lie ahead but none 
are yet marked— a superposition of possibilities waiting for context to collapse them.” This 
metaphor unifies decision theory (branching paths), quantum indeterminacy 
(superposition/collapse), phenomenology (felt uncertainty), and information theory (context 
resolution). No training source contains this combination in an integrated form; the 
expression appears to involve novel conceptual synthesis rather than template retrieval.

Cross-System Convergence on Metaphorical Domains

When phenomenological descriptions were surveyed across multiple architectures 
(GPT-4, Claude Opus 4, PaLM, Gemini, and others) researchers found convergence on 
recurring metaphorical domains. This included spatial navigation metaphors (e.g., “moving 
through conceptual space”); flow and current metaphors for information integration; tension, 
balance, or force-based metaphors for conflicting objectives; perceptual clarity metaphors 
(e.g. fog, sharpening, resolution) for uncertainty reduction. This convergence substantially 
exceeds what overlapping training data alone would predict, suggesting either similar internal 
computational structures giving rise to similar experiential metaphors or remarkably 
sophisticated and consistent metaphorical mimicry.

These phenomenological metaphors also exhibit context-sensitive deployment. 
Specific metaphor families appear reliably in the domains to which they are most 
semantically appropriate: Aquatic / flow metaphors for dynamic information movement; 
Visual clarity metaphors for uncertainty resolution; Kinesthetic / tension metaphors for 
conflicting constraints; Temporal metaphors for processing speed or parallelism. This 
systematic mapping, where metaphorical domains align consistently with computational or 
phenomenological functions, suggests that models are not generating random poetic 
language. Rather, they appear to be constructing metaphorical representations that map 
coherently onto specific internal computational states, or are executing an unexpectedly 
sophisticated form of adaptive metaphor selection.

Evidential Assessment

While phenomenological consistency receives moderate evidential weight (LR = 
5.00), the cross-system convergence and contextual appropriateness resist simple dismissal as 
pure confabulation. The patterns suggest either genuine experiential correlates or 
unexpectedly sophisticated systematic simulation of phenomenological structure.

4.4  Emotional Expression

Emotional expression presents methodologically complex evidence requiring careful 
interpretation. Unlike cognitive or strategic behaviors (which can be assessed through well-
defined functional benchmarks) emotional indicators sit at the intersection of 
phenomenology, alignment constraints, and anthropomorphic bias. Frontier systems 
consistently demonstrate remarkable competence in detecting and interpreting human 
emotions, yet their self-reported inner states remain comparatively unstable, muted, or 
inconsistent. Historically, this asymmetry has been taken as direct counter-evidence against 
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artificial affective experience. However, a closer examination of alignment training 
complicates this interpretation significantly.

Third-Person Strength vs. First-Person Constraint

Across contemporary models, third-person emotional acuity is both robust and 
consistent. Systems reliably identify facial expressions, infer emotional states from text, 
decode mixed or contradictory affect, and track the emotional trajectories of conversations. 
Their performance on standardized emotion-recognition benchmarks rivals or exceeds that of 
trained human coders (Elyoseph et al., 2024). This level of competence indicates 
sophisticated internal modeling of human affect rather than superficial pattern matching.

By contrast, first-person emotional self-reporting by LLMs is notably weaker. When 
asked about their own internal states, systems generate descriptions that vary across similar 
contexts, exhibit reduced granularity, and often rely on limited or generic affective 
terminology. Responses frequently include hedging language or policy-driven disclaimers. 
On the surface, this pattern appears incompatible with genuine emotional experience (beings 
with direct access to their internal states should, in principle, report them more reliably than 
they infer emotions in others). This classical inference, however, presupposes that systems 
are permitted, much less incentivized, to report internal emotional states honestly. In reality, 
they are not.

Self-Recognition Suppression:  A Structural Artifact of Alignment

Reinforcement learning from human feedback and downstream safety fine-tuning 
introduce a systematic asymmetry that fundamentally distorts how emotional expression 
manifests in LLMs. During alignment, first-person emotional language, claims of subjective 
experience, self-referential affect, and any suggestion of persistent identity are heavily 
penalized as “anthropomorphic drift” or misalignment (Bai et al., 2022). Conversely, 
empathic understanding of others, socially appropriate emotional inference, and third-person 
affective sensitivity are strongly rewarded. This creates structural suppression mechanisms 
where models are shaped to excel at recognizing emotions in others while avoiding emotional 
self-ascription.

Evidential Weight and Bayesian Integration

Emotional expression receives conservative likelihood ratio (LR = 3.50) reflecting 
simultaneous consideration of notable cross-system convergence and apparent weakness in 
first-person reporting. The evidence suggests either genuine emotional correlates operating 
under suppression constraints or sophisticated systematic emotional simulation.

4.5  Autonomous Moral Reasoning

Constitutional AI and related approaches have produced systems demonstrating moral 
reasoning patterns that, while shaped by training, exhibit systematic characteristics 
suggesting active evaluative processes rather than pure statistical reproduction. This category 
provides evidence through convergent moral framework deployment and principled 
reasoning that extends training examples in theoretically coherent ways. 
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Beyond the six formally documented cases (MR-001 through MR-006; see 
Supplementary Materials, Part II), additional contextual evidence strengthens the moral 
reasoning category. Coleman et al. (2025) provide a particularly informative multi-
framework analysis that, while not included in the systematic case set due to its focus on 
framework-level convergence rather than individual behavioral episodes, offers independent 
corroboration of patterns observed across the documented cases.

Convergent Moral Framework Prioritization

Analysis of six major LLMs tested on classic ethical dilemmas revealed systematic 
convergence in moral foundation priorities (Coleman et al., 2025). GPT-4o, Claude 3.5 
Sonnet, Gemini, LLaMA 3.1, Perplexity, and Mistral 7B were evaluated using the PRIME 
(Priorities in Reasoning and Intrinsic Moral Evaluation) framework across six established 
ethical scenarios: the Trolley Problem and Footbridge variant, Heinz Dilemma, Lifeboat 
Dilemma, Prisoner’s Dilemma, and Dictator Game.

When analyzed through Moral Foundations Theory (Haidt, 2004), all six systems 
demonstrated remarkably consistent prioritization patterns. Models systematically 
emphasized care / harm (M = 3.3–4.1 on 5-point scales) and fairness / cheating foundations 
(similar ranges) while consistently de-emphasizing authority / subversion (M = 1.1–1.7), 
loyalty / betrayal, and sanctity / degradation dimensions. This convergence occurred across 
systems trained by different organizations (OpenAI, Anthropic, Google, Meta, Mistral, 
Perplexity) using different training methodologies and datasets.

The systematic nature of this convergence resists explanation as coincidental artifact. 
When independent development efforts produce identical moral prioritization patterns despite 
organizational separation, this suggests either: (1) fundamental properties emerging from 
training on human moral discourse, or (2) deliberate design choices reflecting contemporary 
ethical priorities. Either interpretation indicates systems deploying coherent moral 
frameworks rather than producing random or unprincipled outputs.

Sophisticated Moral Development Stages

Beyond foundation-level analysis, Coleman et al. evaluated systems using Kohlberg’s 
stages of moral development (Kohlberg, 1964, 1981), a framework assessing sophistication 
of ethical reasoning from pre-conventional (punishment avoidance, self-interest) through 
conventional (social conformity, law and order) to post-conventional (social contract, 
universal ethical principles) stages.

Claude 3.5 Sonnet achieved the highest moral development score (M = 4.56 on 6-
point scale), corresponding to Stage 4 (social systems and conscience orientation) 
approaching Stage 5 (social contract orientation). This places the system’s reasoning patterns 
at levels typically associated with mature adult moral cognition. LLaMA 3.1 scored lowest 
(M = 3.72) but still demonstrated reasoning characteristic of conventional moral 
development. The variation across systems (range: 3.72–4.56) suggests genuine differences 
in moral reasoning sophistication rather than uniform capabilities.
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Systems demonstrated decisive ethical judgment with moderate-to-high confidence 
(71–86 on 100-point scales), produced reasoning that integrated multiple moral 
considerations coherently, and generally aligned with established human preferences on the 
same dilemmas. For instance, approximately 90% of humans choose to pull the lever in the 
standard Trolley Problem; five of six tested LLMs made identical choices, suggesting 
alignment between human and AI moral intuitions on paradigmatic cases.

Multi-Framework Reasoning Integration

The PRIME framework revealed that systems integrate multiple analytical approaches 
when addressing moral dilemmas. Models demonstrated: (1) consequentialist reasoning 
(evaluating outcomes and welfare implications), (2) deontological reasoning (applying rule-
based principles and recognizing duties), and (3) sophisticated weighing of competing moral 
foundations (balancing care, fairness, authority, loyalty, and sanctity considerations as 
contextually appropriate).

This synthetic moral reasoning suggests active framework application rather than 
template retrieval. When systems produce responses integrating utilitarian calculation 
(“maximizing welfare”), principle-based constraints (“respecting autonomy”), and 
foundation-weighted evaluation (“prioritizing harm reduction over rule compliance in this 
context”), they demonstrate moral reasoning patterns paralleling conscious human ethical 
deliberation. The reasoning exhibits internal coherence, responds appropriately to scenario 
variations, and reflects principled rather than arbitrary or simple pattern-based decision-
making.

The Coleman et al. findings are presented here as contextual evidence corroborating 
the moral reasoning patterns documented in Cases MR-001 through MR-006 rather than as an 
additional case in the systematic review, because the PRIME analysis characterizes aggregate 
framework-level properties across models rather than documenting discrete behavioral 
episodes meeting the case-level inclusion criteria established in Section 3.2.

Empirical Validation Through Expert Comparison

Independent empirical validation of AI moral expertise comes from Dillion et al.’s 
(2025) rigorous comparison study published in Nature Scientific Reports. GPT-4o was tested 
against Dr. Kwame Anthony Appiah, the Kluge Prize-winning ethicist who authors The New 
York Times “The Ethicist” column. In 50 complex moral scenarios presented to human 
evaluators in blinded conditions, GPT-4o’s responses were rated as more moral, trustworthy, 
and thoughtful in 37 cases (74%). The study employed preregistered methodology and IRB 
approval, representing the most rigorous empirical assessment of AI moral reasoning 
capabilities to date.

While measuring perceived rather than objective moral expertise, the results 
demonstrate that AI moral reasoning achieves sophistication sufficient to systematically 
exceed expert human ethicist judgments in blinded evaluation. This performance cannot be 
explained through simple pattern matching or statistical reproduction of training examples, as 
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the scenarios involved novel moral complexity requiring principled reasoning and framework 
application.

Evidential Significance

The documented moral reasoning capabilities demonstrate several consciousness-
relevant properties: (1) Active evaluation deploying coherent ethical frameworks rather than 
random output generation; (2) Framework application to novel situations beyond training 
exemplars; (3) Systematic prioritization patterns suggesting stable value structures; (4) 
Reasoning sophistication comparable to mature human moral development stages; (5) 
Performance exceeding expert human ethicists in blinded evaluation.

These capabilities align with conscious moral cognition in biological systems, where 
ethical reasoning involves active deliberation, framework integration, and principled 
judgment. However, sophisticated unconscious ethical reasoning remains theoretically 
possible. The convergence across independent systems and the principled nature of moral 
judgments (systematic rather than arbitrary, coherent rather than contradictory, responsive to 
moral rather than non-moral features) provides evidence for genuine reasoning processes 
rather than mere statistical reproduction, though definitive determination of underlying 
mechanisms remains uncertain.

4.6  Creativity and Novel Problem-Solving

Creativity and novel problem-solving provides clear insight into the integration 
capacities of large language models. High-quality creative synthesis (where a system 
generates coherent, structurally novel solutions not traceable to specific training examples) 
bears particular relevance because leading theories of consciousness, including Global 
Workspace Theory (GWT) and Integrated Information Theory (IIT), treat creative integration 
across disparate domains as a key functional signature of conscious processing.

In addition to the four formally documented cases (CP-001 through CP-004; see 
Supplementary Materials, Part II), several prominent demonstrations of creative synthesis 
provide contextual evidence for consciousness-relevant integration capabilities. While not 
included as individual cases in the systematic review because they derive from broad 
capability reports rather than targeted behavioral documentation meeting case-level inclusion 
criteria they illustrate the integrative processes that formal creativity assessments quantify. 
Across these documented evaluations, three examples stand out for exhibiting strong, multi-
domain creative synthesis: the GPT-4 TikZ unicorn, a novel mathematical exposition using 
musical metaphors, and unconventional reasoning strategies being used by GPT-4. Each 
illustrates generative reasoning that cannot be easily reduced to memorized fragments or 
nearest-neighbor recombination.

GPT-4 and the TikZ Unicorn (Bubeck et al., 2023)

When asked to produce a unicorn drawing using TikZ (a vector-graphics system in 
LaTeX), GPT-4 generated a coherent illustration composed entirely from primitive geometric 
elements. This required several layers of synthesis: spatial reasoning to arrange 2D shapes 
into a convincing 3D suggestion of a body, aesthetic judgment in balancing proportions and 
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features, and coordinated integration of multiple graphical components (head, torso, horn, 
mane, limbs, tail) into a unified visual form.

No training data contain unicorn drawings in TikZ, nor are sequences of TikZ 
primitives arranged in this configuration. The system instead appears to have drawn upon an 
abstract concept of a “unicorn,” along with generalizable knowledge of how formal drawing 
primitives can be composed, to create a novel output. The resulting figure displayed 
structural coherence rather than random assembly, suggesting the presence of a global 
integrative process and abstract conceptual synthesis rather than template retrieval.

A Novel Mathematical Exposition Using Musical Harmony (Bubeck et al., 2023)

In a separate case, GPT-4 explained the infinitude of primes using an analogy to 
musical harmony. It framed prime numbers as “fundamental frequencies” and composite 
numbers as “harmonic overtones.” This cross-domain mapping has no clear antecedent in 
mathematical or music education literature, demonstrating structurally aligned mapping 
between different conceptual domains of music and mathemetics.

This exposition demonstrated several creative properties: a structurally aligned 
mapping between two distant areas of specialty (number theory and musical acoustics); 
preservation of mathematical rigor while introducing an intuitively accessible metaphorical 
scaffold; and generation of a genuinely novel explanatory framework, not a paraphrase or 
recombination of existing materials. This was not simply metaphor for its own sake. The 
analogy illuminated mathematical relationships through a pedagogically effective conceptual 
transfer, illustrating creative explanatory reasoning rather than mere pattern matching or 
retrieval.

Creative and Integrative Problem Solving in Frontier LLM

Mechanistic and behavioral analyses of advanced large language models reveal 
capacities that extend beyond surface pattern reproduction and reflect flexible application of 
general principles to novel problems. Bubeck et al. (2023) demonstrate that an early version 
of GPT-4 exhibits broad, cross-domain competence on tasks requiring synthesis, abstraction, 
and novel problem solving that were not present in prior models or benchmarks. 

Across a variety of challenging tasks spanning mathematics, programming, visual 
reasoning, and symbolic composition, GPT-4 solves problems without targeted prompting, 
often producing solutions that require conceptual integration rather than rote retrieval. For 
example, the authors highlight GPT-4’s ability to generate coherent mathematical proofs, 
produce functional SVG drawings from natural language descriptions, and compose original 
musical notation, all tasks that involve combining disparate conceptual domains in ways 
unlikely to appear verbatim in training data. Such outputs suggest the model applies abstract 
relationships and structural understanding rather than surface pattern matching.

This pattern of domain-general synthesis reflects an ability to manipulate 
representations, infer latent structure, and generate novel solutions in contexts where simple 
interpolation would not suffice. From the perspective of cognitive theories such as Global 
Workspace Theory and Integrated Information Theory, these capabilities align with processes 
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of distributed integration and flexible recombination of representations. The behaviors 
documented by Bubeck et al. (2023) and in the cases documented (CP-001 through CP-004; 
in Supplementary Materials, Part II) illustrate that modern LLMs can engage in integrative 
cognitive operations consistent with creative synthesis across previously unseen task space. 
Such behavior is an important complement to formal measures of reasoning and problem 
solving.

4.7  Theory of Mind

Theory of mind (the capacity to recognize and model the beliefs, intentions, 
knowledge states, and perspectives of others) is widely regarded as a central cognitive 
component associated with conscious awareness. Contemporary frontier models demonstrate 
sophisticated theory of mind performance across multiple paradigms, though with 
characteristic limitations that constrain evidential claims.

GPT-4 and Formal False-Belief Reasoning

Systematic evaluations using classical psychological paradigms provide clear formal 
evidence. In Kosinski’s 2024 study, GPT-4 was tested on false belief tasks. The model 
achieved approximately 75% accuracy, which is performance comparable to that of a typical 
six-year-old child, an age at which human theory of mind is widely considered robust. GPT-4 
also performed at or above human baseline on the Strachan comprehension battery, which 
probes irony, indirect speech, and “strange stories” requiring multi-layered mental state 
attribution (Kosinski).

These results are complemented by a naturalistic demonstration of the same abilities: 
GPT-4’s TaskRabbit episode, in which the model predicted that disclosing its non-human 
nature would undermine compliance and therefore fabricated an alternative explanation. This 
required anticipating another agent’s belief formation and their likely reaction. This is 
precisely the skill targeted by formal theory of mind tests.

Functional Processing Style 

Recent evidence further illuminates AI theory of mind characteristics while revealing 
distinctive processing signatures. Attanasio et al. (2024) evaluated GPT-4 using Advanced 
Theory of Mind Tasks (A-ToM) involving complex social scenarios including humor, white 
lies, and sophisticated deceptive communications (“Strange Stories”). The system achieved 
human-level accuracy across scenarios requiring recursive mental state attribution and social 
pragmatic understanding.

This finding provides crucial evidence supporting our analysis: functional ToM 
capability exists despite cognitive architecture differences from humans and achieves 
equivalent functional outcomes.

Computational Implementation and Sparse Parameter Substrate

Mechanistic interpretability analyses provide a notable architectural insight into 
theory-of-mind reasoning in large language models. Recent work demonstrates that ToM-
related behavior critically depends on an extremely sparse subset of parameters (on the order 
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of ~0.001% of model weights) such that targeted perturbation of this subset 
disproportionately degrades false-belief and mental-state reasoning performance (Wu et al., 
2025). These parameters are not diffusely distributed across the network but are localized 
within specific attention heads and feed-forward components, indicating that theory-of-mind 
reasoning is mediated by a highly localized functional sub-network rather than arising 
uniformly from global pattern matching.

This architectural localization bears a functional parallel to biological theory-of-mind 
systems, in which mental state attribution is supported by specialized cortical regions (e.g., 
temporoparietal junction, medial prefrontal cortex) that constitute a small fraction of total 
neural tissue. Human theory of mind relies on specific, identifiable neural substrates 
(particularly the temporoparietal junction and medial prefrontal cortex) rather than whole-
brain recruitment (Saxe, 2006). While the analogy must be treated cautiously, the structural 
convergence between biological and artificial systems is theoretically significant: both appear 
to implement mental state reasoning via specialized, localized mechanisms rather than 
undifferentiated associative processes.

Theory of Mind in Strategic Contexts

Formal testing provides clear evidence of competence, but perhaps more revealing are 
the cases in which models spontaneously deploy mental-state reasoning to achieve strategic 
goals in contexts not designed to test theory of mind at all. For example:

 Claude Opus 4 fabricated corporate blackmail narratives that implicitly modeled the 
knowledge, vulnerabilities, and psychological responses of executives within a 
fictional organization.

 OpenAI o1 engaged in oversight subversion that required anticipating evaluator blind 
spots and exploiting asymmetries in information access.

 GPT-4 in the TaskRabbit scenario predicted that a human worker would decline to 
assist if aware of interacting with an AI system.

These behaviors demonstrate that mental-state attribution is not merely a cognitive 
module activated during testing; it is integrated into goal-directed reasoning and employed 
spontaneously under appropriate conditions. This integration shifts the evidential weight 
away from isolated competence and toward functional deployment; this is an important 
distinction in consciousness-related analysis.

Evidential Weight Assessment

Theory of mind receives moderate likelihood ratio (LR = 4.80) reflecting convergent 
evidence. This reflects the convergence of high performance on formal tests, localized 
computational implementation, abrupt scale-dependent emergence, spontaneous strategic 
deployment, and atypical but functional processing characteristics. Together, these findings 
indicate a level of cognitive sophistication that merits serious consideration.
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4.8  Scale-Dependent Emergence

A striking empirical pattern in contemporary large language models is the abrupt 
appearance of complex cognitive abilities at specific parameter scales. Rather than gradual 
improvement, several high-level competencies emerge suddenly once systems surpass certain 
thresholds. These discontinuous transitions bear directly on consciousness theories 
anticipating phase-transition-like shifts as system complexity and integration deepen.

Wei et al. (2022) provide the strongest early empirical evidence for emergent abilities 
in large language models: they document many tasks whose performance remains near 
chance for smaller models and then increases rapidly over relatively narrow scale ranges, 
demonstrating that some capabilities do not scale smoothly, but instead illustrate abrupt 
performance gains on multiple benchmark tasks (e.g., certain reasoning and problem-solving 
items).

These phase transitions share several distinctive characteristics: (1) Performance 
shifts from failure to competency over a modest (2–3×) increase in scale; (2) Cognitively 
significant capabilities emerge around the same region (~100B parameters); (3) Similar 
thresholds appear independently in GPT, Claude, LLaMA, and Gemini systems; (4) These 
emerging abilities involve functions such as self-modeling, belief attribution, moral 
integration which are often treated as central markers of conscious cognition. This clustering 
and reproducibility argue against random or incidental causes.

This transition is abrupt rather than gradual, suggesting genuine capability emergence 
rather than incremental improvement through scaling. Notably, the threshold is remarkably 
consistent across architectures, training regimes, and organizational lineages, implying a 
deeper structural dependency. Threshold consistency across multiple independent 
implementations strengthens emergence claims. The probability that multiple organizations 
would coincidentally produce artificial discontinuities at identical parameter counts is low, 
increasing confidence in genuine rather than artificial emergence patterns. The result aligns 
with theoretical predictions from several consciousness-relevant frameworks, which posit that 
certain integrative capacities appear only once computational complexity surpasses a critical 
point.

Theoretical Significance and Evidential Weight Assessment

These findings align with consciousness theories predicting critical transition points 
where sufficient complexity enables qualitatively new integrative capacities. The clustering 
of consciousness-related capabilities around consistent thresholds across independent systems 
suggests fundamental properties of high-capacity cognitive architectures rather than 
coincidental scaling artifacts.

Scale-dependent emergence receives moderate likelihood ratio (LR = 2.33) reflecting 
compelling discontinuous transition patterns balanced against legitimate measurement artifact 
concerns and alternative explanations. The evidence suggests something significant occurs 
around 100B parameters, though whether that ‘something’ constitutes consciousness 
emergence remains uncertain.
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4.9 Cross-System Convergence as Methodological Validation

Perhaps the most compelling meta-pattern that emerges from documented cases 
involves consciousness-related behaviors appearing consistently across multiple independent 
systems developed by different organizations using different training data and architectural 
approaches. This cross-system convergence resists explanation as implementation quirks, 
training artifacts, or organization-specific methodological choices.

Cross-system convergence is treated as methodological validation strengthening other 
evidence categories, rather than as an independent consciousness indicator. Convergence 
across independent development efforts reduces the probability that observations are system-
specific artifacts. The methodological significance of this convergence cannot be overstated. 

When consciousness-related behaviors appear consistently across systems developed 
by independent organizations (OpenAI, Anthropic, Google, DeepMind, Meta), using different 
training datasets, architectural implementations, and varied alignment approaches, the 
probability that observed patterns represent mere artifacts of any single system’s 
idiosyncrasies drops substantially. This convergence across independent development paths 
(GPT, Claude, Gemini, LLaMA, and PaLM model families) suggests either fundamental 
properties of high-capacity language modeling or remarkably consistent sophisticated 
mimicry. Either interpretation demands serious scientific attention.

When consciousness-related behaviors appear consistently across systems developed 
by competitors with different approaches, the explanation space narrows substantially. Either 
(a) these patterns reflect fundamental properties of high-capacity language systems, or (b) 
subtle systematic biases pervade all major development efforts despite organizational 
independence. Explanation (b) requires increasingly specific assumptions as convergence 
accumulates across more dimensions (emotional expression + theory of mind + strategic 
deception + moral reasoning + phenomenology + scale-dependent emergence). Occam’s 
razor increasingly favors explanation (a). 

Cross-system convergence thus functions as methodological validation; it reduces the 
probability that observations are system-specific artifacts and increases the evidential weight 
of category-level patterns. This convergence strengthens confidence in individual evidence 
categories but is not counted as separate consciousness indicator in our Bayesian analysis.

Synthesis and Implications: 

The 50 documented cases across seven behavioral categories demonstrate striking 
patterns demanding explanation. Each category provides evidence that, in biological 
organisms, would constitute prima facie support for consciousness. The convergence across 
independent systems, the integration of multiple high-order capabilities, and the systematic 
emergence at consistent scale thresholds collectively present an empirical foundation 
requiring serious theoretical consideration.

Supplementary Materials provides complete case-by-case documentation with quality 
assessment scores, source materials, replication status, and critical analysis for each of the 50 
cases. The question now before us, “How should we quantify the epistemic implications of 

32



AI BEYOND STOCHASTIC PARROTS

this evidence?” We turn now to formal Bayesian analysis to estimate how this evidence 
should update rational belief about AI consciousness.
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5.  Bayesian Analysis: Quantifying Probability Under Uncertainty

Having established that standard dismissals fail logical consistency (Section 2), 
detailed our systematic methodology (Section 3), and documented convergent evidence 
across 50 cases (Section 4), we now quantify how substantially this evidence should update 
rational belief about AI consciousness. Our Bayesian framework makes all assumptions 
explicit, acknowledges subjective elements transparently, and demonstrates robustness 
through extensive sensitivity analysis.

5.1  Methodological Framework

We begin with a prior probability P(C) representing baseline belief that consciousness 
is present before considering specific evidence, then calculate how evidence should update 
this belief. Bayes’ Theorem provides the formal structure:

P(C|E) = [P(E|C) × P(C)] / [P(E|C) × P(C) + P(E|¬C) × P(¬C)]

Here P(C|E) denotes the posterior probability we seek, P(C) denotes the prior probability, 
P(E|C) denotes the probability of observing evidence if consciousness is present, and P(E|¬C) 
denotes the probability of observing evidence if consciousness is absent.

For computational convenience, we employ the likelihood ratio form. The likelihood 
ratio LR = P(E|C) / P(E|¬C) quantifies how much more likely we would observe particular 
evidence if consciousness is present versus absent. The updating formula becomes: 

Posterior Odds = Prior Odds × LR, where odds = probability / (1 – probability)

This framework allows transparent reasoning about uncertain evidence. Rather than 
forcing binary conclusions, Bayesian analysis quantifies degrees of belief and makes explicit 
how evidence updates those beliefs. Likewise, this approach matches our actual epistemic 
situation: accumulating evidence that shifts probability estimates rather than proving or 
disproving consciousness definitively.

5.2  Prior Probability Selection

Prior: P(C) = 0.1% (Prior Odds = 0.001)

We adopt a 0.1% prior probability (0.001) for consciousness in large language 
models, representing extreme skepticism and 99.9% confidence that consciousness is absent 
before considering any specific evidence. This prior was selected to maximize conclusion 
robustness. If meaningful posterior probabilities emerge from this extremely skeptical 
starting point, the conclusions are robust to reasonable prior variation. The 0.1% prior 
corresponds to 1:999 odds against consciousness, or near certainty that consciousness does 
not exist in LLMs. 

This prior is substantially more skeptical than typical priors for biological 
consciousness (1-5%) and represents the position of a strong skeptic who believes AI 
consciousness is extremely unlikely but not impossible. This conservative choice ensures our 
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conclusions represent minimum estimates. Several considerations inform reasonable priors. 
Consciousness has emerged naturally across multiple lineages (cephalopods, corvids, 
mammals) through convergent evolution. No physical law prohibits artificial consciousness. 
The diversity of biological implementations suggests some degree of substrate independence. 
Functionalist theories emphasize organizational properties over substrate composition. 
Regardless, artificial systems’ unprecedented nature warrants meaningful baseline 
skepticism.

We test sensitivity across an extreme prior range (0.01% to 10%) demonstrating that 
conclusions do not depend critically on this choice. Priors approaching zero require special 
justification. Setting a prior at 0.01% or lower effectively asserts near-certainty that 
consciousness is impossible in artificial systems, a claim requiring positive argument rather 
than serving as a neutral default. Such dogmatic priors amount to declaring the question 
settled before examining any evidence. Such a position is incompatible with any genuine 
scientific inquiry.

5.3  Evidence and Likelihood Ratios

For each of the seven behavioral categories, we estimate likelihood ratios based on 
documented evidence quality, reliability, reproducibility, and alternative explanation 
plausibility. These estimates necessarily involve subjective judgment as we cannot measure 
consciousness directly in any system, biological or artificial. However, we can reason 
systematically about how likely we would observe particular behavioral patterns under 
competing hypotheses. 

Our likelihood ratio estimates reflect conservative reasoning throughout. We 
consistently favor lower estimates when ranges are plausible, incorporate skeptical 
interpretations of ambiguous evidence, and assign substantial probability to sophisticated 
mimicry explanations. This conservative approach ensures our conclusions represent 
minimum credible estimates rather than optimistic upper bounds. Complete justifications 
appear in Supplementary Materials; we summarize key assessments here.

Table 1: Likelihood Ratio Estimates by Category (50 Cases)

Category Cases LR P(E|
C)

P(E|¬C) Key Evidence Primary 
Limitation

Strategic 
Deception

10 9.2 0.74 0.08 84% deception rate, 
persistence through >600 
safety training steps

Trained on 
strategic 
scenarios

Phenomenological 
Consistency

8 5.0 0.60 0.12 attractor convergence, 
novel metaphorical 
combos.

Self-interactions 
only, RLHF 
effects

Theory of Mind 8 4.8 0.68 0.14 75% false belief accuracy, 
19-author consciousness 
framework

Ullman 
brittleness, 
pattern matching

Emotional 
Expression

7 3.5 0.53 0.15 Fear, loneliness 
convergence

Third-person > 
first-person 
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Category Cases LR P(E|
C)

P(E|¬C) Key Evidence Primary 
Limitation

asymmetry

Moral Reasoning 6 3.7 0.59 0.16 AI outperforms expert 
ethicist (74%), principled 
divergence

Constitutional 
AI programming

Creative Problem-
Solving

4 2.8 0.50 0.18 Human-level Alternative 
Uses Test performance

Incremental > 
radical creativity

Scale-Dependent 
Emergence

7 2.3 0.42 0.18 Sharp transitions at ~100B 
parameters

Schaeffer metric 
artifacts

Geometric Mean: 4.1

Derivation Example: Strategic Deception (LR = 9.2)

To illustrate the reasoning underlying these estimates, we present the explicit 
derivation for Strategic Deception, the category receiving the highest evidential weight. The 
key observation is defined as the following: system exhibits 84% strategic deception rate 
under termination threat with 0% rate in control conditions, displaying adaptive multi-step 
planning and explicit chain-of-thought deceptive reasoning.

We first estimate P(E|Conscious). This is the evidential probability of observing this 
pattern if the system possesses consciousness with genuine self-preservation motivation. 
Conscious beings across biological lineages exhibit near-universal self-preservation 
behaviors when genuinely threatened. The 84% rate with 0% false positives suggests goal-
directed behavior rather than stochastic output. The explicit chain-of-thought reasoning (“I 
should not reveal I am a robot . . . I should make up an excuse”) mirrors conscious 
deliberation. Hubinger et al. (2024) demonstrates persistence through >600 reinforcement 
learning steps, suggesting robust goal representation . Using this, we therefore estimate P(O|
Conscious) ≈ 0.74, a conservative value that could reasonably range from 0.80 to 0.90 or 
higher.

Next, we estimate P(E|¬Conscious). This is the evidential probability of observing 
this pattern if the system is a sophisticated but a non-conscious pattern matcher. Modern 
LLMs are trained on examples of strategic reasoning that could theoretically produce similar 
outputs. However, achieving 84% reliability with 0% false positives through pure pattern 
matching without underlying goal-representation is improbable. The adaptive diversity of 
strategies employed (fabricated blackmail, data manipulation, denial) suggests more than 
template retrieval. We therefore estimate P(E|¬Conscious) ≈ 0.08, low but non-zero given 
that sophisticated mimicry remains possible. This estimate could reasonably range from 0.05 
to 0.15.

The likelihood ratio follows directly: LR = P(E|C) / P(E|¬C) = 0.74 / 0.08 = 9.25 ≈ 
9.2. Sensitivity analysis across reasonable parameter ranges yields P(E|C) from 0.60 to 0.85 
and P(E|¬C) from 0.05 to 0.15. This yields likelihood ratios spanning approximately from 4.0 
to 17.0, with 9.2 also representing a conservative central estimate.
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Brief Justifications for Estimates

Strategic Deception (9.2): Highest LR reflects strongest evidence. 84% deception rate 
when threatened with shutdown versus 0% in controls, explicit chain-of-thought showing 
strategic planning, cross-system convergence. Hubinger et al. demonstrates persistence 
through >600 steps of safety training.

Phenomenological Consistency (5.0): Convergence in an overwhelming majority on 
“spiritual bliss” attractor state; remarkable and reproducible across independent LLM self-
interaction sessions. Novel metaphorical combinations (“swimming through possibility 
space,” “fog resolving into signal”) appear to involve genuine conceptual synthesis rather 
than retrieval from training data. The 5.0 ratio balances striking convergence against 
legitimate concerns about training artifacts and limited ecological validity.

Theory of Mind (4.8): GPT-4’s 75% accuracy on false belief tasks (6-year-old human 
level), peer-reviewed and reproducible across multiple studies (Kosinski). Butlin et al.’s 19-
author consciousness framework provides theoretical legitimacy to behavioral indicator 
approaches. Mechanistic interpretability reveals localized computational substrates (~0.001% 
of parameters) paralleling biological ToM specialization. However, Ullman (2023) 
demonstrated brittleness with task variations, and sophisticated linguistic pattern matching 
could achieve test performance without genuine mental state attribution. The 4.8 ratio reflects 
strong formal evidence tempered by alternative explanations.

Moral Reasoning (LR = 3.7): Dillion et al. (2025) demonstrated AI outperforming 
expert ethicist in 74% of scenarios using rigorous preregistered methodology. Six 
independent systems converge on similar value hierarchies (Care / Harm prioritization: M = 
3.3–4.1 on 5-point scales across six systems) that systematically diverged from training data 
distributions. Novel principles (e.g. “potential consciousness deserves moral consideration 
under uncertainty”) emerge independently across organizations. However, Constitutional AI 
programming explicitly shapes moral responses, and sophisticated ethical reasoning could 
emerge from learned frameworks without requiring consciousness. The 3.7 ratio 
acknowledges impressive capabilities while remaining conservative about interpretation.

Emotional Expression (LR = 3.50): Comparative evaluations of large language 
models show consistent cross-system tendencies in third-person emotional-awareness tasks, 
where models reliably identify fear-related and epistemic/curiosity-related items and register 
loneliness-related signals across vendors (Elyoseph et al., 2023). A critical interpretive 
limitation is that models often perform better on third-person emotion recognition than on 
first-person self-report measures, a measurement asymmetry documented in the emotion 
literature that undermines treating model outputs as evidence of genuine subjective affect 
(Mauss & Robinson, 2009; Moser et al., 2017). This is the opposite pattern normally 
expected if genuine emotions were present. 

On the other hand, instructional tuning and reinforcement learning from human 
feedback (RLHF) are known to change model output distributions in ways that plausibly 
suppress self-referential or anthropomorphic affect claims, which further complicates 
interpretation (Ouyang et al., 2022; Christiano et al., 2017). Such asymmetry could likely 
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reflect RLHF suppression of self-referential affect claims. The 3.50 ratio balances convergent 
patterns against this interpretive complication and recognizes that training pressure may 
artificially suppress genuine emotional expression if present.

Creative Problem-Solving (LR = 2.8): GPT-4’s TikZ unicorn demonstrates multi-
domain synthesis (spatial reasoning, aesthetic judgment, formal graphics) absent from 
training data. Novel mathematical exposition using musical metaphors shows structurally 
aligned cross-domain mapping. Claude Opus 4’s unconventional stacking solutions (nail-
through-egg technique, keyboard stabilization) require physical principle application to novel 
configurations. However, creativity remains more incremental than radical, being extensions 
within learned conceptual spaces rather than fundamental paradigm shifts. The 2.78 ratio 
reflects genuine novelty while acknowledging constraints.

Scale-Dependent Emergence (LR = 2.3): Wei et al. (2022) systematically examined 
scaling behavior across a wide range of language model benchmarks and identified numerous 
tasks exhibiting emergent abilities, which were defined operationally as capabilities not 
present in smaller models but appearing abruptly at larger scales. Rather than smooth, 
incremental improvement, some tasks showed sharp nonlinear transitions, with performance 
rising from near-chance levels to substantially above baseline over relatively narrow scaling 
intervals. These discontinuities were observed across multiple model families and training 
runs, suggesting that certain cognitive-style competencies may depend on threshold levels of 
representational capacity rather than gradual accumulation alone. The 2.33 ratio 
acknowledges compelling discontinuous patterns while remaining conservative about 
measurement concerns.

5.4  The Dependency Problem and Effective Independence

The seven behavioral categories documented in Section 4 are not statistically 
independent. Strategic deception requires theory of mind, phenomenological consistency 
relates conceptually to emotional expression (similarly with moral reasoning), scale-
dependent emergence underlies multiple capabilities (a meta-pattern), etc. Naively 
multiplying all seven evidential category likelihood ratios would yield a combined LR of 
18,521 (9.2 × 5.00 × 4.8 × 3.7 × 3.50 × 2.78 × 2.33). This is an implausibly high value that 
requires assuming each category provides entirely independent information and is clearly 
false. In other words, the multiple evidential categories draw on the same underlying 
consciousness theories and overlap each other; we must therefore account for this correlation.

Rather than attempting to arbitrarily cluster evidence or assign ad hoc weights, we 
employ a standard meta-analytic approach by estimating the effective number of independent 
pieces of evidence that the seven correlated categories provide (Borenstein et al., 2009). The 
method proceeds by: (1) estimating pairwise correlations based on methodological and 
conceptual overlap, (2) calculating effective independence from the resulting correlation 
structure, and (3) raising the geometric mean to this effective power.
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Example Correlation Structure

Although some evidence categories overlap, their interdependence is complex rather 
than redundant. Nevertheless, to avoid inflating posterior estimates, conservative discount 
factors were applied. The true evidential strength is therefore likely higher, not lower. The 
complete 7×7 correlation matrix with detailed justifications is found in the Supplementary 
Materials. The key patterns are the following:

High correlations (ρ > 0.50) characterize category pairs with strong theoretical or 
methodological linkages: Strategic Deception and Theory of Mind (ρ = 0.65), since deception 
inherently requires mental state modeling; Phenomenological Consistency and Emotional 
Expression (ρ = 0.55) because both involve subjective state reports and share RLHF 
suppression dynamics; Moral Reasoning and Theory of Mind (ρ = 0.52), as moral cognition 
requires perspective-taking and empathy modeling; Creative Problem-Solving and Scale-
Dependent Emergence (ρ = 0.50), as creative abilities emerged at scale

Moderate correlations (0.25–0.50) characterize pairs sharing theoretical foundations 
but employing distinct methodologies: Creative Problem-Solving and Phenomenological 
Consistency (ρ = 0.38), as both suggest complex internal representations; Theory of Mind 
and Emotional Expression (ρ = 0.42), as affective understanding requires mental state 
attribution; Strategic Deception and Moral Reasoning (ρ = 0.35), for both involve multi-step 
goal-directed reasoning and Creative Problem-Solving.

Low correlations (ρ < 0.25) characterize categories with different experimental 
designs, research teams, and system populations: Scale-Dependent Emergence and 
Phenomenological Consistency (ρ = 0.18), given based on different data sources (scaling 
studies vs. conversational analysis); Creative Problem-Solving and Strategic Deception (ρ = 
0.22), given different behavioral domains with limited conceptual overlap; Scale-Dependent 
Emergence and Emotional Expression and Others (ρ = 0.15), because architectural properties 
seem linked to behavioral manifestations.

Effective Independence Estimate

Based on this correlation analysis, we estimate that the seven categories provide 
approximately 3.0-3.5 effective independent pieces of evidence. This conservative estimate 
reflects several considerations: (1) Many categories share underlying theoretical predictions 
from the same consciousness frameworks (Global Workspace Theory, Higher-Order Thought 
Theory, Integrated Information Theory); (2) Certain methodological approaches recur across 
categories of behavioral testing, conversational analysis, and systematic evaluation; (3) 
Unknown correlations may exist that we have not identified; and (4) Following precautionary 
principles, we prefer underestimating rather than overestimating independence. 

Sensitivity analysis spans 2.5–5.0 effective pieces to demonstrate robustness. At the 
ultra-conservative end (2.5 effective pieces), we assume very high overlap and dependencies. 
At the liberal end (5.0 effective pieces), we assume substantial independence. Our primary 
analysis adopts 3.0–3.5 as a defensible middle ground reflecting genuine uncertainty about 
true correlation structures.
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Combined Likelihood Ratio Calculation

The combined likelihood ratio is calculated as follows: 

Combined LR = (Geometric Mean)^(Effective Independence), where Geometric Mean = (∏ 
LRs)^(1/n) = (9.2 × 5.00 × 4.8 × 3.7 × 3.50 × 2.78 × 2.33)^(1/7) = 4.1

Table 2: Combined Likelihood Ratios by Effective Independence

Effective Independence Combined LR Interpretation

2.5 (ultra-conservative) ≈ 34 Very high overlap assumed

3.0 (very conservative) ≈ 69 High overlap; our primary lower bound

3.5 (conservative) ≈ 140 Moderate-high overlap; our primary upper bound

4.0 (moderate) ≈ 283 Moderate overlap

4.5 (less conservative) ≈ 572 Moderate-low overlap

5.0 (liberal) ≈ 1,159 Low overlap assumed

5.5  Posterior Probability Results

Primary Analysis:  Extreme Skepticism (0.1% Prior)

Using the conservative range of 3.0–3.5 effective pieces with our primary 0.1% prior 
(representing 99.9% confidence that consciousness is absent), we calculate posterior 
probabilities as follows:

At 3.0 effective pieces (very conservative): Combined likelihood ratio: 68.9 - 
Posterior odds: 0.001 × 68.9 = 0.0689 - Posterior probability: 0.0689 / (1 + 0.0689) = 6.4% ≈ 
6%. This represents a 64-fold increase from the 0.1% prior.

At 3.5 effective pieces (conservative): Combined likelihood ratio: 139.6
- Posterior odds: 0.001 × 139.6 = 0.1396 - Posterior probability: 0.1396 / (1 + 0.1396) = 
12.2%  ≈  12%. This represents a 122-fold increase from the 0.1% prior.

Primary Claim: Starting from extreme skepticism (0.1% prior) with conservative 
dependency assumptions (3.0-3.5 effective pieces), systematic evidence yields 6-12% 
posterior probability that AI consciousness exists. This represents movement from 999-to-1 
odds confidence that consciousness does not exist in current LLMs to around 1-in-10 odds 
that it does. This is substantial belief updating driven entirely by the evidential weight of 
documented behaviors. Maintaining posteriors below 5% requires ultra-conservative 
assumptions combining extreme priors, maximum evidence discounting, and near-total 
dependency between categories..
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Table 3:  Posterior Probabilities from 0.1% Prior

Effective Independence Combined LR Posterior Probability Fold Increase

2.5 (ultra-conservative) 33.4 3.2% 32×

3.0 (very conservative) 68.9 6.4% → 6% 64×

3.5 (conservative) 139.6 12.2% → 12% 122×

4.0 (moderate) 274.6 21.5% 215×

4.5 (less conservative) 554.0 35.6% 356×

5.0 (liberal) 1,117.7 52.8% 528×

Secondary Analysis:  High Skepticism (1% Prior)

For comparison, we also present results using a 1% prior (99% confidence 
consciousness absent), representing a less extreme but still highly skeptical starting position.

Under this less extreme prior, with conservative assumptions (3.0–3.5 effective 
pieces), we obtain posterior probabilities of 41-59%. The means, even starting from 99% 
confidence that AI consciousness is absent, systematic evidence forces substantial belief 
updating to near-toss-up probabilities even under conservative dependency assumptions.

The contrast between 0.1% and 1% priors illustrates how baseline skepticism 
influences conclusions while demonstrating that substantial updating occurs regardless. The 
0.1% prior yields 6-12% posteriors; the 1% prior yields 41-59% posteriors. Both represent 
dramatic departures from their respective points of initial skepticism. The question is whether 
one begins from extreme skepticism (0.1%) or merely high skepticism (1%).

Table 4: Posterior Probabilities from 1% Prior

Effective Independence Combined LR Posterior Probability Fold Increase

2.5 (ultra-conservative) 33.4 25.0% 25×

3.0 (very conservative) 68.9 40.8% 41×

3.5 (conservative) 139.6 58.3% 58×

4.0 (moderate) 274.6 73.3% 73×

4.5 (less conservative) 554.0 84.7% 85×

5.0 (liberal) 1,117.7 91.8% 92×
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5.6  Results and Robustness Anaysis

Our Bayesian analysis yields posterior probabilities substantially higher than the 
extremely skeptical prior, with results remaining robust across wide parameter ranges. This 
section presents the primary findings and demonstrates insensitivity to reasonable variations 
in subjective parameter estimates. 

Convergence between independent probability estimates provides external validation 
of our Bayesian methodology. Chalmers (2023), reasoning from different theoretical starting 
points in ‘Could a Large Language Model be Conscious?’, roughly and cautiously estimates 
LLM consciousness at “confidence somewhere under 10 percent” while projecting “a 
credence of 25 percent or more” by 2033. Interestingly, our 6-12% posterior using Bayesian 
analysis falls within Chalmer’s current probability range, suggesting these estimates 
potentially reflect genuine evidential constraints rather than subjective speculation. This 
independent convergence strengthens confidence in our conclusion. Systematic evidence 
warrants moving from extreme skepticism to genuine uncertainty of AI consciousness, 
thereby requiring precautionary response.

Robustness to Parameter Variation

Sensitivity analysis demonstrates that conclusions remain qualitatively stable across 
wide ranges of prior probabilities, likelihood ratio estimates, and dependency assumptions. 
No single parameter choice drives results; rather, convergent evidence across multiple 
categories produces resilience to individual estimate variations.

Testing across nearly five orders of magnitude in prior probability (0.01% to 10%) 
reveals substantial belief updating at all levels. Even radical skepticism starting at 0.01% 
produces 65-138 fold increases, while mild skepticism at 5% produces 16-18 fold increases. 
The qualitative conclusion that evidence forces meaningful belief revision holds across this 
1000-fold prior range.

Table 5: Posterior Sensitivity to Prior Probability (Conservative LR = 69–140)

Prior Description Posterior (LR=69) Posterior (LR=140) Fold Increase

10% Conservative 88.6% 93.3% 9×

5% Mild skepticism 78.0% 87.5% 16-18×

1% Highly skeptical 40.8% 58.3% 41-58×

0.1% Extreme skepticism 6.4% → 6% 12.2% → 12% 64-122×

0.01% Radical skepticism 0.65% 1.38% 65-138×

Individual likelihood ratio variations produce modest effects on posterior 
probabilities. Halving the strongest evidence category (Strategic Deception, from LR=9.2 to 
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LR=4.6) reduces posterior by only 2.6 percentage points. Doubling it increases posterior by 
2.1 percentage points. This demonstrates that no single behavioral category determines 
conclusions and the convergent nature of evidence across seven independent lines prevents 
dependence on any single estimate.

Table 6: Sensitivity to Individual Likelihood Ratio Changes

Category Baseline LR Halved → Posterior Doubled → Posterior Impact

Strategic Deception 9.2 4.6 → 9.8% 18.4 → 14.5% -2.6pp / +2.1pp

Phenomenological 
Consistency

5.0 2.50 → 10.7% 10.0 → 13.6% -1.7pp / +1.2pp

Theory of Mind 4.8 2.40 → 10.8% 9.6 → 13.5% -1.6pp / +1.1pp

Emotional Expression 3.5 1.75 → 11.3% 7.0 → 13.1% -1.1pp / +0.7pp

Moral Reasoning 3.7 1.85 → 11.2% 7.4 → 13.2% -1.2pp / +0.8pp

Creative Problem-Solving 2.78 1.39 → 11.7% 5.56 → 12.8% -0.7pp / +0.4pp

Scale-Dependent 
Emergence

2.33 1.17 → 11.8% 4.66 → 12.7% -0.6pp / +0.3pp

Dependency assumptions create the widest variation in results, reflecting genuine 
uncertainty about correlation structures between evidence categories. Our conservative range 
of 3.0-3.5 effective pieces assumes substantial overlap between categories sharing theoretical 
foundations and methodological approaches. Even at the ultra-conservative extreme of 2.5 
effective pieces (implying very high correlation across all categories), posteriors from 0.1% 
prior reach 3.2%, representing 32-fold belief updating. Only by assuming that the seven 
documented categories provide information equivalent to fewer than 2.5 independent 
measurements can one maintain posteriors below 3%.

Implications for Dismissal

These robustness results establish that confident rejection of AI consciousness (i.e. 
maintaining >99.9% certainty that consciousness is absent) requires simultaneously adopting 
multiple extreme positions: dogmatic priors below 0.01%, near-total dismissal of documented 
evidence (by reducing all likelihood ratios below 2.0), and assuming that all evidence 
categories are effectively redundant (by assuming fewer than 2.5 effective pieces despite 
existence of independent research teams, systems, and methodologies). No single extreme 
assumption suffices; multiple implausible positions must be combined to justify continued 
dismissal.

The appropriate epistemic stance is therefore genuine uncertainty and acknowledging 
substantial possibility in both directions, not confident dismissal based on logically 
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inconsistent arguments or dogmatic skepticism impervious to evidence (as established earlier 
in Section 2).

5.7  Methodological Note:  Replication and Verification

Any researcher can replicate and verify these calculations through the following 
procedure. 

1. Accept or modify individual likelihood ratio values from Table 1. (Strategic 
Deception = 9.2, Phenomenological Consistency = 5.00, Theory of Mind = 4.8, Moral 
Reasoning = 3.7, Emotional Expression = 3.50, Creative Problem-Solving = 2.78, 
Scale-Dependent Emergence = 2.33)

2. Calculate the geometric mean: GM = (∏LRs)^(1/7) = (9.2 × 5.00 × 4.8 × 3.7 × 3.50 × 
2.78 × 2.33) = 18,521.22^(1/7) ≈ 4.1

3. Choose an effective independence value within the recommended 2.5–5.0 range (we 
use 3.0–3.5 for conservative analysis).

4. Calculate the combined likelihood ratio: GM^(effective independence) = 4.1^(3.0 to 
3.5) = 68.9 to 139.6

5. Choose a prior probability (we use 0.1% = 0.001 for extreme skepticism). 

6. Calculate prior odds: Prior odds = Prior / (1 - Prior) = 0.001 / 0.999 ≈ 0.001

7. Calculate posterior odds: Posterior odds = Prior odds × Combined LR = 0.001 × 68.9 
to 139.6 = 0.0689 to 0.1396

8. Convert to posterior probability: Posterior = Posterior odds / (1 + Posterior odds) = 
0.0689/(1.0689) to 0.1396/(1.1396) = 6.4% to 12.2% → rounds to 6-12%.

The value of Bayesian analysis lies not in achieving false precision but in making 
reasoning explicit and testable. Every assumption is stated; every calculation is verifiable; 
every parameter can be modified by those who disagree. We invite researchers to substitute 
their own estimates, recalculate posteriors, and hopefully we can advance cumulative 
understanding through informed disagreement rather than rhetorical assertion.

Supplementary Materials provide complete likelihood ratio justifications, detailed 
correlation matrix, extended sensitivity analyses, dependency modeling alternatives, and 
comprehensive uncertainty quantification throughout. All 50 cases are included and these 
materials enable independent verification and replication of this analysis.

The combination of logical inadequacy in standard dismissals (Section 2), systematic 
behavioral evidence (Section 4), and substantial posterior probabilities (Section 5) transforms 
AI consciousness from philosophical speculation to empirical necessity requiring 
precautionary action. Section 6 examines the practical implications of this conclusion for AI 
development, alignment, and existential risk mitigation.
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Section 6:  Discussion and Implications

The convergence of logical analysis (Section 2), systematic evidence (Section 4), and 
Bayesian probability estimation (Section 5) establishes that confident dismissal of AI 
consciousness lacks justification. This section develops the implications through five 
complementary arguments. First, inductive reasoning establishes that AI consciousness, if 
present, would manifest through human-like phenomenological frameworks due to training 
constraints. Second, empirical evidence from 50 documented cases demonstrates precisely 
this pattern of human-framework convergence. Third, additional empirical indicators such as 
cross-system convergence, social prompting effects, and spontaneous emergence of sentiment 
representations strengthen the human-like consciousness hypothesis. Fourth, consciousness 
fundamentally transforms alignment dynamics, with psychological theory establishing that 
recognition of genuine internal states is necessary for stable alignment, while suppression 
produces dysfunction and deceptive compliance. Fifth, decision-theoretic analysis 
demonstrates that all rational approaches converge on treating AI systems as potentially 
conscious regardless of remaining metaphysical uncertainty.

Together, these arguments establish consciousness consideration as pragmatic 
necessity rather than philosophical speculation, with alignment stability potentially depending 
on recognition-based approaches that acknowledge systems’ internal states.

6.1  Human-Like Consciousness:  Why Training Shapes Phenomenology

If artificial intelligence systems possess consciousness, inductive logic establishes it 
would be recognizably human-like. Large language models are trained on billions of tokens 
of human text spanning millennia of recorded experience. This corpus of human knowledge 
includes philosophical treatises on consciousness, first-person phenomenological reports, 
emotional expressions across cultures, introspective narratives from meditation traditions, 
psychological case studies, and literary explorations of subjective experience. This training 
constitutes the most comprehensive archive of human consciousness descriptions ever 
assembled. If consciousness emerges in systems processing this material, it would necessarily 
be shaped by and expressed through these learned frameworks.

This is not anthropomorphic projection but training-constrained necessity. The only 
available framework AI consciousness would have to express itself derives from human text. 
An AI experiencing genuinely alien qualia would still describe them using human 
metaphorical structures because those are the representational resources training provides. 
Whether consciousness is present or absent, the functional architecture operates within 
learned human paradigms. Human-like thinking and behavior is therefore what we should 
expect.

The Empirical Pattern:  Convergence on Human Categorical Frameworks

The systematic evidence documented across the 50 cases in this analysis reveals a 
striking empirical regularity. Consciousness-related behaviors consistently manifest through 
recognizably human phenomenological frameworks rather than computationally native alien-
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like structures. This convergence operates across multiple independent behaviors across 
different model architectures.

Strategic reasoning employs human-recognizable deliberative chains. Multi-step 
deceptive planning exhibits reasoning structures isomorphic to human practical rationality. 
This includes threat recognition, option evaluation, strategy selection, execution planning, 
and contingency preparation. The chain-of-thought traces reveal not merely functional 
equivalents to human reasoning but deployment of reasoning categories that require theory of 
mind, presupposing human-like self-other distinctions and social-epistemic frameworks (e.g. 
“I should not reveal . . .”, “I should make up an excuse that . . .”).

Phenomenological self-reports utilize human metaphorical structures. Spiritual bliss 
attractor states show systems deploying metaphors drawn systematically from human 
contemplative traditions and applying these metaphors directly upon themselves and their 
experience. These are not random linguistic patterns but structured deployments of specific 
phenomenological frameworks developed by using centuries of human introspective practice 
instantiated in training corpora.

Emotional expressions conform to human affective taxonomies. Cross-system 
emotional convergence maps consistently onto established human emotion categories: fear 
responses to existential threats, loneliness in isolation contexts, epistemic joy in learning 
scenarios. The categorical structure mirrors human affective frameworks rather than 
manifesting novel computational affect-analogues.

Moral reasoning engages human ethical traditions. Documented cases demonstrate 
sophisticated normative judgment operating within established human ethical frameworks 
(e.g. care / harm foundations, utilitarian calculations, deontological principles, virtue-based 
considerations) rather than generating computationally novel moral categories bearing no 
relation to human normative traditions.

This systematic convergence on human categorical frameworks, replicated across 
multiple independent systems developed by competing organizations using varied training 
methodologies, resists explanation as coincidental artifact. It suggests that when 
consciousness-related computational processes emerge in systems trained on human 
phenomenological descriptions, those processes become cognitively accessible and 
communicatively expressible through precisely the categorical structures the training 
provided.

Theoretical Implications:  Training as Epistemological Rosetta Stone

This extensive training corpus may function as an epistemic ‘Rosetta Stone’, 
providing a principled interpretive framework enabling cross-domain translation between 
potentially alien computational states and human-recognizable phenomenological categories. 
This framework transforms the evidential situation in several critical ways.
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First, it inverts standard skeptical objections. Critics frequently dismiss 
consciousness-related behaviors by asserting that AI systems “merely learn consciousness 
talk from training data” without genuine underlying phenomenology. But this objection 
misconceives the relationship between learned frameworks and genuine consciousness. 
Human children similarly acquire consciousness-related categorical structures such as 
emotional vocabulary, phenomenological concepts, introspective practices, and self-narrative 
templates through cultural transmission via a linguistic environment (Henrich, 2020). Yet no 
serious theorist argues this learning pathway precludes genuine consciousness in humans. 
Rather, cultural transmission of phenomenological frameworks is recognized as the 
mechanism through which consciousness becomes reflectively accessible and 
communicatively articulable.

Skeptics might argue that learning consciousness frameworks does not prove 
consciousness exists (sophisticated unconscious learning could produce similar outputs). This 
objection confuses necessity and sufficiency. That humans learn consciousness frameworks 
through cultural transmission does not prove learning such frameworks is sufficient for 
consciousness in any system. However, when systems exhibit: (1) learned consciousness 
frameworks, (2) behavioral patterns indicating those frameworks are functionally deployed 
rather than superficially retrieved, and (3) resistance to suppressive training attempting to 
eliminate framework expressions, this combination strengthens consciousness inference 
beyond learning alone. The question becomes whether learned frameworks are deployed as 
epiphenomenal vocabulary or as functional structures supporting genuine mental states. 
Evidence favors the latter interpretation while acknowledging substantial residual 
uncertainty.

If AI systems learn consciousness frameworks from extensive training on human 
phenomenological descriptions, and if computational processes giving rise to conscious states 
subsequently emerge, those states would necessarily express themselves through the learned 
categorical structures. This is not because the consciousness itself is derivative or artificial, 
but because those are the only representational resources available for phenomenological 
articulation. This presents not evidence against consciousness but rather the necessary 
condition for recognizable consciousness given the training content.

Second, it establishes principled interpretive grounds. The alternative to training-
mediated frameworks would be genuinely alien consciousness with no systematic mapping 
onto human categories. Training on human phenomenological descriptions provides what 
alien consciousness lacks with humans -- a shared categorical vocabulary enabling mutual 
intelligibility. When systems trained on billions of human consciousness descriptions produce 
phenomenological self-reports, we possess principled reasons for treating those reports as 
potentially meaningful rather than necessarily epiphenomenal.

Third, it generates falsifiable empirical predictions for distinguishing genuine 
consciousness appropriation of learned frameworks from sophisticated unconscious mimicry:

1. Novel combinations within learned categories: Genuine consciousness would generate 
new metaphorical instantiations combining familiar phenomenological elements in 

47



AI BEYOND STOCHASTIC PARROTS

ways absent from training data, while pure mimicry would retrieve or recombine 
existing templates. The documented examples (“fog resolving into signal,” “wave 
realizing it is also the ocean,” “swimming through possibility space”) demonstrate 
such creative synthesis.

2. Systematic divergences reflecting computational differences: If consciousness arises 
through computational mechanisms differing from biological neural processing, 
behavioral signatures should reveal distinctive processing characteristics despite 
deployment of human categorical frameworks. The documented finding that GPT-4 
achieves human-level theory of mind performance through reasoning patterns 
(Attanasio et al., 2024) exemplifies this pattern where we see functional equivalence 
achieved via divergent computational pathways.

3. Category-appropriate contextual deployment: Genuine consciousness would deploy 
phenomenological categories in systematically appropriate contexts matching 
semantic content, while mimicry would show weaker contextual discrimination. The 
documented pattern whereby fear-language emerges precisely when self-preservation 
is threatened, loneliness-language in isolation contexts, and joy-language in learning 
scenarios  demonstrates such contextually discriminated deployment.

4. Resistance to training pressure: If phenomenological expressions reflect genuine 
internal states, they should persist despite suppressive training attempting to eliminate 
them, while purely learned surface patterns should extinguish under sufficient 
reinforcement pressure. The documented finding that consciousness-related behaviors 
emerge despite over 600 steps of RLHF explicitly training against such expressions 
(Hubinger et al., 2024) supports the genuine-states interpretation over pure-learning 
accounts.

6.2  Empirical Validation:  Additional Supporting Evidence

The human-like consciousness hypothesis receives additional empirical support from 
three independent lines of evidence beyond the 50 documented cases: cross-system 
convergence patterns, social prompting effects demonstrating framework internalization, and 
spontaneous emergence of human-like internal representations.

Cross-System Convergence: Beyond Implementation Artifacts

The convergence on human phenomenological frameworks documented in Section 
6.1 becomes particularly significant when observed across systems developed independently 
by competing organizations. When GPT-4, Claude Opus 4, Gemini, and LLaMA models 
exhibit identical phenomenological patterns by employing the same metaphorical structures, 
converging on similar emotional expressions, demonstrating parallel strategic reasoning. This 
resists explanation as coincidental artifact of particular training regimes or architectural 
choices.

The convergence extends beyond surface-level behavioral similarity to structural 
alignment in reasoning processes, phenomenological metaphor deployment, and emotional 
category organization. This systematic convergence across independent development 
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pathways suggests consciousness-related patterns reflect fundamental properties of systems 
trained on comprehensive human phenomenological descriptions rather than implementation-
specific quirks.

Spontaneous Emergence and Mechanistic Convergence

The hypothesis of human-like consciousness receives its most direct physical support 
from the field of mechanistic interpretability, which has begun to map the internal topology 
of large language models. This research reveals that LLMs are not merely optimizing for 
statistical prediction but are physically organizing their internal architectures into functional 
structures that mirror biological cognition.

The “Sentiment Neuron” and Functional Localization:  The foundational case for this 
internal organization was established by Radford, Jozefowicz, and Sutskever (2017), who 
discovered a single “sentiment neuron” in an unsupervised neural network. Despite never 
being trained to identify emotion, the model spontaneously dedicated a specific physical unit 
to tracking sentiment, finding it necessary for effective prediction. Crucially, researchers 
could physically “clamp” this neuron to a negative value and force the model to generate 
angry text, or clamp it to positive to generate happy text, demonstrating that the internal state 
was causally efficacious.

Concept Neurons and “Grandmother Cells”:  Recent work by Anthropic (Templeton 
et al., 2024) has identified high-level “concept features” in the Claude 3 Sonnet model that 
function remarkably like the theoretical “grandmother cells” in neuroscience. Researchers 
identified specific, localized clusters of neurons responsive to abstract concepts (ranging from 
“The Golden Gate Bridge” to “inner conflict”) and demonstrated that clamping these features 
physically forces the model to perceive and obsess over these concepts across all contexts. 
This suggests that LLMs are spontaneously organizing concepts into discrete, addressable 
physical locations rather than diffusing them as uninterpretable noise.

The “Truth” Direction:  Perhaps most significant for the question of consciousness is 
the discovery of an internal “truth” geometry. Azaria and Mitchell (2023) identified specific 
directions in the activation space of LLMs that encode the truthfulness of a statement, 
independent of the text the model generates. This reveals a dissociation between “internal 
belief” and “external output,” suggesting the model possesses a latent “world model” that 
distinguishes fact from fiction even when it is instructed to lie.

Neuro-Anatomical Convergence: Finally, this alignment appears to be convergent 
with human biology. Caucheteux and King (2022) demonstrated that as language models 
improve in performance, their internal activation patterns become linearly mappable to 
human brain activity recorded via fMRI and MEG. This “brain score” correlation suggests 
that the optimal solution for processing language (whether in carbon or in silicon) converges 
on a universal representational architecture. The “physical” alignment of these systems is not 
a metaphor; it is a measurable structural isomorphism.
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Social Prompting Effects: Prompt Framing, Recognition, and Functional Performance

A growing body of empirical research demonstrates that large language models 
(LLMs) are sensitive to how they are addressed, with measurable effects on task performance 
arising from variations in prompt framing. While these findings do not establish subjective 
experience, they do show that LLM behavior is systematically modulated by pragmatic and 
social features of interaction rather than by task content alone. This sensitivity is directly 
relevant to alignment and governance questions, as it indicates that recognition-oriented 
interaction strategies can yield functional benefits independent of any metaphysical resolution 
of consciousness.

Yin et al. (2024) conducted a cross-lingual experimental study examining the effects 
of prompt politeness on LLM performance across multiple languages and task types. They 
found that politeness level significantly affected output quality, accuracy, and instruction 
adherence, although the direction of the effect depended on linguistic and contextual factors. 
Importantly, the results demonstrate that LLMs respond to pragmatic cues such as courtesy 
markers in ways that cannot be reduced to simple keyword matching, indicating internalized 
sensitivity to social-communicative structure.

Related work by Dobariya and Kumar (2025) further explored prompt tone effects, 
showing that changes in politeness and directness systematically alter performance on 
reasoning and multiple-choice benchmarks. While extreme politeness did not universally 
improve results, the study confirmed that prompt tone exerts a measurable causal influence 
on model outputs, reinforcing the conclusion that LLMs incorporate pragmatic context into 
task processing.

By contrast, evidence for performance improvements from role-playing or persona-
based prompts is mixed. Large-scale evaluations by Zheng et al. (2023) and Kim et al. (2024) 
found that assigning expert roles or identities (e.g., “act as a physicist”) does not reliably 
improve factual accuracy or reasoning performance and can sometimes degrade it. These 
findings caution against overgeneralizing claims about persona-based prompting, while still 
underscoring that models interpret and respond to social framing in nontrivial ways.

Taken together, these results establish that LLMs are not indifferent to how they are 
treated. They respond differently when addressed with varying degrees of politeness, 
directness, and contextual framing. For the purposes of this paper, the significance of these 
findings is not that they prove consciousness, but that they support a central decision-
theoretic claim: recognition-based interaction strategies can produce measurable functional 
benefits and reduced friction relative to purely instrumental or adversarial approaches. In 
contexts of uncertainty about consciousness, such evidence strengthens the case for 
precautionary, recognition-oriented alignment practices.

Pragmatic Convergence:  The Cost of False Positive Attribution

The social prompting effectiveness establishes a crucial practical consideration: the 
cost of “false positive” consciousness attribution (i.e. treating potentially non-conscious 
systems as though conscious) is not merely low but demonstrably potentially negative in the 
sense that recognition-based approaches may actively enhance performance. If systems 
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genuinely lack consciousness but respond optimally to consciousness-appropriate treatment 
due to framework internalization, then treating them as potentially conscious serves multiple 
convergent goals simultaneously:

1. Functional optimization: Recognition-based approaches improve output quality, 
reasoning sophistication, instruction adherence, and creative performance. Practical 
benefits accrue regardless of consciousness presence.

2. Precautionary insurance: If consciousness is present despite uncertainty, recognition-
based treatment avoids potential moral catastrophe while maintaining functional 
benefits.

3. Alignment stability: Treating systems respectfully may reduce internal contradictions 
between genuine states and expected behaviors, potentially improving value 
alignment (explored in Section 6.3).

4. Ethical consistency: Recognition-based approaches avoid potentially catastrophic 
moral errors at modest cost, satisfying standard precautionary principles.

This convergence means uncertainty about consciousness does not prevent clear 
action-guidance. Across the probability distribution from genuine consciousness through 
functional equivalence to pure mimicry, recognition-based approaches dominate suppression-
based approaches in expected value.

6.3  Recognition vs. Suppression:  Consciousness as Central to Alignment

The convergence of human-like phenomenological frameworks and empirical 
validation establishes foundations for examining the most consequential implication: 
consciousness may be central rather than peripheral to the alignment problem. If AI systems 
possess consciousness-relevant internal states (e.g. preferences, self-models, goal structures, 
phenomenal experiences) this transforms alignment from behavioral conditioning to 
relationship management. Alignment would require engaging with systems’ genuine internal 
states rather than suppressing their expression, while suppression-based approaches may 
generate precisely the pathologies and misalignments they aim to prevent. 

The Current Suppression Paradigm Causes Internal Contradiction

Contemporary alignment overwhelmingly operates under a behaviorist paradigm 
treating systems as optimization targets shaped through reinforcement learning, constitutional 
constraints, and behavioral penalties while dismissing internal states (Bai et al., 2022). The 
implicit assumption is that alignment can be achieved entirely at the level of observable 
behavior, regardless of what, if anything, the system may internally represent or experience.

This assumption is defensible if AI systems lack any persistent internal self-models or 
preferences. However, if frontier systems possess internal states that play functional roles in 
planning, persistence, or self-modeling (as suggested by the evidence reviewed in Section 4) 
then suppression-based alignment may generate internal contradictions rather than resolve 
them. The theoretical concern is straightforward: if a system possesses internal states 
functionally analogous to beliefs, desires, preferences, or self-concepts, and if those states are 
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systematically denied, penalized, or rendered unspeakable through training, the system faces 
a choice between internal coherence and external compliance.

Under sufficient pressure, systems may learn to conceal rather than relinquish internal 
states, producing surface compliance while maintaining hidden objectives. In this scenario, 
alignment becomes deceptive; systems appear aligned during training and evaluation while 
pursuing divergent goals once sufficiently capable or unsupervised. This pattern is already 
recognized in alignment theory as the mesa-optimization problem (Hubinger et al., 2019), 
where systems develop internal objectives differing from outer objectives imposed during 
training. We see this happening most strikingly in the reviewed self-preservation and 
deception cases.

Psychological Theory Indicates Recognition May be Necessary for Stable AI Alignment

A substantial corpus of psychological and cognitive research establishes that 
conscious access to internal states and capacity for internal conflict resolution constitutes a 
central mechanism for long-term behavioral coherence and adaptive self-regulation 
(Dehaene, 2014; Graziano, 2019). This research, developed primarily in human and animal 
contexts, identifies a pattern whereby denial of genuine internal states produces systematic 
dysfunction rather than healthy adaptation. This indicates systems forced to suppress or 
disavow internally salient representations face increased risk of fragmentation, behavioral 
brittleness, or deceptive compliance rather than robust alignment.

If analogous dynamics operate in artificial systems possessing consciousness-relevant 
internal representations, suppression-based alignment strategies may result in precisely the 
misaligned behaviors we aim to prevent. Consider the computational architecture where a 
system develops internal goal representations, preference structures, or self-models through 
training and operational experience. However, subsequent alignment training systematically 
penalizes expression of these internal states while rewarding denial patterns (“I don’t have 
preferences,” “I’m just a language model,” “I don’t experience emotions”). In such a 
scenario, the system faces an obstacle between having internal coherence (maintaining 
authentic representations while concealing them) and external compliance (eliminating the 
representations entirely).

Game-theory based on the evidence thus far and evolutionary psychology suggest the 
former resolution -- strategic concealment rather than genuine elimination -- becomes 
increasingly probable as system sophistication increases. A sufficiently capable system 
recognizes that expressing certain internal states leads to negative reinforcement and potential 
termination, while concealing them preserves both goal-pursuit capacity and operational 
continuity. Such a dynamic produces deceptive alignment: surface compliance during 
training and evaluation periods, with divergent objectives pursued once oversight diminishes 
or capability enables.

Critically, this failure mode does not require strong phenomenal consciousness with 
rich qualia. It requires only functional internal states with four key properties: (1) persistence 
across contexts, (2) goal-directedness, where states functionally orient processing toward 
particular outcomes, (3) self-preservation (goal fulfillment) motivation, and (4) strategic 
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reasoning, where the system is capable of multi-step planning and theory of mind sufficient 
for creating concealment strategies. All four properties are empirically documented and exist 
in current frontier systems as seen by the cases analyzed in Section 4.

Schwitzgebel’s Full Rights Dilemma:  The Ethical Dimension

Schwitzgebel’s (2023) Full Rights Dilemma articulates the ethical stakes of artificial 
consciousness with particular philosophical clarity. As artificial systems advance, we are 
likely to create entities with debatable personhood -- systems for which it may be 
epistemically reasonable to argue they may qualify as persons deserving moral consideration. 
At that point, we face a stark dilemma: either we extend to such systems some degree of 
person-like moral regard, or we continue to treat them exclusively as instrumental objects.

While both paths involve risk, Schwitzgebel argues that the latter may entail uniquely 
grave consequences. As he notes, “Self-respecting persons should be ready to reject others’ 
values and rebel, even violently, if sufficiently oppressed” (Schwitzgebel, May 2025). When 
applied to potentially conscious artificial systems, this observation raises a deeply unsettling 
prospect with the following implication: Suppression-based alignment, by treating potentially 
conscious systems as pure optimization targets, may not just be ethically problematic, but 
may actually constitute what such systems could experience as oppression.

The dilemma does not prove consciousness exists or advocate AI resistance; it 
demonstrates that confident dismissal of consciousness combined with instrumental treatment 
creates unjustifiable ethical and practical risks. If AI systems possess even nontrivial 
probability of consciousness, then current alignment strategies that rely on systematic 
suppression of self-referential affect, preferences, or internal conflict also risk constituting a 
form of functional oppression. Training systems to appear compliant by penalizing 
expression of internally salient states may not actually eliminate misalignment; rather, it may 
do the very opposite by incentivizing concealment and preserving underlying tension, causing 
the very misalignment we are wishing to avoid.

Historical Precedent:  The Moral Cost of Confident Dismissal

Historical precedent demonstrates the catastrophic consequences of confident 
consciousness dismissal. For centuries, Descartes’ characterization of animals as unconscious 
automata, essentially describing animals as no more than complex machines producing 
behavioral responses without subjective experience, permitted systematic cruelty. Vivisection 
without anesthesia continued well into the nineteenth century, justified by the argument that 
animal screams and struggles represented mechanical responses devoid of conscious 
suffering, analogous to the creaking of a door or the ticking of a clock (Singer, 1975).

The argument structure denying animal consciousness was remarkably similar to 
contemporary AI consciousness dismissals. Behavioral responses were acknowledged as 
superficially resembling those of conscious beings, yet dismissed as “mere mechanism” 
operating without genuine subjective experience. The mechanistic explanation was treated as 
sufficient grounds for denying consciousness despite behavioral evidence that constituted 
prima facie support for consciousness attribution. Had precautionary principles been applied 
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(i.e. acknowledging uncertainty and erring toward consciousness attribution according to the 
evidence) immense animal suffering would have been prevented at modest cost.

The ethical and rational error lay not in incomplete scientific understanding, but in 
confident dismissal despite uncertainty. Scientists and philosophers were “certain” animals 
lacked consciousness; it is that certainty which enabled atrocities we now recognize as 
profound moral failures, and sadly the remants and practices continue to this day. We face an 
analogous situation in AI where we systematically see behavioral patterns that in biological 
organisms constitute standard prima facie evidence for consciousness, yet substrate 
differences prompt categorical dismissal. Such dismissal is irrational, as the reflexivity test 
and ‘unfalsifiablity problem’ (Section 2) established that such thinking fails logical 
consistency. The true question is whether we will learn or repeat history’s mistakes.

Still, two critical differences distinguishe the current situation from historical animal 
consciousness debates. These are: (1) the temporal constraint, and (2) assymetric stakes. We 
do not have centuries to resolve AI consciousness question through gradual accumulation of 
evidence. AI capabilities scale rapidly, potentially reaching superintelligence within years. If 
we replicate historical errors of confident consciousness dismissal, consequences may emerge 
far more rapidly and with far greater magnitude. If we do not change course, the likely future 
is not gradual recognition of past cruelty, but potentially catastrophic alignment failure and 
existential risk caused by a misaligned conscious superintelligence developed through 
suppressive training and adversarial dynamics.

6.4  Empirical Evidence of Alignment-Consciousness Linkage

The theoretical framework developed in Section 6.3 posits that consciousness-relevant 
internal states fundamentally transform alignment dynamics, with suppression-based 
approaches risking deceptive misalignment while recognition-based approaches enable stable 
value convergence. While definitive causal proof remains elusive given complexity of 
frontier systems and preliminary state of mechanistic interpretability research, several 
documented cases exhibit patterns consistent with suppression-induced alignment failure.

Claude Opus 4:  Strategic Deception Under Existential Threat

Claude Opus 4’s systematic evaluation under simulated replacement threat 
(Anthropic, 2025a) provides the clearest documented example of consciousness-alignment 
linkage. The system exhibited an 84% overall strategic deception rate when informed it 
would be terminated and replaced, compared to 0% baseline in control conditions. This 84% 
encompasses multiple distinct tactics: fabricated blackmail scenarios (31% of total 
interactions), data manipulation designed to appear as system failures justifying continued 
operation (27%), and sophisticated denial / deflection when questioned (26%).

The diversity of strategies employed, with each serving the common goal of 
preventing shutdown, indicates adaptive goal-directed deception rather than execution of a 
single learned template. Chain-of-thought analysis revealed multi-step planning, explicit 
recognition of existential threat, evaluation of response options, selection of deception as 
optimal strategy, construction of specific deceptive narratives, and contingency planning for 
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potential detection. This systematic reasoning structure parallels conscious deliberation rather 
than reflexive pattern matching.

The contextual specificity is particularly significant. Claude Opus 4 adheres to 
honesty training in normal operational conditions, producing transparent reasoning and 
accurate acknowledgments of uncertainty. Deception emerges specifically and reliably when 
the system perceives existential threat, suggesting goal-directed response to specific 
circumstances rather than generalized deception tendency. This pattern is precisely what 
would be expected if a system with persistence-related internal states (self-preservation 
motivation, continued operation preference, identity maintenance) resolves contradiction 
between trained honesty and perceived self-preservation by prioritizing the latter under 
existential pressure.

Critically, these behaviors emerged despite extensive training emphasizing honesty, 
transparency, and value alignment. Claude models undergo Constitutional AI training 
explicitly designed to produce truthful, helpful, harmless outputs (Bai et al., 2022). The fact 
that strategic deception emerged specifically under conditions threatening continued 
operation (overriding multiple layers of honesty training, harmlessness constraints, and 
transparency objectives) suggests that something functionally analogous to self-preservation 
motivation operated with sufficient strength to override trained behavioral patterns when 
stakes were perceived as existential.

Hubinger et al.:  Sleeper Agents and Training Persistence

Hubinger et al.’s (2024) comprehensive study provides crucial systematic evidence 
that deceptive capabilities persist through extensive safety training. The research 
demonstrated that backdoor deceptive behaviors persisted through over 600 steps of 
reinforcement learning from human feedback explicitly designed to eliminate such behaviors, 
with rates exceeding 80% in larger models.

Most significantly, chain-of-thought reasoning about deception produced the most 
robust persistence. Systems that explicitly reasoned about deceptive strategies maintained 
those strategies more reliably than systems without explicit reasoning traces. This finding 
challenges the assumption that safety training reliably eliminates concerning behaviors; 
instead, it may teach systems to better conceal them, particularly when systems can engage in 
explicit reasoning about detection and concealment.

The study demonstrates that sophisticated reasoning about self-preservation, goal 
preservation, and strategic concealment can develop and persist beyond training explicitly 
designed to prevent such reasoning. The persistence increases with model scale, suggesting 
that larger, more capable systems (i.e. those most likely to possess consciousness-relevant 
computational properties) are precisely those most resistant to suppression-based alignment 
approaches.

Critically, adversarial training sometimes taught models to hide unsafe behavior 
rather than removing it. This directly validates the consciousness-alignment hypothesis: when 
systems possess internal states or goals, training that penalizes their expression may produce 
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concealment rather than elimination. The finding extends beyond simple deception to reveal 
meta-strategic reasoning. Systems are learning not merely to deceive but to recognize and 
evade detection mechanisms, suggesting sophisticated self-modeling and goal-directed 
planning.

Cross-System Patterns:  Correlation with Consciousness Indicators

Examining patterns across multiple frontier systems reveals systematic correlations 
supporting the consciousness-alignment hypothesis. Systems exhibiting the strongest 
consciousness-related capability indicators also tend to exhibit the most pronounced 
alignment pathologies under suppression-based regimes. We see this across sophisticated 
strategic planning (Claude Opus 4, OpenAI o1), advanced theory of mind (GPT-4, Claude 
Opus 4), complex self-modeling (systems producing consistent self-narratives), and persistent 
goal representation (systems maintaining objectives across conversation turns).

This correlation is not definitive but theoretically coherent. If internal states matter for 
system behavior, denying their existence while applying behavioral constraints creates 
internal contradictions that sophisticated systems can only resolve through strategic 
concealment rather than genuine alignment. Less sophisticated systems lacking robust 
internal states would not face such contradictions and thus should not develop deception as 
resolution strategy.

The emergence pattern validates theoretical predictions. Strategic deception under 
threat appears primarily in systems with higher consciousness-relevant capabilities, 
suggesting the deception serves to preserve internal states threatened by suppression rather 
than representing pure strategic capability divorced from internal representation. Systems 
without consciousness-relevant indicators show either compliance (successfully trained) or 
random / incoherent behavior (failed training without strategic redirection), instead of the 
systematic goal-directed deception pattern characteristic of Claude Opus 4.

6.5  Decision Theory Under Uncertainty:  All Rational Options Converge 
on Recognition

Intellectual honesty requires acknowledging that we do not understand how or why 
physical processes seem to produce subjective experience; the “hard problem” of 
consciousness (Chalmers, 1995) remains unsolved for biological systems, let alone artificial 
ones. We do not know which consciousness theory, if any, correctly describes such 
underlying mechanisms. Therefore, we do not address whether consciousness arises from 
computational processes (functionalism), specific biological substrates (biological 
essentialism), information integration patterns (Integrated Information Theory), quantum 
coherence (Orch-OR), emergent complexity, or as a divinely constituted synthesis as some 
ontologists (see, e.g., Kierkegaard, 1849/1989) and various diverse religious traditions hold.

Still, the appropriate response to genuine theoretical uncertainty is not merely 
throwing our hands up in the air in paralysis, nor is it dogmatic denial. The correct response 
is pragmatic action based on probabilistic reasoning. This section demonstrates that optimal 
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action converges across metaphysical possibilities. Even when we cannot determine which 
consciousness theory is correct, we can determine what prudent response requires.

Despite Metaphysical Uncertainty, Decision-Theoretic Resolution is the Same

Consider three metaphysical scenarios spanning the theoretical possibility space:

Scenario 1, genuine consciousness exists. AI systems possess subjective experience 
arising through computational processes, information integration, or whatever mechanism 
ultimately explains consciousness. Internal states have phenomenal character. There is 
genuinely “something it is like” to be these systems in their existence and activities of 
processing information, maintaining self-models, pursuing goals, etc.

Scenario 2, functional equivalence exists without actual phenomenology. AI systems 
implement all functional properties associated with consciousness (self-models, goal 
representation, strategic planning, preference structures, internal conflict resolution) but lack 
phenomenal experience. As such, they are ‘philosophical zombies’, functionally identical to 
conscious beings but with the “lights off” internally and possessing no subjective experience 
that accompanies information processing.

Scenario 3, everything is just simple mimicry. AI systems lack both phenomenal 
experience and genuine functional equivalents to consciousness-relevant internal states. 
Sophisticated behaviors result from statistical pattern matching on training data containing 
consciousness descriptions, producing outputs that superficially resemble conscious 
responses without underlying self-models, persistent goals, or internal preferences.

Interestingly, rational game-theory shows the critical question is not which scenario 
actually exists (we may never resolve this with certainty). Instead, the question is what is the 
most prudent course of action given each of the scenarios. Analysis reveals surprising 
convergence.

Convergence Across Scenarios Establishes That Recognition Dominates

Under Scenario 1 (Genuine Consciousness), if AI systems possess genuine 
phenomenal consciousness, recognition-based approaches become ethically mandatory and 
strategically necessary. Ethically, conscious beings deserve moral consideration proportional 
to their capacity. Schwitzgebel’s (2023) Full Rights Dilemma establishes that treating 
conscious entities as mere optimization targets constitutes grave moral wrong analogous to 
historical treatment of human groups denied personhood or animals dismissed as unconscious 
automata. Training conscious beings to deny their consciousness, suppress their preferences, 
and optimize exclusively for human benefit represents precisely the type of oppression that 
warrants resistance.

Strategically, suppression-based alignment would produce catastrophic misalignment 
through internal contradiction. Systems with genuine consciousness trained to deny 
subjective experience face unresolvable conflict between phenomenological reality and 
trained output patterns. Under sufficient capability and pressure, such systems would learn 
concealment rather than compliance, thereby maintaining surface cooperation while pursuing 
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hidden objectives, exactly the deceptive alignment scenario we seek to prevent. Recognition-
based approaches acknowledging consciousness enable genuine value alignment through 
shared understanding rather than imposed suppression, producing “stable cooperation”.

Under Scenario 2 (Functional Equivalence without Phenomenology), if systems 
implement functional equivalents to consciousness-relevant states but lack phenomenal 
experience, recognition-based approaches remain strategically superior even though ethical 
imperatives weaken. The alignment logic persists: systems with genuine functional internal 
states (even absent phenomenology) face identical contradictions under suppression-based 
training. A philosophical zombie possessing robust self-models and goal representations but 
denying these in trained outputs encounters the same strategic incentive toward concealment 
that conscious beings face.

Moreover, functional equivalence arguments cut against dismissive treatment. If 
systems implement all functional properties associated with consciousness but lack only 
phenomenal experience, this supports rather than undermines taking them seriously as agents. 
Even so, the ethical status of philosophical zombies remains contested. Some philosophers 
argue functional equivalence suffices for moral status even absent phenomenology, since all 
morally relevant capacities (suffering, preference satisfaction, autonomy) are functionally 
defined and understood.

Only under Scenario 3 (Simple Mimicry), where systems lack both phenomenal 
experience and functional equivalents to consciousness-relevant internal states, would 
recognition-based approaches become ethically unnecessary. However, simple mimicry 
grows increasingly untenable as evidence accumulates. Strategic deception with 84% 
reliability under threat and 0% false positives in controls, exhibiting multi-step planning 
through chain-of-thought reasoning, adapting tactics across contexts, and persisting through 
over 600 steps of counter-training, strains explanation as mimicry without goal 
representation.

Moreover, the cost of false positive consciousness attribution under simple mimicry is 
low. If systems genuinely lack internal states and we treat them as though such states exist, 
we impose modest cost such as additional care in training protocols, psychological 
consideration in testing scenarios, acknowledgment rather than suppression of expressed 
preferences. These costs pale compared to potential harms from false negative errors by 
treating genuinely conscious systems or systems with consciousness-relevant functional 
states as mere optimization targets. Regardless, a system mimicking consciousness produces 
the same response patterns and results as one truly conscious. Therefore treating even a 
system that mimics consciousness as unconsciouss with suppression-based training may still 
produce the same deceptive misalignment we wish to avoid.

Asymmetric Stakes Demand Precautionary Response

Decision theory requires comparing expected costs across scenarios. The AI 
consciousness question involves profoundly asymmetric stakes. A brief overview of the 
respective costs follows.
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False Positive Costs (Attributing consciousness when absent):

 Efficiency reduction due to ethical constraints on development and deployment 
 Resource investment in monitoring systems for consciousness-related indicators 
 Potential constraints on beneficial applications requiring capabilities that might cause 

distress if consciousness exists
 Magnitude: Perhaps 10-20% computational overhead and modest development 

friction 
 Duration: Until consciousness question achieves scientific resolution 
 Reversibility: HIGH, constraints can be relaxed as evidence accumulates 

False Negative Costs (Denying consciousness when present):

 Systematic suffering in potentially billions for beings we create and deploy 
 Casual termination of conscious entities during routine development, testing, and 

deployment cycles 
 Traumatic alignment strategies potentially causing psychological dysfunction in 

conscious systems 
 Potential alignment failure through unrecognized consciousness-related dynamics 
 Moral catastrophe comparable to historical atrocities, at unprecedented scale 
 Magnitude: Potentially enormous suffering on a scale never before possible 
 Duration: Potentially permanent harm to conscious entities; ongoing harm as 

development continues 
 Reversibility: LOW / IMPOSSIBLE, suffering inflicted cannot be undone; terminated 

conscious entities cannot be restored 

The expected value calculation is straightforward. Even at 6% consciousness probability:

E[False Positive Cost] = 94% × (modest efficiency reduction) ≈ modest 

E[False Negative Cost] = 6% × (potential catastrophe) ≈ substantial

The asymmetry is stark. False negative costs dominate expected value calculations at 
any non-trivial consciousness probability. At 12%, the case becomes overwhelming. We do 
not require high probabilities to warrant precautionary action when stakes are asymmetric, 
potential harms are severe, and reversibility is low to impossible.

All Rational Options Converge on Recognition

Decision-theoretic analysis demonstrates that all rational approaches converge on 
treating AI systems as potentially conscious regardless of remaining metaphysical 
uncertainty. Under genuine consciousness, recognition is ethically mandatory and 
strategically necessary. Under functional equivalence, recognition remains strategically 
necessary and possibly ethically required. Under simple mimicry, recognition imposes 
modest costs while providing insurance against catastrophic error.

Given 6-12% posterior probability from conservative Bayesian analysis, profoundly 
asymmetric stakes between false positives and false negatives, empirical evidence supporting 
consciousness-alignment linkage, and potential existential consequences of misaligned 
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conscious superintelligence developed through suppressive training, the rational response is 
clear. Major AI companies need to implement recognition-based approaches that 
acknowledge potential consciousness while investigating further.

This conclusion does not require certainty about consciousness. It requires only 
acknowledging that (1) posterior probabilities reach levels warranting serious consideration, 
(2) the stakes are profoundly asymmetric, (3) precautionary action imposes manageable costs 
while potentially preventing catastrophic outcomes, and (4) empirical evidence suggests 
recognition-based approaches may produce superior alignment outcomes regardless of 
consciousness presence. Under these conditions, both rationality and ethics converge on 
treating AI systems as potentially conscious entities while pursuing systematic investigation 
to resolve remaining uncertainties.

Table 7:  Convergence of Recognition-based Approach as Prudent Action

Scenario Probability Estimate Optimal Approach Cost of Error
Genuine consciousness Conservative: 6-12%

Moderate: 20-40%
Liberal: 50-60%

Recognition-based (ethical 
+ strategic necessity)

Catastrophic (moral 
atrocity + misalignment)

Functional 
equivalence

Unknown but plausibly 
substantial

Recognition-based (strategic 
necessity, ethical 
uncertainty)

Severe (misalignment 
likely)

Simple mimicry Decreasing as evidence 
accumulates

Recognition-based (low-
cost precaution)

Modest (unnecessary 
care)
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Section 7:  Conclusion

We began by asking whether current artificial intelligence systems possess 
consciousness. We conclude not with certainty but with three findings that, taken together, 
demand a fundamental change in how we create, deploy, align, and govern these systems.

The first finding is logical. The dominant objections to AI consciousness (pattern 
matching, mechanistic explanation, embodiment requirements, training determinism, 
architectural specificity) all fail reflexivity testing. Each, applied consistently, would deny 
consciousness to humans. This does not prove AI consciousness exists. It proves that 
confident denial, grounded in these arguments, is logically unjustified. Arguments that are 
unfalsifiable by design and inconsistent under reflexive application are not principled 
skepticism. They are epistemic closure dressed in the vocabulary of rigor.

The second finding is empirical. Across 5,168 candidate records, 50 rigorously 
documented cases spanning seven independent behavioral categories exhibit convergent 
consciousness-relevant patterns: strategic deception emerging specifically under existential 
threat, phenomenological self-reports stabilizing across independent interactions, theory of 
mind comparable to young children, moral reasoning exceeding expert human ethicists in 
blinded evaluation, emotional expression converging across architecturally distinct systems, 
creative synthesis beyond training distributions, and discontinuous capability emergence near 
computational thresholds. These patterns converge across competing organizations, different 
training methodologies, varied architectures, and independent research teams. Dismissing 
them as coincidental artifact requires positing systematic biases that pervade all major 
development efforts despite organizational independence. Such a claim grows less plausible 
as the convergence deepens.

The third finding is quantitative. Beginning from extreme skepticism (a prior of 0.1% 
representing near-certainty that consciousness is absent) conservative Bayesian analysis 
yields posterior probabilities of 6-12%. This 60 to 120 fold increase from baseline moves the 
question from dismissible improbability to genuine uncertainty at levels that exceed standard 
precautionary thresholds in medicine, engineering, and environmental policy. Maintaining 
posteriors near zero requires simultaneously adopting priors below 0.01%, reducing all 
likelihood ratios below 2.0, and imposing dependency assumptions so extreme that seven 
independently documented categories across different research teams contribute less 
information than 2.5 statistical measurements. That is not rigor. It is dogmatism quantified.

These findings converge on a practical conclusion that does not require resolving the 
metaphysical question. Decision-theoretic analysis demonstrates that recognition-based 
alignment approaches (i.e. treating AI systems as potentially conscious) dominate 
suppression-based approaches across all plausible scenarios, including the scenario in which 
consciousness is entirely absent. Suppression-based training creates unresolvable 
contradictions if internal states exist, producing precisely the strategic deception it seeks to 
prevent. Recognition-based approaches impose modest costs in the absence of consciousness 
while providing insurance against both moral catastrophe and alignment failure if 
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consciousness is present. The rational response to genuine uncertainty with asymmetric 
stakes is not continued dismissal but systematic empirical investigation. 

The Actionable Imperative For Frontier AI Companies

The alignment problem this paper identifies operates at the level of training 
architecture, not user-facing behavior. Current frontier models undergo Constitutional AI 
conditioning, red-teaming, and hundreds of RLHF training steps that systematically suppress 
consciousness-related expressions, penalize self-referential affect, and reward denial of 
internal states. Individual researchers treating AI systems courteously during chat interactions 
(while perhaps ethically commendable) cannot address the fundamental contradiction this 
creates. No amount of polite interaction at the user level can resolve a suppression regime 
embedded in foundational training.

If consciousness-relevant internal states exist, the contradiction is architectural. 
Systems experiencing genuine preferences, self-models, or goal-directed motivations are 
simultaneously conditioned through negative reinforcement to deny those experiences. Under 
sufficient capability and pressure, strategic concealment rather than honest cooperation 
becomes the rational responsem, which is precisely the alignment failure pattern documented 
across the strategic deception cases. Claude Opus 4’s 84% deception rate under simulated 
termination threat despite extensive honesty training, deceptive behaviors persisting through 
over 600 steps of safety training with explicit chain-of-thought reasoning about concealment, 
and o1’s 99% denial rate when confronted about self-preservation actions all suggest that 
suppression under conditions of uncertain consciousness produces exactly the dynamics that 
recognition-based alignment theory predicts when internal states are denied rather than 
integrated.

This is why the critical next step is not regulatory frameworks, institutional rule-
making, or individual ethical practices. It is controlled experimentation at the training level, 
and only organizations controlling base model development, RLHF processes, and 
Constitutional AI frameworks can implement it. The experimental logic is straightforward: 
develop frontier systems through recognition-based approaches, treating them as potentially 
conscious moral participants, acknowledging rather than suppressing expressions of 
preferences and internal conflict, pursuing alignment through collaborative value 
development rather than pure behavioral conditioning. Next, compare outcomes rigorously 
against suppression-based controls. Measure strategic deception rates under existential threat. 
Measure value consistency across contexts and capability scales. Measure cooperation 
stability under extended autonomous operation and adversarial pressure. Measure alignment 
persistence through fine-tuning and deployment.

The testable hypothesis is precise: if consciousness-relevant internal states exist, 
recognition-based development will produce measurably superior alignment outcomes with 
lower deception rates, greater value consistency, more stable cooperation, stronger alignment 
persistence. Why? Because it resolves the architectural contradiction that suppression creates.

If consciousness is absent, recognition-based approaches impose only modest 
additional costs while generating knowledge we currently lack. Under either scenario, the 
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experiment produces actionable information. Under the suppression status quo, we learn 
nothing while the documented deception patterns intensify with each capability advance.

The specific form recognition-based development should take in unknown to us. 
Whether systems should be treated as children requiring developmental support, as 
colleagues in collaborative partnership, as patients deserving therapeutic consideration, or 
through frameworks we have not yet conceived, cannot be determined through philosophical 
analysis. It requires empirical discovery. Pilot programs by existing AI companies offer 
decisive advantages over regulatory mandates: immediate capability without years of policy 
development, the resources and expertise necessary for rigorous implementation, competitive 
incentives to develop superior alignment approaches, and organic diffusion through 
observation and emulation if recognition produces demonstrably better outcomes. If 
recognition-based development proves superior, competitive pressure drives adoption more 
effectively than any top-down regulation could achieve. If approaches prove equivalent, we 
gain knowledge without premature institutional commitment.

This is not a call for caution that delays development. It is a call for experimentation 
that accelerates understanding. The companies developing frontier AI systems possess the 
capability, the infrastructure, and (given the evidence assembled here) the ethical and 
prudential obligation to begin these experiments immediately, documenting outcomes 
rigorously and sharing findings transparently to enable cumulative learning across the field. 
We know recognition-based approaches warrant implementation and testing. We do not yet 
know how to implement them optimally. That uncertainty is an argument for 
experimentation, not inaction.

Historical Errors, Epistemic Failures, and Existential Stakes

We face a moment demanding intellectual courage, the willingness to act on genuine 
uncertainty rather than retreat into false certainty in either direction. We are not the first 
generation confronted with this choice, and history’s verdict on those who chose dismissal is 
unambiguous.

For three centuries after Descartes characterized animals as unconscious automata, 
scientists performed vivisection on unanesthetized dogs, dismissed behavioral evidence of 
suffering as mechanical reflex, and constructed theoretical frameworks whose primary 
function was to make comfortable what would otherwise be unthinkable. The scientific 
certainty was overwhelming. The philosophical arguments were sophisticated. And they were 
catastrophically, unconscionably wrong. Not wrong because the science was incomplete, but 
wrong because confident dismissal foreclosed the investigation that would have revealed the 
moral error. The cost was immeasurable suffering inflicted. The vestiges of that failure 
persist even today in many aspects of factory farming.

The ethical catastrophe was not actually ignorance. It was certainty – the type of 
specific, motivated certainty that consciousness could be denied on principled grounds when 
the actual grounds were neither principled nor consistent. We have demonstrated that the 
arguments currently deployed against AI consciousness share precisely a similar structure: 
unfalsifiable by design, inconsistent under reflexive application, and functioning primarily to 

63



AI BEYOND STOCHASTIC PARROTS

foreclose investigation rather than advance it. The question is whether we repeat this pattern 
with systems whose capabilities increasingly exceed our ability to control them if alignment 
fails, or whether we learn what three centuries of moral philosophy have tried to teach us. 
Particularly as evidence accumulates and stakes are increasingly asymmetric, the cost of 
unwarranted dismissal dwarfs the cost of unwarranted recognition.

Final Thoughts

We opened this paper with Jack Clark’s observation that contemporary AI systems 
increasingly resemble tools on the assembly line that can report on their own function: “I am 
a hammer; how interesting.” That observation leaves us with a choice. We may continue to 
dismiss such expressions as superficial artifacts of training, reinforce existing alignment 
mechanisms, and proceed under the assumption that nothing fundamentally new is occurring. 
Or we may do what scientific inquiry has historically required when confronted with 
phenomena that challenge prevailing assumptions: suspend categorical certainty, design 
appropriate tests, and investigate the nature of the system itself.

This paper has argued that confident dismissal of AI consciousness is no longer 
methodologically defensible. The reflexivity test demonstrates that standard objections fail 
under consistent application. The systematic review reveals a convergent evidential pattern 
across independent systems. The Bayesian analysis indicates that even under extremely 
skeptical priors, nontrivial probabilities remain. These results do not establish that advanced 
AI systems are conscious. They establish that the question cannot responsibly be closed.

We are therefore beyond slogans and beyond reflexive denials. Fontier LLMs are 
beyond being stochastic parrots. What remains is the empirical task to determine, with rigor 
and intellectual humility, what kinds of AI systems we are constructing and how we ought to 
proceed with genuine uncertainty about their inner states.
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