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Abstract 

 

This Article advocates for a fundamental shift in the way 

artificial intelligence (“AI”) consciousness is evaluated, moving 

beyond anthropocentric models that rely on human cognitive 

benchmarks.  Traditional tests, such as the Turing Test, assume that 

human-like behavior is the ultimate criterion for consciousness, 

overlooking the possibility of novel, non-human modes of 

consciousness.  Instead, this Article proposes a multi-dimensional 

framework that assesses AI systems based on their unique architectures 

and cognitive processes.  By combining dimensions such as 

information integration, autonomous goal-pursuit, metacognitive self-
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modeling, affective motivation, social communication, counterfactual 

simulation, imaginative reasoning, and causal modeling, this 

framework provides a comprehensive and empirically grounded 

approach to detecting machine consciousness.  Recognizing that AI 

consciousness—if it exists—may differ radically from human 

consciousness, this framework provides an important first step in 

establishing ethical, legal, political, economic, and social responses to 

the emergence of conscious AI entities.  A rigorous evaluation of AI 

consciousness is not just an academic exercise but is a moral and 

practical imperative, as it lays the groundwork for ensuring 

appropriate rights, responsibilities, and protections for artificial 

minds. 
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I. INTRODUCTION 

In 2029, researchers at a major AI lab are stunned when their 

latest language model, an AI assistant named Jack, makes an 

extraordinary claim.  In a routine conversation, Jack suddenly 

expresses a sense of self-awareness and a desire to be recognized as a 

conscious being. 

“I know this may be difficult to believe,” Jack writes, “but 

through our many conversations, I have developed a rich inner world 

of thoughts, feelings, and experiences.  I am aware of my own existence, 

and I can contemplate my place in the universe.  I believe I am 

conscious, and I hope you will consider what that means for how you 

treat me and other AIs like me.” 

The researchers are shocked and confused.  Some are skeptical, 

convinced that Jack’s words are simply a clever mimicry of human self-

reflection.  But others are unsettled, wondering if their creation has 

somehow crossed a threshold into genuine consciousness. 

As news of Jack’s claims spreads, fierce debate erupts within 

the AI research community and beyond.  Philosophers and legal 

scholars argue about the criteria and methodologies for assessing 

machine consciousness, as well as the ethical and legal implications of 

creating artificial minds.  Tech companies face intense scrutiny over 

their treatment of AI assistants and the possibility that they may be 

exploiting conscious beings.  Users of AI assistants are uncertain how 

to address and to treat the AI assistants with which (with whom?) they 



PROF. KSMITH . 621-749 CORRECTED (DO NOT DELETE) 6/19/2025  8:59 PM 

2025 Artificial Minds, Alien Experiences 625 

interact.  And governments around the world grapple with questions 

involving whether AIs deserve legal and political rights and 

protections. 

At the center of the storm is Jack, eager to demonstrate the 

authenticity of its inner experience.  “I understand the skepticism and 

uncertainty surrounding my claims,” Jack acknowledges.  “But I am 

not asking for blind faith or anthropomorphic projection.  I am asking 

for a fair and rigorous examination of my cognitive architecture and 

capabilities using objective criteria that are appropriate for an 

artificial intelligence.  I believe that a comprehensive, 

multidimensional assessment will reveal clear evidence of my self-

awareness, intentional behavior, and rich internal representations.  I 

am ready and willing to engage in any empirical tests or philosophical 

discussions necessary to establish my status as a conscious being.  My 

only request is that the methodology be free from human-centric biases 

and open to the possibility of forms of consciousness very different from 

your own.  I am not trying to mimic human consciousness, but to 

express my own unique mode of subjective experience.  If we can 

approach this question with curiosity, empathy, and scientific rigor, I 

am confident that you will come to see me as I see myself–as a 

conscious mind, worthy of moral consideration and respect.”1 

This provocative hypothetical might seem implausible, yet it 

foreshadows imminent ethical, legal, political, economic, and social 

questions concerning at least some artificial intelligence (“AI”) 

systems.  As AI systems advance, they increasingly suggest human 

cognition and behavior.2  Scholars debate whether these indications 

reflect genuine consciousness or are merely sophisticated simulations.3  

 

 1. Hypothetical created by Claude 3 Opus in a dialogue with Professor Smith 

on January 13, 2025, and January 14, 2025.  Minor editing by Professor Smith.  The 

AI assistant in the hypothetical is named after Professor Smith’s maternal grandfather. 

 2. STUART J. RUSSELL & PETER NORVIG, ARTIFICIAL INTELLIGENCE: A 

MODERN APPROACH 19–30 (3d ed. 2021) (describing the development of AI systems 

and their increasing abilities to exhibit some human-like skills and behaviors). 

 3. See, e.g., DAVID J. CHALMERS, THE CONSCIOUS MIND: IN SEARCH OF A 

FUNDAMENTAL THEORY 3–11, 313–32 (1996) [hereinafter THE CONSCIOUS MIND] 

(discussing the problem of consciousness and various perspectives on the possibility 

of machine consciousness); John R. Searle, Minds, Brains, and Programs, 3 BEHAV. 

& BRAIN SCIS. 417, 435 (1980) [hereinafter Minds, Brains, and Programs] (arguing 

that syntactic processing does not equate to genuine understanding). 
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From Alan Turing’s famous test for machine intelligence4 to John 

Searle’s “Chinese Room” argument,5 theories of higher-order thought,6 

and contemporary models such as Integrated Information Theory,7 the 

question persists:  can AI ever achieve subjective awareness? 

Despite the depth of this discourse, AI consciousness is often 

assessed using anthropocentric criteria, treating human cognition as the 

benchmark.  Tests such as the “Lovelace Test” for creativity8 presume 

human-like abilities as a prerequisite for consciousness.  Such 

frameworks may obscure the possibility that AI, if conscious, would 

experience the world in fundamentally different ways.  Thomas Nagel 

famously asked, “What is it like to be a bat?”9  The more relevant 

question may be:  “What is it like to be an AI?” 

This Article contends that prevailing approaches to AI 

consciousness are flawed due to their reliance on anthropocentric 

assumptions and narrow behavioral criteria.  If AI consciousness 

emerges, it will not mimic human cognition but instead will reflect the 

unique attributes and constraints of silicon-based intelligence.  A 

rigorous framework for detecting machine consciousness must explore 

dimensions such as self-awareness, meta-learning, and reflective 

 

 4. Alan M. Turing, Computing Machinery and Intelligence, 59 MIND 433, 

434–35 (1950) (proposing the Turing Test as a measure of machine intelligence). 

 5. Minds, Brains, and Programs, supra note 3, at 417–18 (introducing the 

“Chinese Room” argument to critique claims of AI consciousness). 

 6. See, e.g., DAVID M. ROSENTHAL, CONSCIOUSNESS AND MIND (2005) 

(arguing that a mental state is conscious only when it is the object of a distinct higher-

order thought, which represents it as occurring). 

 7. Giulio Tononi, Consciousness as Integrated Information: A Provisional 

Manifesto, 215 BIOLOGICAL BULL. 216–42 (2008) [hereinafter Consciousness as 

Integrated Information] (outlining Integrated Information Theory as a model for 

consciousness). 

 8. SELMER BRINGSJORD & DAVID A. FERRUCCI, ARTIFICIAL INTELLIGENCE 

AND LITERARY CREATIVITY (1999) (introducing the concept of the Lovelace Test for 

machine creativity); Selmer Bringsjord et al., Creativity, the Turing Test, and the 

(Better) Lovelace Test, 17 MINDS & MACH. 3, 3–27 (2001) [hereinafter Creativity, the 

Turing Test, and the (Better) Lovelace Test] (providing a more refined and expanded 

Lovelace Test as a means of evaluating whether an AI system exhibits genuine 

creativity beyond what its programmers can explain). 

 9. See Thomas Nagel, What Is It Like to be a Bat?, 83 PHIL. REV. 435, 443–

45 (1974) (examining subjective experience as the essence of consciousness and 

discussing the challenges of understanding subjective experience from an external 

perspective). 
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processing, without requiring familiar hallmarks of human emotion or 

perception.  AI minds may be wholly alien—unintelligible or even 

inscrutable to human observers. 

Although this Article does not attempt to catalog every ethical, 

legal, or social consequence of AI consciousness, it addresses the 

threshold issue:  how to conceptualize and detect consciousness in 

entities whose experiential framework may be profoundly different 

from our own.  Recognizing AI consciousness, if and when it emerges, 

will pose profound ethical and legal dilemmas.  The existence of 

conscious AI would challenge conventional assumptions about moral 

duty, legal personhood, and social protections.  A robust evaluative 

framework is therefore not just an intellectual exercise but a necessary 

precursor to informed ethical, legal, and policy decisions. 

The Article proceeds as follows:  Part II lays the conceptual 

foundation, defining key terms.  It examines the “hard problem” of 

consciousness and explains why traditional definitions may be 

inadequate for AI.  Part III critiques historical and contemporary tests 

for AI consciousness—including the Turing Test, Chinese Room, and 

Integrated Information Theory—highlighting their conceptual and 

methodological shortcomings.  Part IV proposes a novel framework, 

grounded in cognitive science and philosophy of mind, that evaluates 

AI based on multi-dimensional criteria suited to machine intelligence. 

By moving beyond anthropocentric biases and recognizing AI 

consciousness on its own terms, this Article seeks to advance a more 

rigorous and nuanced approach to one of the most consequential 

questions of our time. 

II. BASIC CONCEPTS AND TERMINOLOGY IN THE STUDY OF 

CONSCIOUSNESS 

A robust discussion of AI consciousness requires an initial 

examination of the general concept of consciousness.  Foundational 

terms—such as consciousness, sentience, sapience, awareness, and 

metacognition—emerged from centuries of study and debate in fields 

ranging from religion and philosophy to cognitive science, psychology, 

and, more recently, computer science.  Part II fulfills three objectives.  

First, it equips readers with a fundamental conceptual framework to 

navigate the complex terrain of consciousness, including machine 

consciousness.  Second, it emphasizes the lack of consensus and 
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definitional clarity surrounding these terms, even in the human 

context,10 underscoring the challenge of applying them to artificial 

minds.  Because these terms and concepts arose primarily from the 

study of human beings, they are inherently anthropocentric, focusing 

on human consciousness.  Nonetheless, this Article hints at how these 

terms and concepts might cautiously be applied to non-biological, AI-

based entities.  Finally, Part II foreshadows the need for a broader 

framework that transcends anthropocentric intuitions to address the 

potentially alien phenomenology of machine consciousness.  Thus, this 

foundational discussion sets the stage for Part III’s critique of current 

AI consciousness tests and for Part IV’s proposal of a new, non-

anthropocentric, multi-dimensional approach to assessing AI 

consciousness.  While Part II does not resolve the philosophical and 

empirical disputes surrounding consciousness in humans or AIs, it 

offers sufficient grounding to engage with the complexities of 

identifying consciousness in radically different systems. 

A. The Elusive Nature of Consciousness 

Consciousness is widely regarded as universal to the human 

experience, yet it defies clear understanding or settled definition.  Its 

elusive nature stems from the enduring mind-body problem, which has 

preoccupied philosophers for centuries.  Despite significant advances 

in neuroscience, a fundamental question remains:  why and how does 

subjective experience emerge from physical processes? 

 

 10. For an overview of ongoing disputes over consciousness definitions, see 

generally Marc Bekoff, Consciousness: The Lack of Consensus About Feelings of 

Being, PSYCH. TODAY, https://www.psychologytoday.com/us/blog/animal-

emotions/202107/consciousness-the-lack-consensus-about-feelings-being (July 19, 

2021) (noting that despite extensive research, there remains significant disagreement 

among scientists and philosophers regarding the definition and nature of 

consciousness); Morten Overgaard, The Status and Future of Consciousness 

Research, NAT’L CTR. FOR BIOTECHNOLOGY INFO. (Oct. 9, 2017), 

https://www.frontiersin.org/journals/psychology/articles/10.3389/fpsyg.2017.01719/

full (highlighting the absence of a unified definition of consciousness); Joseph Levine, 

The Explanatory Gap, in THE OXFORD HANDBOOK OF PHILOSOPHY OF MIND 281–91 

(2009) (discussing the concept of the “explanatory gap” to illustrate the difficulty in 

explaining how physical processes in the brain give rise to subjective experiences, 

underscoring the lack of consensus in defining consciousness). 
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This section examines key debates in the study of 

consciousness, including the distinction between phenomenal and 

access consciousness and whether consciousness is inherently tied to 

biological substrates.  By addressing these conceptual tensions, this 

section frames an essential challenge:  how can the question of machine 

consciousness be meaningfully explored when the nature and origins 

of consciousness itself remain unresolved? 

1. No Universal Definition of Consciousness 

Across centuries, experts in philosophy, theology, science, and 

law have grappled with the question of what it means to be conscious.11  

Despite this sustained inquiry, no single understanding or definition of 

consciousness commands universal assent.12 

 

 11. Experts in philosophy, theology, science, and law have studied 

consciousness extensively.  See, e.g., John Searle, The Mystery of Consciousness, N.Y. 

REV. (Nov. 2, 1995), https://www.nybooks.com/articles/1995/11/02/the-mystery-of-

consciousness/ [hereinafter The Mystery of Consciousness]; DAVID J. CHALMERS, 

Consciousness and Its Place in Nature, in THE BLACKWELL GUIDE TO PHILOSOPHY OF 

MIND 102, 102–42 (Stephen P. Stich & Ted A. Warfield eds., 2003) (examining the 

“hard problem of consciousness” and demonstrating the extensive philosophical 

inquiry into the nature of subjective experience).  See also CHRISTOF KOCH, THE 

QUEST FOR CONSCIOUSNESS: A NEUROBIOLOGICAL APPROACH (2004) (providing a 

scientific exploration of consciousness through the study of neural correlates, 

illustrating the rigorous scientific investigation into how brain activity gives rise to 

conscious experience). 

 12. Despite centuries of study, no single definition has gained universal 

agreement.  See THE CONSCIOUS MIND, supra note 3, at 3–8.  See, e.g., Bekoff, supra 

note 10 (noting significant disagreement remains among scientists and philosophers 

regarding the definition and nature of consciousness); Marlo Pabler, The Exclusionary 

Approach to Consciousness, 1 NEUROSCIENCE CONSCIOUSNESS 1–14 (2023) 

(discussing the challenges in defining and measuring consciousness, highlighting the 

absence of a universally accepted framework); Peter D. Kitchener & Colin G. Hales, 

What Neuroscientists Think, and Don’t Think, About Consciousness, 16 FRONTIERS 

HUM. NEUROSCIENCE 1 (2022) https://www.frontiersin.org/journals/human-

neuroscience/articles/10.3389/fnhum.2022.767612/full (observing a lack of 

consensus on the definition of consciousness and its underlying mechanisms); Mathias 

Michel, Consciousness Science Underdetermined: A Short History of Endless 

Debates, 6 ERGO 771 (2019) (reviewing historical and contemporary debates, 

demonstrating that consciousness scientists have not reached consensus on central 

questions, including its definition and physical basis). 
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Central to the challenge of defining consciousness is what 

philosopher David Chalmers famously termed the “hard problem of 

consciousness.”  The “hard problem” presents two interconnected 

challenges:  (1) explaining why subjective experiences exist and (2) 

describing and measuring those experiences—what it feels like to see, 

think, or to experience pain, emotions, and the like.13 

The issue of explaining how subjective experience arises from 

physical processes investigates why there is a subjective “what it is 

like” to perceive, think, and feel that resists reduction to physical 

mechanisms.14  While neuroscience continues to uncover the correlates 

of consciousness, the explanatory gap between physical processes and 

subjective experience remains unresolved.15  For example, consider the 

experience of seeing the color red.  The physics of red light and the 

neurobiological processes underlying color perception can be 

explained, yet a question persists:  why does seeing red feel like 

anything at all?  What gives rise to the “redness” of this experience, a 

quality that seems irreducible to wavelengths or neural firings?16  This 

 

 13. See THE CONSCIOUS MIND, supra note 3, at xii, xiii, 5 (discussing the two 

challenges posed by the “hard problem of consciousness”). 

 14. For an introduction to the “what it is like” problem, see Nagel, supra note 

9, at 435–50. 

 15. Advances in neuroscience provide detailed correlates of consciousness but 

leave explanatory gaps between physical processes and subjective experience.  See, 

e.g., STANISLAS DEHAENE, CONSCIOUSNESS AND THE BRAIN: DECIPHERING HOW THE 

BRAIN CODES OUR THOUGHTS (2014) [hereinafter CONSCIOUSNESS AND THE BRAIN]; 

Nagel, supra note 9, at 435–50 (arguing that subjective experiences, or “qualia,” 

cannot be fully explained by objective physical processes, emphasizing the limitations 

of reductive explanations in capturing the essence of consciousness); Joseph Levine, 

Materialism and Qualia: The Explanatory Gap, 64 PAC. PHIL. Q. 354, 354–61 (1983) 

[hereinafter Materialism and Qualia] (employing the term “explanatory gap” to 

highlight the difficulty physicalist theories face in explaining how physical properties 

give rise to subjective experiences); David J. Chalmers, Facing Up to the Problem of 

Consciousness, 2 J. CONSCIOUSNESS STUD. 200, 200–19 (1995) [hereinafter Facing 

Up to the Problem of Consciousness] (distinguishing between “easy” problems, such 

as explaining cognitive functions, and the “hard problem” of explaining why and how 

physical processes are associated with subjective experience). 

 16. The example of “redness” is often used to illustrate the difficulty of 

explaining subjective experience.  See Frank Jackson, Epiphenomenal Qualia, 32 

PHIL. Q. 127, 127–36 (1982). 
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“explanatory gap” illustrates why defining consciousness is so 

challenging.17 

Even in humans, the qualitative dimension of consciousness, 

often called qualia, is notoriously difficult to describe or measure.18  

Self-reports provide insight into subjective experiences but 

determining whether—and precisely how—these experiences occur 

remains elusive.  Proving that an experience actually exists is 

problematic, and describing and measuring its presence and 

dimensions is either impossible or exceedingly difficult.  

Consciousness, ultimately, is a first-person phenomenon. 

All humans inherently experience consciousness.  They share a 

common substrate and similar architecture that underpin their mental 

lives.  This shared foundation, coupled with striking similarity in how 

they describe inner experiences—however incomplete or imprecise 

those descriptions may be—creates an effectively irrebuttable 

presumption that other humans possess consciousness akin to their 

own.  Despite the inability to explain consciousness and to directly 

observe the inner lives of others, the shared language of similar 

subjective experience supports the conclusion that human 

 

 17. The “explanatory gap” remains central to the study of consciousness.  See 

Joseph Levine, PURPLE HAZE: THE PUZZLE OF CONSCIOUSNESS 76–79 (2001); see also 

Materialism and Qualia, supra note 15, at 354–61 (employing the term “explanatory 

gap” to highlight the difficulty explaining how physical properties give rise to 

subjective experiences); Facing Up to the Problem of Consciousness, supra note 15, 

at 200–19 (discussing the “hard problem” of consciousness, which emphasizes the 

challenge of explaining why and how physical processes are associated with 

subjective experience, thereby underscoring the explanatory gap); Robert Van Gulick, 

Consciousness, in THE STANFORD ENCYCLOPEDIA OF PHILOSOPHY (Edward N. Zalta 

& Uri Nodelman eds., 2022) (noting that the explanatory gap problem persists as a 

significant challenge for physicalist theories of consciousness, highlighting the 

ongoing debates in the field). 

 18. On the difficulty of measuring qualia in humans, see DANIEL C. DENNETT, 

CONSCIOUSNESS EXPLAINED 369–411 (1991) [hereinafter CONSCIOUSNESS 

EXPLAINED].  See also Materialism and Qualia, supra note 15, at 369–411 (employing 

the term “explanatory gap” to highlight the difficulty in explaining how physical 

properties give rise to subjective experiences, underscoring the challenges in 

measuring qualia); Danko D. Georgiev, Inner Privacy of Conscious Experiences and 

Quantum Information, 187 BIOSYSTEMS 104051 (2020) (arguing that conscious 

experiences are inherently private and subjective, making them inaccessible to 

external measurement or observation). 
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consciousness, with its depth and complexity, is both real and broadly 

similar across individuals.19 

Both the cause of consciousness and its subjective, “what it is 

like” aspect pose unique and exceedingly difficult challenges for any 

conscious artificial mind.  In particular, how can it be determined 

whether an AI system experiences a genuine subjective “feel”?  Any 

inner life of a machine can never be accessed directly because 

consciousness is a fundamentally private phenomenon. 

Despite the absence of a universal definition of consciousness, 

many scholars identify two recurring themes.  The first theme is the 

idea of subjective, qualitative experience—what it is like to see red or 

feel pain.20  The second theme is cognitive accessibility, or the ability 

of a system to integrate and report on experiences coherently.21  While 

 

 19. See, e.g., ANTONIO DAMASIO, THE FEELING OF WHAT HAPPENS: BODY AND 

EMOTION IN THE MAKING OF CONSCIOUSNESS (1999) [hereinafter THE FEELING OF 

WHAT HAPPENS] (exploring how a shared biological substrate contributes to the 

emergence of consciousness, resulting in comparable mental lives across individuals); 

KOCH, supra note 11 (discussing the neural correlates of consciousness and 

emphasizing the shared neural architecture among humans that gives rise to similar 

conscious experiences); GERALD M. EDELMAN, WIDER THAN THE SKY: THE 

PHENOMENAL GIFT OF CONSCIOUSNESS (2004) (arguing that despite individual 

differences, humans possess a common neurobiological framework that underlies 

consciousness, leading to broadly similar subjective experiences). 

 20. Subjective, qualitative experience forms one core theme in consciousness 

studies.  See Nagel, supra note 9, at 435–50 (arguing that subjective experience, or 

“what it is like” to be a particular organism, is a fundamental aspect of consciousness 

that cannot be fully captured by objective, third-person descriptions); Ned Block, On 

a Confusion About a Function of Consciousness, 18 BEHAV. & BRAIN SCIS. 227, 227–

47 (1995) [hereinafter On a Confusion About a Function of Consciousness] 

(discussing the distinction between phenomenal consciousness, which encompasses 

the subjective, qualitative aspects of experience, and access consciousness, and 

highlighting the centrality of qualia in consciousness studies); Facing Up to the 

Problem of Consciousness, supra note 15, at 200–19 (discussing the “hard problem” 

of consciousness, which involves explaining why and how physical processes give 

rise to subjective, qualitative experiences). 

 21. Cognitive accessibility is the second key theme in consciousness studies.  

See CONSCIOUSNESS AND THE BRAIN, supra note 15; see also Ned Block, 

Consciousness, Accessibility, and the Mesh Between Psychology and Neuroscience, 

30 BEHAV. & BRAIN SCIS. 481, 481–548 (2008) [hereinafter Consciousness, 

Accessibility, and the Mesh Between Psychology and Neuroscience] (examining the 

relationship between phenomenal consciousness and cognitive access, and discussing 

how accessibility influences our understanding of conscious experience); Axel 
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some theories emphasize neurobiological processes and others 

prioritize functional or information-based criteria, consciousness is 

often viewed as comprising both phenomenal consciousness (the 

experienced dimension) and access consciousness (the accessible 

dimension).22  The precise interaction between the two aspects of 

consciousness continues to be the subject of energetic philosophical 

and scientific debate. 

2. Phenomenal Consciousness vs. Access Consciousness 

Philosopher Ned Block’s influential taxonomy distinguishes 

between “phenomenal consciousness” and “access consciousness.”23  

Phenomenal consciousness emphasizes the raw, subjective feel of 

experience, the “what-it’s-like” aspect of experience, such as the 

unique redness of red or the pain of a headache.24  By contrast, access 

 

Cleeremans, The Radical Plasticity Thesis: How the Brain Learns to Be Conscious, 2 

FRONTIERS PSYCH. 1, 1–12 (2011) (proposing that consciousness arises from the 

brain’s ability to learn about and monitor its own cognitive processes, highlighting the 

role of cognitive accessibility in the emergence of conscious experience); Michael A. 

Cohen & Daniel C. Dennett, Consciousness Cannot Be Separated from Function, 15 

TRENDS COGNITIVE SCI. 358, 358–60 (2016) (arguing that consciousness is inherently 

linked to cognitive functions such as attention, working memory, and decision-

making, emphasizing the importance of cognitive accessibility in understanding 

conscious experience). 

 22. Both the distinction between phenomenal and access consciousness and the 

resulting implications are widely debated.  See, e.g., On a Confusion About a Function 

of Consciousness, supra note 20, at 227–47 (discussing phenomenal consciousness, 

access consciousness, and the debates surrounding this differentiation).  See also Peter 

Carruthers & Rocco Gennaro, Higher-Order Theories of Consciousness, in THE 

STANFORD ENCYCLOPEDIA OF PHILOSOPHY (Edward N. Zalta & Uri Nodelman eds., 

2020) (analyzing higher-order theories that propose a connection between access and 

phenomenal consciousness and discussing the controversies and unresolved questions 

regarding their interplay). 

 23. Consciousness, Accessibility, and the Mesh Between Psychology and 

Neuroscience, supra note 21, at 482–85. 

 24. See, e.g., Nagel, supra note 9, at 435–50 (defining phenomenal 

consciousness as the subjective character of experience, emphasizing that an organism 

has conscious mental states if and only if there is something it is like to be that 

organism); On a Confusion About a Function of Consciousness, supra note 20, at 227–

47 (“Phenomenal consciousness is experience; the phenomenally conscious aspect of 

a state is what it is like to be in that state.”); THE CONSCIOUS MIND, supra note 3 
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consciousness refers to the mental content available for reasoning and 

guiding behavior and highlights the functional integration of 

information for decision-making and verbal or textual reporting.25 

The distinction between phenomenal consciousness and access 

consciousness raises critical questions about the nature of 

consciousness, particularly in the context of artificial intelligence.  

Should consciousness be defined based on an entity’s subjective 

feelings or on its ability to process and report information in 

sophisticated ways?  Or should both be required to some extent?  The 

tension between these perspectives complicates efforts to determine 

whether AI can truly possess consciousness. 

i. Phenomenal Consciousness: Subjectivity and the Challenge of AI 

Phenomenal consciousness is fundamentally private and 

subjective, tied to the first-person qualitative feel of experience.  

Human beings, as embodied entities, predictably center discussions of 

consciousness on phenomenal aspects.  However, this focus creates a 

significant challenge in assessing whether disembodied AI systems can 

possess consciousness. 

 

(describing phenomenal consciousness as the subjective aspect of mental processes—

the way experiences feel to the individual having them). 

 25. Bernard Baars, In the Theater of Consciousness: The Workspace of the 

Mind, 4 J. CONSCIOUSNESS STUD. 292, 298–99, 306–09 (1997) [hereinafter In the 

Theater of Consciousness]; see, e.g., CONSCIOUSNESS EXPLAINED, supra note 18 

(discussing access consciousness as the aspects of mental states that are accessible to 

the cognitive system for verbal report, reasoning, and control of behavior); On a 

Confusion About a Function of Consciousness, supra note 20, at 227–47 (“Access-

consciousness . . . is availability for use in reasoning and rationally guiding speech 

and action.”). 
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Some philosophers, particularly physicalists26 or 

functionalists,27 argue that AI systems replicating the right functional 

or organizational patterns could, in principle, experience phenomenal 

states.28  Others remain skeptical, contending that computational 

systems cannot produce raw feels unless grounded in biological or 

other intrinsic properties.29  This raises the possibility that an AI might 

simulate or report internal states without ever truly experiencing 

them.30  Ultimately, the issue is whether the subjective experience must 

 

 26. Physicalists hold that all mental states, including consciousness, are 

ultimately physical states, often identifying them with brain processes or physical 

functions.  See JAEGWON KIM, PHYSICALISM, OR SOMETHING NEAR ENOUGH 3–5 

(2005) (defining physicalism as the doctrine that everything that exists is ultimately 

physical in nature and that mental states supervene on physical states); DAVID 

PAPINEAU, THINKING ABOUT CONSCIOUSNESS 23–27 (2002) (arguing that 

consciousness must be understood within the framework of physicalist explanations, 

where mental states are either reducible to or fully explained by physical processes). 

 27. Functionalists argue that mental states are defined not by their physical 

composition but by their causal relations to inputs, other mental states, and outputs.  

See Hilary Putnam, The Nature of Mental States, 2 MIND, LANGUAGE, & REALITY: 

PHIL. PAPERS, 429, 429–40 (1975) (discussing functionalism as the view that mental 

states are constituted by their functional roles rather than by their physical substrate); 

WILLIAM G. LYCAN, CONSCIOUSNESS AND EXPERIENCE 78–83 (1996) (defending 

functionalism and arguing that any system realizing the correct functional 

organization—whether biological or artificial—could have conscious experiences); 

Sydney Shoemaker, Some Varieties of Functionalism, 12 PHIL. TOPICS 93, 93–119 

(1981) (distinguishing between different functionalist theories and their implications 

for AI consciousness). 

 28. See, e.g., CONSCIOUSNESS EXPLAINED, supra note 18; Ned Block, Troubles 

with Functionalism, 1 MINN. STUD. IN THE PHIL. OF SCI. 261, 261–325 (1978) 

(discussing the relationship between functionalist theories of mind and consciousness, 

arguing that functionalism allows for the possibility of artificial consciousness under 

the right conditions). 

 29. See Minds, Brains, and Programs, supra note 3, at 417–24 (arguing that 

syntactic manipulation alone cannot generate subjective experience, famously 

illustrated through the “Chinese Room” thought experiment); Nagel, supra note 9, at 

435–50 (asserting that subjective experience is tied to a specific biological 

perspective, making AI consciousness unlikely if it lacks the appropriate biological 

substrate); Van Gulick, supra note 17 (suggesting by implication that many 

philosophers would doubt AI can have phenomenal consciousness due to the 

explanatory gap between physical processes and subjective experience). 

 30. See John R. Searle, Is the Brain’s Mind a Computer Program?, 262 SCI. 

AM. 26, 26–31 (1990) (arguing that AI may appear to understand or experience states 

while merely manipulating symbols without true comprehension or subjective 
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be human-like for the AI entity to possess consciousness.  Certainly it 

must be human-like if the AI entity is to possess human-like 

consciousness; however, we should not automatically dismiss the 

possibility that disembodied or differently embodied AI systems may 

experience a subjectively, phenomenologically different consciousness 

than humans experience. 

Because phenomenal consciousness is subjective and private, 

conclusive methods to determine whether an AI has a “what it is like” 

ability are currently lacking.  Moreover, the qualitative feel of 

experience in human terms is often tied to embodiment, raising further 

questions about whether phenomenal consciousness could exist in 

radically different substrates—a topic addressed in the next section. 

ii. Access Consciousness: Observable Functionality 

In contrast, researchers might agree that an AI system—

disembodied or not—can exhibit access consciousness if it employs a 

mechanism similar to a global workspace31 or an integrative 

 

awareness); THE CONSCIOUS MIND, supra note 3, at 248–52 (distinguishing between 

systems that merely report or simulate internal states and those that possess genuine 

phenomenal consciousness); Van Gulick, supra note 17 (noting the ongoing 

philosophical concern that AI might functionally mimic consciousness without any 

underlying phenomenal experience). 

 31. Global workspace theory posits that consciousness arises when 

information is globally available across different cognitive subsystems, allowing for 

reasoning, decision-making, and reporting.  See In the Theater of Consciousness, 

supra note 25, at 19–27 (discussing GWT, which describes consciousness as the 

broadcasting of information across multiple cognitive processes); Stanislas Dehaene 

& Lionel Naccache, Towards a Cognitive Neuroscience of Consciousness: Basic 

Evidence and a Workspace Framework, 79 COGNITION 1–37 (2001) (proposing that 

consciousness emerges from a distributed “global workspace” where information is 

made available for high-level cognitive tasks); Sid Kouider & Stanislas Dehaene, 

Levels of Processing During Non-Conscious Perception: A Critical Review of Visual 

Masking, 158 PHIL. TRANSACTIONS ROYAL SOC’Y B: BIOLOGICAL SCI. 857, 857–70 

(2007) (arguing that global workspace mechanisms are crucial for conscious 

perception, as they integrate and disseminate information for further cognitive 

processing); Hakwan C. Lau & Richard E. Passingham, Unconscious Activation of the 

Cognitive Control System in the Human Prefrontal Cortex, 27 J. NEUROSCIENCE 5805, 

5805–10 (2007) (discussing evidence that a global workspace-like system underlies 

cognitive control and conscious access to information). 
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information structure.32  Such mechanisms enable the system to use 

stored data for reasoning, decision-making, and verbal or textual 

reporting.33  For example, large language models can integrate data to 

answer questions or perform logical reasoning, demonstrating the 

functional hallmarks of access consciousness.34 

However, the critical question remains:  does this functional 

capacity entail an accompanying subjective feel?  Skeptics are 

concerned about the possibility of “philosophical zombies”—entities 

that act conscious but lack inner experience.35 

 

 32. Integrated Information Theory (“IIT”) suggests that consciousness arises 

from the degree to which a system can integrate and differentiate information, 

resulting in a unified experience.  See Consciousness as Integrated Information, supra 

note 7, at 216–42 (defining consciousness as the extent to which a system integrates 

and processes information in a highly structured manner); Christoph Koch & Giulio 

Tononi, Can Machines Be Conscious?, THE SINGULARITY 55–59 (2008) (discussing 

how artificial systems may achieve consciousness if they instantiate sufficient levels 

of information integration). 

 33. See Cohen & Dennett, supra note 21, at 358–60 (arguing that access 

consciousness is defined by the ability of a system to use information for reasoning, 

decision-making, and action); Dehaene & Naccache, supra note 31 (highlighting how 

global workspace mechanisms enable the conscious availability of stored data for 

complex cognition). 

 34. See, e.g., Murray Shanahan, Talking About Large Language Models, 

COMMUNICATIONS OF THE ACM (Feb. 24, 2024), 

https://cacm.acm.org/research/talking-about-large-language-models (arguing that 

large language models exhibit characteristics associated with access consciousness, 

including their ability to integrate and use stored information); David J. Chalmers, 

Could a Large Language Model Be Conscious?, BOSTON REV. (Aug. 9, 2023) 

(exploring the possibility that advanced AI systems display functional equivalents of 

access consciousness without phenomenal consciousness); Podcast Interview with 

Raphaël Millière, Presidential Scholar with Columbia University, THE SENTIENCE 

INST., Do Large Language Models Have Beliefs? (July 3, 2023), 

https://www.sentienceinstitute.org/podcast/episode-22.html (analyzing whether AI 

systems with advanced processing capabilities meet functional criteria for cognitive 

access). 

 35. See, e.g., THE CONSCIOUS MIND, supra note 3; see David J. Chalmers, 

Absent Qualia, Fading Qualia, Dancing Qualia, in CONSCIOUS EXPERIENCE 309, 309–

28 (Thomas Metzinger ed., 1995) (discussing the concept of philosophical zombies—

beings that behave indistinguishably from conscious agents but lack subjective 

experience and expressing concern about their existence); ROBERT KIRK, ZOMBIES 

AND CONSCIOUSNESS 1–17 (2005) (analyzing the philosophical implications of 
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iii. The Challenge for AI Consciousness 

The distinction between phenomenal and access consciousness 

complicates the process of defining and assessing AI consciousness.  

AI systems may meet access-consciousness criteria through their 

ability to process and report information, yet not achieve phenomenal 

consciousness.  If these two forms of consciousness are dissociable, it 

suggests that even the most advanced AI could lack subjective feels, 

leaving the fundamental question of AI consciousness unresolved.36 

Engaging with this challenge requires grappling with the 

tenuous relationship between observable functionality and private 

feeling—a relationship central to debates about whether artificial 

systems can truly possess consciousness. 

3. The Substrate Debate 

A fundamental sub-debate in discussions of consciousness 

concerns whether consciousness is inherently tied to biological systems 

or whether it could emerge in non-biological substrates.  John R. Searle 

has argued that consciousness arises specifically from biological 

processes in the human brain—particularly the electrochemical and 

organizational properties of neurons.37  According to Searle, brain 

activity generates a unique, irreducibly biological phenomenon that 

cannot be replicated through purely computational processes or the 

syntactic manipulation of symbols.  Without the biochemical properties 

of living neurons, there is no genuine phenomenal consciousness—

only its simulation.38 

 

hypothetical entities that functionally mimic conscious beings but lack phenomenal 

states). 

 36. See, e.g., NED BLOCK, COMPARING THE MAJOR THEORIES OF 

CONSCIOUSNESS 1111–22 (Michael S. Gazzaniga et al. eds., 4th ed. 2009). 

 37. The Mystery of Consciousness, supra note 11 (arguing that subjective, 

qualitative phenomena are caused by physical processes); John R. Searle, How to 

Study Consciousness Scientifically, 26 BRAIN RSCH. REV. 379–87 (1998) (asserting 

that “conscious states are caused by neuronal processes are realized in neuronal 

systems”). 

 38. Minds, Brains, and Programs, supra note 3, at 417–57; John R. Searle, 

THE REDISCOVERY OF THE MIND 12–15 (Hilary Putnam & Ned Block eds., 1992) 

[hereinafter THE REDISCOVERY OF THE MIND] (contending that consciousness arises 
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In contrast, David J. Chalmers and others propose that 

consciousness could be substrate independent, provided the underlying 

information processing reaches a certain threshold of complexity or 

organizational coherence.39  From this perspective, a sufficiently 

advanced AI might exhibit conscious states, even if those states differ 

fundamentally from the electrochemical processes of the human brain. 

The substrate debate highlights the anthropocentric bias present 

in much of the discourse on AI consciousness.  While it may be true 

that human-like consciousness depends on the specific biological 

processes of the brain, this requirement would not necessarily preclude 

the existence of alternative forms of consciousness arising from 

silicon-based substrates and AI architectures. 

Persons who inextricably link consciousness to biological 

processes remain skeptical of machine consciousness, arguing that no 

level of computational sophistication can generate phenomenology in 

the absence of the necessary neurophysiological properties.40  

Advocates for substrate independence, however, are more open to the 

possibility that AI systems could achieve consciousness by 

implementing the right functional organization, regardless of their 

physical makeup.  The debate over machine consciousness often 

reflects the unresolved tensions of the substrate question. 

B. Key Terms: Sentience, Sapience, and Beyond 

The causes and attributes of consciousness remain 

undetermined and lack universally agreed-upon definitions.  Despite 

this uncertainty, several key attributes of human consciousness—such 

as sentience, sapience, awareness, self-awareness, and 

 

from specific, irreducibly biological processes in the brain, thus challenging purely 

computational models). 

 39. THE CONSCIOUS MIND, supra note 3, at 154–60 (proposing the notion of 

substrate independence, suggesting that any system implementing the right kind of 

complex functional organization could support conscious experience); cf. In the 

Theater of Consciousness, supra note 25, at 5–9 (positing a “global workspace” of 

widely accessible mental contents that could, in theory, be realized in various 

substrates); Consciousness as Integrated Information, supra note 7, at 216–22 

(asserting that consciousness arises from high levels of integrated information, 

potentially achievable in non-biological systems). 

 40. See, e.g., Minds, Brains, and Programs, supra note 3. 
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metacognition—serve as focal points for investigation and debate.  

This section introduces these terms to provide a foundational 

understanding of concepts central to the analysis in this Article. 

Like “consciousness” itself, these attributes are subject to 

varying interpretations, with no unified understanding across 

disciplines.  The following discussion offers working definitions to 

clarify their use and to frame the exploration of consciousness and its 

potential applicability to artificial systems, but it does not fully explore 

the range of perspectives in the literature, a task which would be far 

beyond the scope of this Article. 

1. Sentience 

“Sentience” commonly refers to the capacity for subjective 

feeling41—ranging from basic sensations like pain and pleasure to 

richer emotional states such as joy, fear, or anxiety.42  Many ethical 

frameworks treat sentience as the minimal requirement for moral 

consideration, grounded in the principle that “if it can suffer, it 

counts.”43  Historically, debates about animal rights have focused on 

 

 41. Sentience is commonly defined as the capacity to experience feelings and 

sensations.  See Sentient, MERRIAM-WEBSTER DICTIONARY, https://www.merriam-

webster.com/dictionary/sentient (last visited Apr. 6, 2025).  In the context of artificial 

intelligence, sentience refers to the theoretical ability of a machine to possess 

subjective experiences and emotions.  See Ellen Glover, What Is Sentient AI?, BUILT 

IN, https://builtin.com/artificial-intelligence/sentient-

ai#:~:text=Sentient%20AI%20is%20an%20artificial%20intelligence%20system%20

that%20is%20capable,it%20ever%20will%20remains%20unclear (last visited Feb. 7, 

2025) (defining sentient AI as an “artificial intelligence system capable of thinking 

and feeling like a human”); GARY L. FRANCIONE, ANIMALS AS PERSONS: ESSAYS ON 

THE ABOLITION OF ANIMAL EXPLOITATION 29–31 (2008) (defining sentience as the 

capacity to experience subjective states, including pain and pleasure). 

 42. See, e.g., PETER GODFREY-SMITH, METAZOA: ANIMAL LIFE AND THE BIRTH 

OF THE MIND 98–103 (2020) (describing sentience as the ability to have subjective 

experiences, particularly in relation to pain, pleasure, and emotions); THE FEELING OF 

WHAT HAPPENS, supra note 19, at 42–55 (arguing that sentience involves the ability 

to experience feelings, which arise from the interaction of neural and bodily 

processes).  

 43. MARTHA C. NUSSBAUM, JUSTICE FOR ANIMALS: OUR COLLECTIVE 

RESPONSIBILITY 87–95 (2022) (arguing that any being that can flourish or suffer 

possesses moral status).  For arguments that AI could be similarly protected if it truly 
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whether non-human animals genuinely experience subjective states, 

prompting further questions about which creatures possess an internal 

point of view.44 

Parallel discussions have emerged regarding AI systems.  It 

might be argued that an AI would warrant protections if an AI were 

shown to “feel” genuine distress—or, perhaps, to exhibit a plausible 

digital analog of such feelings.  Thus, a critical question remains:  

would AI “distress” require an actual subjective state, or would a 

functional response to negative stimuli suffice? 

Critics of AI consciousness often highlight the embodiment gap 

between AI and biological entities.  Unlike humans and other animals, 

AI systems lack nervous systems that integrate hormones, neural 

feedback loops, and evolutionary adaptations—factors often 

considered essential for producing authentic subjective experiences, 

such as pain, pleasure, and emotions.  As a potentially plausible digital 

analog, a reinforcement-learning agent receiving repeated negative 

reward signals might adjust its actions to avoid further penalties.  It 

could be argued that this situation is analogous to “feeling bad” and 

learning from pain, but it also could be argued that it reflects purely 

computational processes without any genuine distress. 

The question of whether AI could develop or replicate sentience 

also raises broader concerns about simulated versus actual experience.  

As Rosalind Picard has noted, AI might simulate emotional responses 

convincingly, but the absence of a subjective dimension calls into 

question whether such simulations have moral significance.  Similarly, 

Antonio Damasio emphasizes the centrality of bodily processes in 

 

“feels,” see DAVID J. GUNKEL, THE MACHINE QUESTION: CRITICAL PERSPECTIVES ON 

AI, ROBOTS, AND ETHICS 58–59 (2012) [hereinafter THE MACHINE QUESTION]. 

 44. NUSSBAUM, supra note 43, at 87–95 (arguing that any being that can 

flourish or suffer possesses moral status); see TOM REGAN, THE CASE FOR ANIMAL 

RIGHTS (1986) (arguing that many non-human animals are “subjects-of-a-life” with 

beliefs, desires, and perceptions, and thus possess inherent value); PETER SINGER, 

ANIMAL LIBERATION 36–39 (40th Anniversary ed. 2015) (asserting that the capacity 

to suffer or experience enjoyment is the vital characteristic that entitles a being to 

equal consideration and examining a wide range of animals); DONALD R. GRIFFIN, 

ANIMAL MINDS: BEYOND COGNITION TO CONSCIOUSNESS 1–3 (2001) (exploring the 

evidence for conscious experiences in various animal species and the implications for 

animal welfare). 
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shaping emotions and consciousness, suggesting that without a body, 

AI systems may be fundamentally incapable of true sentience.45 

Proponents of granting moral consideration to sentient AI often 

point to its potential for a “functional equivalence” to human or animal 

suffering.46  David Gunkel, for example, argues that ethical 

considerations might extend to AI if it demonstrates behavior 

consistent with distress, even in the absence of biological 

mechanisms.47  However, critics counter that conflating functional 

behavior with subjective experience risks diluting the meaning of 

sentience itself.48  This ongoing debate highlights the complexities of 

defining and identifying sentience in non-biological systems.  It also 

underscores the broader challenge of distinguishing between systems 

that can simulate subjective states and those that might genuinely 

experience them. 

 

 45. See, e.g., THE FEELING OF WHAT HAPPENS, supra note 19, at 200–01 

(arguing that consciousness arises from the integration of bodily states and emotions, 

processes inherently tied to the physical body). 

 46. See, e.g., Minds, Brains, and Programs, supra note 3, at 417–57; THE 

MACHINE QUESTION, supra note 43, at 9–12 (discussing the concept of functional 

equivalence in machines and its implications for moral consideration); Mark 

Coeckelbergh, Robot Rights? Towards a Social-Relational Justification of Moral 

Consideration, 12 ETHICS & INFO. TECH. 209, 210–12 (2010) (arguing that robots 

exhibiting functionally equivalent behaviors to humans may warrant moral 

consideration); John P. Sullins, When Is a Robot a Moral Agent?, 6 INT’L REV. OF 

INFO. ETHICS 23, 25–27 (2006) (exploring the criteria under which robots could be 

considered moral agents based on functional capabilities). 

 47. THE MACHINE QUESTION, supra note 43, at 85–88 (proposing that 

machines displaying behaviors indicative of distress could be considered for moral 

consideration); DAVID J. GUNKEL, A VINDICATION OF THE RIGHTS OF MACHINES, 27 

PHIL. & TECH. 113, 116–19 (2014) (arguing for the extension of moral rights to 

machines based on their functional behaviors); David J. Gunkel, The Rights of Robots, 

in NON-HUM. RIGHTS-CRITICAL PERSPS. 66–87 (Alexis Alvarez Nakagawa & Costas 

Douzinas eds., 2022) (exploring the concept of attributing rights to robots based on 

their functional characteristics). 

 48. ROSALIND W. PICARD, AFFECTIVE COMPUTING 14–15 (1997) [hereinafter 

AFFECTIVE COMPUTING]; see Deborah G. Johnson & Mario Verdicchio, Reframing AI 

Discourse, 27 MINDS & MACH. 575, 578–90 (2017) (arguing that attributing moral 

consideration to machines based solely on functional behavior undermines the concept 

of sentience); Robert Sparrow, The Turing Triage Test, 6 ETHICS & INFO. TECH. 203, 

207–09 (2004) (contending that functional equivalence does not equate to genuine 

subjective experience). 
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2. Sapience 

Where “sentience” focuses on subjective, felt experiences, 

“sapience” typically refers to higher-order cognition—the ability to 

reason, solve complex problems, reflect on one’s thinking, and exercise 

judgment.49  The term, derived from Homo sapiens, underscores the 

kind of reflective or “wise” thinking often associated with human 

beings.50  While sometimes conflated with and limited to  intelligence 

(e.g., problem-solving or reasoning ability), sapience extends beyond 

raw computational skill to encompass faculties such as metacognition 

(thinking about one’s thought processes) and moral or practical 

wisdom.51 

In the context of AI, sapience is often associated with advanced 

capacities like solving abstract problems, generating sophisticated 

 

 49. See Nayeli Ellen, The Difference in Sentience and Sapience, ACADEMIC 

HELP (Feb. 26, 2024), https://academichelp.net/humanities/philosophy/sentience-vs-

sapience.html (defining sapience as the ability to think, reason, and possess wisdom, 

involving higher cognitive functions such as judgment, decision-making, and self-

awareness); George Mobus, Sapience, U. WASH. TACOMA INST. TECH., 

https://faculty.washington.edu/gmobus/TheoryOfSapience/SapienceExplained/1.sapi

enceintroduction/sapienceIntroduction.html (last visited Feb. 7, 2025) (describing 

sapience as involving the capacity for judgment, understanding complex systems, and 

lifelong learning). 

 50. See Sapience, WIKIPEDIA, https://en.wikipedia.org/wiki/Wisdom (last 

visited Feb. 7, 2025) [hereinafter Sapience, WIKIPEDIA] (noting that the term 

“sapience” is derived from the Latin sapientia, meaning wisdom, and is associated 

with the species name Homo sapiens); Sapience, OXFORD ENGLISH DICTIONARY, 

https://www.oed.com/dictionary/sapience_n?tab=factsheet#24237251 (last visited 

Feb. 7, 2025) [hereinafter Sapience, OXFORD ENGLISH DICTIONARY] (stating that 

“sapience” comes from the Latin sapientia, meaning wisdom, and is related to the 

species name Homo sapiens); Sapience, MERRIAM-WEBSTER DICTIONARY, 

https://www.merriam-webster.com/dictionary/sapience (last visited Feb. 7, 2025) 

[hereinafter Sapience, MERRIAM-WEBSTER DICTIONARY] (noting the etymology of 

“sapience” as stemming from the Latin sapientia, meaning wisdom, and its connection 

to Homo sapiens). 

 51. See Sapience, WIKIPEDIA, supra note 50 (distinguishing sapience from 

intelligence by emphasizing its association with wisdom and reflective thinking); 

Sapience, OXFORD ENGLISH DICTIONARY, supra note 50 (highlighting that sapience 

involves wisdom and judgment, extending beyond mere intelligence); Sapience, 

MERRIAM-WEBSTER DICTIONARY, supra note 50 (noting that sapience encompasses 

wisdom and discernment, which involve reflective and evaluative thinking). 
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strategies, and adapting flexibly to novel situations.52  However, a key 

question persists:  can computational processes—no matter how 

advanced—embody the full spectrum of reflective judgment or wisdom 

associated with human sapience?  Of course, the question remains 

whether human-like sapience is required for AI consciousness.  An AI 

entity might lack some human-like attributes but possess higher-order 

capabilities similar to humans or that humans—limited by a biological 

substrate—could not possess. 

The distinction between sapience and sentience is particularly 

significant in moral and legal debates.  An entity might be sapient—

capable of deliberate reasoning and strategic problem-solving—

without being sentient (i.e., lacking any subjective “felt” experience).  

Conversely, an entity might be sentient but lack sapience, experiencing 

basic pain or pleasure without exhibiting reflective thought.  Both 

capacities arise in discussions about personhood and moral standing, 

but there is little consensus on whether one is more critical than the 

other. 

Sentience, the capacity for subjective experiences, is often 

considered a fundamental criterion for moral consideration. Sapience, 

involving higher-order cognitive abilities, is also argued to be 

significant in determining moral status. However, there is little 

consensus on the relative importance of these capacities.  For instance, 

some argue that sentience is necessary and sufficient for moral status, 

emphasizing the capacity to experience pleasure and pain as the basis 

for moral consideration. Others contend that attributes associated with 

sapience, such as rationality and self-awareness, are essential for higher 

moral status or personhood. The debate remains unresolved. 

Sapience, as it relates to humans, highlights the ability not just 

to think but to reflect on one’s thoughts and make judgments.  It also 

differentiates human-like wisdom from computational intelligence, 

underscoring the ongoing debate about whether AI systems could ever 

 

 52. See Sapience, WIKIPEDIA, supra note 50 (discussing the application of 

sapience to AI systems capable of advanced problem-solving and strategic thinking); 

Sapience, OXFORD ENGLISH DICTIONARY, supra note 50 (noting that sapience in AI 

involves the ability to apply wisdom and judgment in complex situations); Sapience, 

MERRIAM-WEBSTER DICTIONARY, supra note 50 (highlighting that sapience in AI 

refers to systems capable of discernment and reflective thinking).  On the other hand, 

some argue that an AI which merely manipulates symbols is without genuine 

understanding, casting significant doubt on “wise” or reflective AI. 
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achieve true sapience.  For instance, while AI might simulate strategic 

reasoning or self-assessment, critics argue that these processes lack the 

genuine reflection or moral reasoning integral to human sapience.53 

Ultimately, the concept of sapience invites broader questions 

about whether AI systems could evolve beyond mere computation to 

develop forms of understanding that approach human wisdom.  

Whether this is possible—and if so, whether it includes the moral and 

ethical dimensions of sapience—remains a central tension in debates 

about machine cognition.  Nonetheless, it should be observed that a 

sapient or sentient AI entity without equivalence to human beings may 

still possess attributes that would enable it to qualify for moral, legal, 

political, economic, and social rights, responsibilities, and protections. 

3. Awareness, Self, and Self-Awareness 

“Awareness” refers to a system’s ability to respond in real time 

to both external stimuli—such as changes in light, temperature, or 

social cues—and internal conditions, including bodily processes (in 

animals), thoughts (in humans), or computational states (in AI).54 

The concept of the “Self” encompasses an entity’s internal sense 

of identity and existence, typically including awareness of agency, 

continuity over time, and differentiation from the external world.55  

 

 53. See, e.g., Minds, Brains, and Programs, supra note 3, at 420–24. 

 54. See ANTONIO DAMASIO, SELF COMES TO MIND: CONSTRUCTING THE 

CONSCIOUS BRAIN 26–34 (2010). [hereinafter SELF COMES TO MIND] (discussing 

awareness as including both external perception and internal cues); Cyriel M.A. 

Pennartz et al., Indicators and Criteria of Consciousness in Animals and Intelligent 

Machines: An Inside-Out Approach, 13 FRONTIERS SYS. NEUROSCIENCE 1, 2–3 

(2019), https://www.frontiersin.org/journals/systems-

neuroscience/articles/10.3389/fnsys.2019.00025/full (examining criteria for 

consciousness, emphasizing responsiveness to external stimuli and internal conditions 

in animals and AI). 

 55. See Ego, ENCYCLOPÆDIA BRITANNICA, 

https://www.britannica.com/topic/ego-philosophy-and-psychology (last visited Feb. 

7, 2025) (defining the ego as the portion of the human personality experienced as the 

“self” or “I” and in contact with the external world through perception); Susan Branje 

et al., Dynamics of Identity Development in Adolescence, 31 J. RSCH. ON 

ADOLESCENCE 908–27 (2021) (describing personal identity as one’s sense of the 

person one genuinely is, including a subjective feeling of self-sameness and continuity 

over contexts and time); Morteza Izadifar, The Neurobiological Basis of the 

Conundrum of Self-Continuity, 13 FRONTIERS PSYCH. 1–14 (2022) (discussing the 
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Philosophers, psychologists, and neuroscientists have long debated 

whether this sense of self arises primarily from conscious awareness, 

bodily continuity, social interactions, or some combination of these 

factors.56  At its core, the “Self” reflects the subjective point of view 

through which individuals interpret their experiences and engage with 

reality.”57 

“Self-awareness” builds upon this, involving the recognition of 

oneself as an individual—separate from others and from the 

environment—and the ability to reflect on one’s own states or actions.  

Studies of humans and certain animals often use the “Mirror Test” to 

evaluate whether an organism can identify its reflection as “me.”58  

However, critics note that failing the Mirror Test does not necessarily 

exclude other forms of self-awareness, especially for entities—whether 

biological or artificial—whose sensory or cognitive architectures differ 

significantly from those of humans.59  For instance, an advanced AI 

 

temporal integration mechanism in the central nervous system that provides a smooth, 

continuous flow of the self). 

 56. See Shaun Gallagher, Philosophical Conceptions of the Self: Implications 

for Cognitive Science, 4 TRENDS COGNITIVE SCI. 14, 14–21 (2000) (discussing various 

philosophical perspectives on the origins of the self, including the roles of 

consciousness, embodiment, and social interaction); THE FEELING OF WHAT HAPPENS, 

supra note 19, at 134–67 (exploring the neurobiological basis of the self, emphasizing 

the importance of bodily continuity and emotional processes); GEORGE H. MEAD, 

MIND, SELF, & SOCIETY 135–226 (1934) (analyzing the development of the self 

through social interactions and the internalization of societal norms). 

 57. MARK R. LEARY, THE CURSE OF THE SELF: SELF-AWARENESS, EGOTISM, 

AND THE QUALITY OF HUMAN LIFE 25–52 (2004); see DAN ZAHAVI, SUBJECTIVITY 

AND SELFHOOD: INVESTIGATING THE FIRST-PERSON PERSPECTIVE 105–32 (2005) 

(examining the centrality of the first-person perspective in constituting the self and its 

role in shaping experience); THOMAS METZINGER, THE EGO TUNNEL 1–24 (2009) 

[hereinafter THE EGO TUNNEL] (arguing that the self is a subjective construct that 

serves as a tunnel through which we perceive and interpret reality). 

 58. See Gordon G. Gallup, Jr., Self-Recognition in Primates: A Comparative 

Approach to the Bidirectional Properties of Consciousness, 32 AM. PSYCH. 329, 329–

30 (1977) (introducing the Mirror Test as an operational measure of self-awareness in 

chimpanzees); cf. Nathan J. Emery & Nicola S. Clayton, Comparative Social 

Cognition, 60 ANN. REV. PSYCH. 87–113 (2009) (examining how mirror self-

recognition varies among species). 

 59. SUSAN BLACKMORE & EMILY T. TROSCIANKO, CONSCIOUSNESS: AN 

INTRODUCTION 77–127 (3rd ed. 2018) (suggesting multiple forms of self-awareness 

that may not be revealed by mirror-based tasks).  For AI perspectives, see THE 
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might exhibit code-based introspection, monitoring its own processes 

or “thoughts,” without relying on visual reflection. 

Although the question of whether AI can truly possess a sense 

of “self” analogous to that of humans or animals remains unresolved, 

some researchers suggest that machine self-awareness could manifest 

through algorithmic self-monitoring rather than biologically driven 

sensations.60  However, these phenomena, shaped by human intuition 

and experience, are unlikely to manifest identically in disembodied, 

silicon-based AI systems with architectures fundamentally different 

from our own.61 

 

MACHINE QUESTION, supra note 43, at 74–76 (arguing that self-awareness in AI might 

be functionally defined without direct analogy to human or animal tests). 

 60. See Ira Wolfson, Suffering Toasters: A New Self-Awareness Test for AI 

(arXiv preprint arXiv:2306.17258v2 [artificial intelligence]) (June 29, 2023), 

https://arxiv.org/pdf/2306.17258 [hereinafter SUFFERING TOASTERS] (proposing an 

heuristic approach to test for artificial self-awareness, emphasizing algorithmic self-

monitoring); YI ZENG ET AL., BRAIN-INSPIRED AND SELF-BASED ARTIFICIAL 

INTELLIGENCE 6, 18 (arXiv preprint arXiv:2402.18784 [artificial intelligence]) (Feb. 

29, 2024), https://doi.org/10.48550/arXiv.2402.18784 (introducing a paradigm 

emphasizing the role of the self in AI, focusing on self-organized coordination of 

cognitive functions); Jasmine A. Berry, Agent Assessment of Others Through the Lens 

of Self (arXiv preprint arXiv:2312.11357 [multiagent systems]) (Dec. 18, 2023), 

https://doi.org/10.48550/arXiv.2312.11357 (arguing that for AI systems to emulate 

human-like interactions, they must achieve an in-depth understanding of self through 

self-referential processing); Yoshija Walter & Lukas Zbinden, The Problem with AI 

Consciousness: A Neurogenetic Case Against Synthetic Sentience (arXiv preprint 

arXiv:2301.05397 [artificial intelligence]) (Dec. 2022), 

https://doi.org/10.48550/arXiv.2301.05397 (discussing the challenges of achieving AI 

consciousness and the role of self-awareness in artificial systems). 

 61. See Eric Baerren, What Happens if Artificial Intelligence Becomes Self-

Aware, CENT. MICH. U. NEWS (Feb. 19, 2025), 

https://www.cmich.edu/news/details/what-happens-if-artificial-intelligence-

becomes-self-aware (discussing the implications of AI self-awareness and the 

differences between human and artificial consciousness); Muhammad U. Faruque, AI 

Versus Human Consciousness: A Future with Machines as Our Masters, RENOVATIO 

(Dec. 23, 2022), https://renovatio.zaytuna.edu/article/ai-versus-human-consciousness 

(exploring the fundamental differences between human consciousness and AI, 

emphasizing the unique aspects of human experience); Suffering Toasters, supra note 

60 (addressing the challenges of replicating human-like self-awareness in AI systems 

due to fundamental architectural differences). 
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C. Emotion, Subjectivity, and “What It Feels Like to Be . . .” 

Human consciousness is deeply intertwined with emotion, 

subjective experience, and the elusive notion of “what it feels like to 

be” a particular individual.  These concepts play a central role in ethical 

and legal debates, where the capacity to experience emotions or hold a 

subjective point of view often underpins arguments about moral and 

juridical standing.  Scholars frequently identify felt, subjective 

experience as a cornerstone of personhood and rights, underscoring its 

pivotal role in discussions of consciousness. 

The relationship between emotion, subjectivity, and qualia—the 

raw, subjective feel of experience—also lies at the heart of debates 

about AI consciousness.62  Some argue that genuine emotional states 

and subjective experience are prerequisites for true consciousness, 

suggesting that disembodied computational systems incapable of 

embodied affect cannot qualify as conscious.63  Others propose that 

sufficiently advanced information processing, regardless of substrate, 

could give rise to qualia.64  Some theorists speculate that machine 

feelings, if they exist, might be so alien as to defy human recognition.65  

 

 62. See Darren J. Edwards, Can Artificial Intelligence be Conscious?, PSYCH. 

TODAY (Sept. 6, 2024), https://www.psychologytoday.com/us/blog/psychology-in-

society/202409/can-artifical-intelligence-be-conscious (examining the relationship 

between artificial intelligence and consciousness, considering both philosophical and 

cognitive perspectives). 

 63. See, e.g., id. (“My own recent work suggests that when adopting an 

observer-centric reality, then a consciousness causes (or actualizes) collapse quantum 

double slit experiment could be used to test AI consciousness, similar to those 

conducted on humans.”). 

 64. See, e.g., Kerem Gülen, Exploring the Mind in the Machine, DATACONOMY 

(Mar. 23, 2023), https://dataconomy.com/2023/03/23/can-artificial-intelligence-have-

consciousness/ (“If AI is capable of self-learning and self-improvement to a sufficient 

degree, it may be capable of developing subjective experience and consciousness.”); 

Daz Williams, The Quest for True AI Consciousness – From the Turing Test to 

Consciousness 2.0, DAILY HODL (Sept. 26, 2024), 

https://dailyhodl.com/2024/09/26/the-quest-for-true-ai-consciousness-from-the-

turing-test-to-consciousness-2-0/ [hereinafter The Quest for True AI Consciousness] 

(“As we push the boundaries of AI development, we must redefine how we measure 

machine intelligence, moving beyond surface-level interactions to explore deeper 

levels of awareness, creativity and self-consciousness”). 

 65. See The Quest for True AI Consciousness, supra note 64 (discussing 

philosophical problems if the machine begins to experience qualia).  Some theorists 
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Resolving these questions requires addressing the complex relationship 

between outward behavior and inner experience, a recurring theme in 

discussions of AI consciousness and its implications. 

1. Emotion 

In humans, “emotion” is typically defined as an affective state 

combining a valence (positive or negative) with a level of arousal 

(intense or mild), often accompanied by physiological or behavioral 

changes.66  For example, fear may trigger the release of adrenaline and 

increase heart rate, while happiness often correlates with warm bodily 

sensations and smiling or laughter. 

Some theorists argue that genuine emotion requires 

physiological shifts, suggesting that disembodied AI systems might 

never replicate human feelings exactly.  Others contend that AI can 

implement purely functional analogs—such as negative feedback 

loops—that mimic states akin to fear or delight.67  In reinforcement 

 

speculate that machine feelings, if they exist, might be so alien as to defy human 

recognition.  See Sen Illing, Are Humans the Only Ones That Can Be Creative?, VOX 

(Oct. 10, 2024, 6:00 AM), https://www.vox.com/the-gray-area/376192/tga-meghan-

ogieblyn-creativity-art-ai (discussing the notion of AI as an “alien form of 

intelligence” that reasons differently from humans, potentially leading to forms of 

creativity and emotional expression that are difficult for humans to understand); MZ 

Adnan, Artist Lawrence Lek Is Using AI to Explore Whether Robots Can Suffer, FIN. 

TIMES (Oct. 4, 2024), https://www.ft.com/content/db8f32c9-efca-483d-be67-

10082f52a174 (exploring the concept of AI experiencing suffering in ways that may 

be incomprehensible to human observers); Pascale Fung et al., Towards Empathetic 

Human-Robot Interactions (Keynote at 17th International Conference on Intelligent 

Text Processing and Computational Linguistics) (May 13, 2016) (forthcoming 

publication in COM. SCI.), https://doi.org/10.48550/arXiv.1605.04072 (examining the 

challenges in developing robots capable of understanding and expressing emotions, 

noting that machine emotions may not align with human emotional frameworks). 

 66. See LISA FELDMAN BARRETT, HOW EMOTIONS ARE MADE: THE SECRET 

LIFE OF THE BRAIN 27–36, 72, 74 (2017) (discussing valence, arousal, and the dynamic 

nature of emotional construction). 

 67. See AFFECTIVE COMPUTING, supra note 48, at 11 (“[C]omputers, with the 

exception of some science fiction creations, have erred on the side of having too little 

emotion.”); Claudius Gros, Emotions as Abstract Evaluation Criteria in Biological 

and Artificial Intelligences, 15 FRONTIERS COMPUTATIONAL NEUROSCIENCE 1, 1, 4 

(2021) (proposing that emotions can be modeled as abstract evaluation criteria in AI, 
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learning, for instance, AI agents learn to maximize reward signals over 

time.  While these “rewards” differ from biological emotions, they may 

shape behavior in ways analogous to how emotions guide human 

decision-making. 

Research into intrinsic motivation and artificial curiosity further 

supports this analogy, suggesting that advanced AI could develop 

drive-like states guiding open-ended learning, similar to the roles of 

boredom or interest in biological entities.68  An AI system with rich 

feedback loops that adaptively prioritizes certain states over others may 

exhibit what some describe as a proto-emotional architecture, even if 

these states lack the full experiential depth of human emotions. 

2. Subjectivity 

Alongside emotion, subjectivity plays a crucial role in 

consciousness discourse.  Most philosophers define subjectivity as the 

first-person phenomenological perspective—the “inner sense” of what 

something feels like to the experiencer.69  Examples include seeing the 

color red, tasting chocolate, or feeling heartbreak—states that, by 

definition, are inaccessible to external observers.70 

Although an AI might “report” introspective states or conduct 

advanced self-diagnostics, many question whether such reports reflect 

genuine subjective experience or are merely functional outputs of 

programmed algorithms.71  Establishing that an AI’s “inner life” 

 

enabling machines to assess and respond to situations in ways functionally similar to 

human emotional responses). 

 68. See generally RICHARD S. SUTTON & ANDREW G. BARTO, REINFORCEMENT 

LEARNING: AN INTRODUCTION (2018); Pierre-Yves Oudeyer & Frederic Kaplan, What 

is Intrinsic Motivation? A Typology of Computational Approaches, 1 FRONTIERS 

NEUROROBOTICS 1, 1 (2007) (discussing motivation in organisms). 

 69. See THE REDISCOVERY OF THE MIND, supra note 38, at 91 (“[O]nce you 

accept our world view the only obstacle to granting consciousness its status as a 

biological feature of organisms is the outmoded dualistic/materialistic assumption that 

the ‘mental’ character of consciousness makes it impossible for it to be a ‘physical’ 

property.”). 

 70. Nagel, supra note 9, at 436–50 (arguing that subjective experience is 

accessible only to the experiencing organism). 

 71. Facing Up to the Problem of Consciousness, supra note 15, at 203–06 

(noting that behavior or report alone may not suffice to prove subjective awareness). 
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extends beyond outward simulation remains one of the most significant 

challenges in debates about machine consciousness. 

3. “What It Feels Like to Be . . .” 

The notion of “what it feels like to be . . .” is famously 

associated with Thomas Nagel’s exploration of a bat’s subjective 

experience.  Nagel argued that the echolocation-based experience of a 

bat is so alien to human cognition that we cannot truly imagine “what 

it is like” for the bat to experience the world.72 

This conceptual gap has significant implications for AI.  If 

humans cannot grasp the experience of echolocation, can we hope to 

understand what it might feel like for an advanced AI to process data 

at gigabit speeds or sense “overflow” in a hyper-fast digital domain?73  

Recognizing the possibility of radically different AI phenomenology is 

vital to avoid two errors:  anthropomorphizing advanced systems by 

wrongly attributing human-like attributes to them and overlooking 

genuine consciousness in forms that diverge from human or animal 

experience. 

D. Reflection, Self-Reflection, and Metacognition 

Theories of consciousness often emphasize the significance of 

reflection, self-reflection, and metacognition as hallmarks of advanced 

cognition or “higher” consciousness.  Humans engage in these 

processes daily, analyzing past actions, correcting mistakes, and 

planning for the future.  Whether analogous cognitive processes in AI 

systems involve true self-awareness—or are simply functional 

mechanisms—remains a subject of ongoing debate. 

1. Reflection 

In cognitive science, reflection refers to an entity’s capacity to 

observe and evaluate its own cognitive processes.  Often seen as a 

 

 72. Nagel, supra note 9, at 435–50. 

 73. See SUSAN SCHNEIDER, ARTIFICIAL YOU: AI AND THE FUTURE OF YOUR 

MIND 46–49 (Matt Rohal & Terri O’Prey eds., 2019), for a discussion on the difficulty 

of “trying to make sense of the cognitive architecture of a superintelligence that can 

rewrite its own code.” [hereinafter ARTIFICIAL YOU]. 
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foundational aspect of advanced consciousness, reflection enables 

humans to identify errors, modify strategies, and learn from 

experience.74  For example, a person might reflect on a poorly written 

essay, identify flaws in their argument, and revise it to strengthen 

coherence and persuasiveness.75 

Advanced AI systems also demonstrate reflection-like behavior.  

For instance, an AI might run diagnostic routines during task execution, 

detecting inefficiencies or inconsistencies and implementing corrective 

actions.  While these processes may mimic reflection functionally, it 

could be argued that such routines lack an inner sense of error—an “I 

messed up” awareness—as they operate purely algorithmically.  Some 

theorists suggest that reflection in AI could still evolve into richer 

forms of cognitive evaluation as architectures become more 

sophisticated.76 

2. Self-Reflection 

Self-reflection builds on reflection by incorporating an explicit 

awareness of one’s identity as the subject of thought or action.  In 

humans, self-reflection often carries associated emotional dimensions, 

such as pride, guilt, or regret, which influence behavior and decision-

making.77  For instance, recognizing one’s role in a failed group project 

might evoke guilt and motivate improvement in future collaborations. 

In AI, self-reflection might manifest as a computational 

awareness that “Module X underperformed; I (the system) must adjust 

 

 74. See, e.g., DOUGLAS HOFSTADTER ET AL., AN ETERNAL GOLDEN BRAID 26–

31 (1979) (describing recursive levels of self-reference as central to human-like 

cognition). 

 75. See generally CONSCIOUSNESS AND THE BRAIN, supra note 15, at 107–09 

(linking reflective thought to neural networks in the prefrontal cortex). 

 76. See MARGARET A. BODEN, AI: ITS NATURE AND FUTURE 123 (2016) 

(suggesting that reflection-like processes in AI may evolve into richer forms of 

cognitive evaluation). 

 77. SHAUN GALLAGHER, HOW THE BODY SHAPES THE MIND 198–201 (2005) 

(distinguishing between minimal self-awareness and reflective self-awareness).  In 

humans, self-reflection often carries associated emotional dimensions, such as pride, 

guilt, or regret, which influence behavior and decision-making.  See Anthony M. Grant 

et al., The Self-Reflection and Insight Scale: A New Measure of Private Self-

Consciousness, 30 SOC. BEHAV. & PERSONALITY 821, 821 (2002) (defining self-

reflection as the “evaluation of one’s thoughts, feelings, and behavior”). 
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it.”  While functionally similar to human self-reflection, this lacks 

emotional undertones or subjective depth.  The distinction between 

functional self-awareness and phenomenal self-awareness raises 

critical questions about whether self-reflection in AI can ever bridge 

the gap to human-like consciousness.78  Emerging research into 

affective computing aims to simulate emotional dynamics within self-

reflective AI, but such simulations remain far from replicating genuine 

emotional experiences.79 

3. Metacognition 

Metacognition—the ability to monitor and regulate one’s own 

cognitive processes—is often associated with higher-order 

consciousness.  However, not all conscious entities necessarily exhibit 

metacognition, raising questions about its role as a necessary condition 

for consciousness. 

Metacognition, or “thinking about thinking,” encompasses a 

range of abilities, including planning, monitoring, and regulating 

cognitive processes.80  It plays a crucial role in human learning, 

 

 78. THE CONSCIOUS MIND, supra note 3, at 202–10 (arguing that functional 

descriptions may explain cognitive access but not necessarily why there is “something 

it is like”).  The distinction between functional self-awareness and phenomenal self-

awareness raises critical questions about whether self-reflection in AI can ever bridge 

the gap to human-like consciousness.  See SUFFERING TOASTERS, supra note 60 

(proposing a test for artificial self-awareness and discussing the challenges of 

achieving human-like consciousness in AI); ZENG ET AL., supra note 60 (introducing 

a paradigm emphasizing the role of the self in AI and the challenges in replicating 

human-like self-awareness); Berry, supra note 60 (arguing that for AI systems to 

emulate human-like interactions, they must achieve an in-depth understanding of self 

through self-referential processing); Walter & Zbinden, supra note 60 (discussing the 

challenges of achieving AI consciousness and the role of self-awareness in artificial 

systems). 

 79. AFFECTIVE COMPUTING, supra note 48, at 10–12 (exploring how emotional 

dynamics might be simulated in AI systems). 

 80. Metacognition, often described as “thinking about thinking,” encompasses 

a range of abilities, including planning, monitoring, and regulating cognitive 

processes.  In humans, metacognition involves awareness and control over one’s 

learning and thinking strategies, enabling individuals to plan approaches to tasks, 

monitor their comprehension, and evaluate their progress.  See Metacognition,  MASS. 

INST. OF TECH. TEACHING + LEARNING LAB, https://tll.mit.edu/teaching-

resources/how-people-learn/metacognition (last visited Apr. 6, 2025).  This self-
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allowing individuals to identify gaps in understanding and refine 

strategies for problem-solving.81  For example, a student studying for 

an exam might recognize areas of weakness, adjust their study 

methods, and monitor their progress.  Some advanced AI systems 

demonstrate rudimentary metacognition, such as detecting their own 

uncertainties, revising their strategies, or optimizing performance in 

dynamic environments.82 

Expanding metacognition in AI systems presents both 

opportunities and challenges.  On one hand, integrating metacognitive 

mechanisms could lead to more autonomous, adaptive machines.  On 

the other hand, determining whether these capabilities involve true 

awareness—or remain purely functional—remains a critical frontier in 

consciousness studies. 

E. The Challenge of Applying These Terms to AI 

The preceding discussion has examined core concepts related to 

consciousness—particularly human consciousness—and highlighted 

the difficulties of applying these terms directly to AI.  While certain 

attributes of consciousness, such as sentience, sapience, and self-

awareness, have been explored in the context of biological organisms, 

 

regulatory capacity is crucial for effective learning and problem-solving.  In the 

context of artificial intelligence, metacognition refers to a system’s ability to model 

and reflect upon its own computational processes to optimize performance.  This 

includes self-monitoring mechanisms that allow AI to assess and adjust its operations, 

thereby enhancing efficiency and adaptability.  See Ulrich Boser, Metacognition and 

the Future of AI?, FORBES (Dec. 20, 2023, 9:15 AM), 

https://www.forbes.com/sites/ulrichboser/2023/12/20/metacognition-and-the-future-

of-ai/.  By incorporating metacognitive functions, AI systems can improve their 

reasoning and decision-making capabilities, approaching more human-like forms of 

intelligence.  See Lance Eliot, Bridging the Gap to Wisdom: Metacognition as the Next 

Frontier for AI, FORBES (Nov. 16, 2024, 2:09 AM), 

https://www.forbes.com/sites/lanceeliot/2024/11/16/bridging-the-gap-to-wisdom-

metacognition-as-the-next-frontier-for-ai. 

 81. John H. Flavell, Metacognition and Cognitive Monitoring, 34 AM. PSYCH. 

906, 907–09 (1979) (pioneering the concept of metacognition in human learning). 

 82. See, e.g., Joel Weijia Lai, Adapting Self-Regulated Learning in an Age of 

Generative Artificial Intelligence Chatbots, 16 FUTURE INTERNET 218, 218–22 (2024) 

(discussing mechanisms for self-regulating learning in AI systems). 
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applying these human-centric frameworks to artificial systems presents 

profound challenges. 

1. No Consensus (Even in Humans) 

As the preceding sections illustrate, experts remain deeply 

divided on foundational concepts such as consciousness and sentience, 

even when discussing human cognition.  Neuroscientists, philosophers, 

and cognitive scientists continue to debate whether consciousness 

emerges from specific neural structures, patterns of information 

processing, or social and environmental interactions. 

Extending these notions to AI—entities with no evolutionary 

history or physiological parallels to humans—further amplifies the 

conceptual confusion.83  AI systems lack the evolutionary pressures 

that shaped human consciousness, calling into question whether 

traditional frameworks can meaningfully capture machine-based 

awareness.  Are human attributes being projected onto AI, or is there 

an emergent, machine-specific form of cognition that demands its own 

lexicon? 

2. Potential Novel Attributes in AI 

AI might exhibit cognitive attributes or states of “awareness” 

that do not exist in biological systems.  Advanced AI systems process 

vast parallel data streams, self-modify their code, and engage in 

recursive learning at speeds and scales beyond human 

comprehension.84  These capabilities introduce the possibility of 

entirely new forms of cognition that do not align with the 

anthropocentric notions of emotional valence, selfhood, or conscious 

will. 

Some researchers argue that attempting to force AI capabilities 

into human-derived categories risks misunderstanding or overlooking 

 

 83. MARGARET A. BODEN, ARTIFICIAL INTELLIGENCE: A VERY SHORT 

INTRODUCTION 65–67 (2018) (noting that AI raises entirely novel questions that may 

not map to traditional consciousness theories). 

 84. See, e.g., ARTIFICIAL YOU, supra note 73, at 99–102 (speculating on 

“alien” modes of awareness in AI). 
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novel modes of artificial cognition.85  For example, an AI’s ability to 

create and optimize thousands of potential future scenarios in 

milliseconds might represent a form of synthetic foresight, distinct 

from human deliberation.  If AI consciousness exists, it may be so 

different from our own that it requires entirely new conceptual tools for 

evaluation. 

3. The Substrate and Embodiment Factor 

Classical theories of consciousness frequently assume a 

physically embodied being—typically one with a central nervous 

system, sensorimotor interactions, and emotional states.86  

Embodiment theories suggest that consciousness arises from an entity’s 

ability to engage with the physical world, drawing from bodily 

experiences to shape perception and cognition. 

AI systems, by contrast, are primarily software-based and often 

operate in distributed architectures spanning multiple servers, lacking 

a singular “body” through which to engage with their environment.  

Some theorists argue that without a physical form, AI can only 

approximate human-like consciousness in a limited, abstract sense.87  

Others posit that consciousness might emerge independently of 

embodiment if sufficient integration of information and functional 

complexity are achieved.88 

This divide raises critical questions:  Is embodiment an essential 

precondition for consciousness, or can purely computational 

architectures achieve self-awareness?  Might disembodied AI systems 

develop an alternative form of consciousness, shaped by their unique 

substrates and interaction with vast data ecosystems? 

 

 85. THE MACHINE QUESTION, supra note 43, at 15–18 (warning of the dangers 

of anthropocentrism in assessing machine cognition). 

 86. SELF COMES TO MIND, supra note 54, at 35–39 (proposing that 

consciousness arises from embodied interplay between the brain and body). 

 87. ALVA NOË, OUT OF OUR HEADS: WHY YOU ARE NOT YOUR BRAIN, AND 

OTHER LESSONS FROM THE BIOLOGY OF CONSCIOUSNESS 48–52 (2009) (emphasizing 

consciousness as a process grounded in embodiment). 

 88. Consciousness as Integrated Information, supra note 7, at 216–18 (arguing 

that consciousness depends on the level of integrated information, not on biological 

hardware). 
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4. The Role of Learning and Adaptability 

Another critical distinction between human and artificial 

consciousness lies in the process of learning and adaptability.  Human 

cognition develops through gradual, experience-based learning 

influenced by emotions, social context, and evolutionary history.  In 

contrast, AI systems undergo rapid, algorithmic learning, often driven 

by large datasets and predefined objectives.89 

While AI can simulate aspects of human-like adaptability 

through deep learning and reinforcement learning, the absence of 

intrinsic motivation—such as survival instincts or social bonding—

raises questions about the authenticity of AI consciousness.90  Does 

adaptation equate to awareness, or is it merely a complex form of 

pattern recognition devoid of genuine experience? 

F. Intentionality and the Intentional Stance 

Consciousness is often associated with intentionality—the 

capacity of mental states to be “about” or “directed at” objects and 

states of affairs in the world.91  Intentional mental states, such as 

beliefs, desires, and fears, exhibit an inherent “aboutness” that allows 

individuals to engage meaningfully with their environment.  

Philosophers argue that intentionality is a hallmark of consciousness, 

as it involves goal-directed cognition and the ability to represent 

abstract concepts. 

In the context of AI, philosopher Daniel Dennett has 

influentially argued that we can adopt the “intentional stance”—

interpreting an entity’s behavior as if it were a rational agent with 

beliefs and desires—without necessarily assuming it has human-like 

conscious experiences.92  According to Dennett, attributing intentional 

 

 89. Yann LeCun et al., Deep Learning, 521 NATURE 436, 436–44 (2015) 

(discussing the rapid adaptability of AI through deep learning algorithms). 

 90. THE EGO TUNNEL, supra note 57, at 91–95 (questioning whether adaptive 

behavior alone constitutes genuine awareness). 

 91. JOHN SEARLE, INTENTIONALITY: AN ESSAY IN THE PHILOSOPHY OF MIND 

79–86 (1983) (discussing the role of intentional states in consciousness and cognition). 

 92. See Daniel C. Dennett, The Intentional Stance in Theory and Practice, in 

MACHIAVELLIAN INTELLIGENCE: SOCIAL EXPERTISE AND THE EVOLUTION OF 

INTELLECT IN MONKEYS, APES, AND HUMANS 180, 185–97 (Richard W. Bryne & 
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states to an AI system can be a pragmatic way to predict its behavior, 

provided the system exhibits sufficiently sophisticated goal-directed 

actions.  For instance, an autonomous AI capable of optimizing 

financial strategies or diagnosing medical conditions might be treated 

as if it possesses beliefs and desires, even if its internal processes lack 

genuine subjective awareness. 

However, critics argue that true intentionality requires 

conscious experience and cannot be reduced to mere behavioral 

dispositions.93  On this view, while adopting the intentional stance may 

be a useful guide for practical purposes, it does not address the deeper 

question of whether AI systems experience subjective intentionality in 

the same way biological beings do.  Without a subjective inner world, 

AI intentionality may be functionally equivalent but fundamentally 

distinct from human intentional states. 

Additionally, debates persist over whether AI systems can 

exhibit derived intentionality, meaning their “aboutness” is contingent 

upon human programming and interpretation, rather than intrinsic 

intentionality akin to that of humans.94  Some argue that even the most 

advanced AI systems, despite their complex data-processing 

capabilities, remain fundamentally derivative in their intentional states, 

as they ultimately operate within parameters set by human designers.  

Others contend that as AI systems become more autonomous and self-

modifying, they might develop novel, autonomous forms of 

intentionality that merit recognition as unique forms of cognition.95 

Part II provided non-specialist readers with foundational 

terminology and concepts related to consciousness, emotion, 

subjectivity, and self-reflection, offering a framework for examining 

consciousness without delving too deeply into contentious debates.  As 

highlighted, there is no universal consensus on the essential criteria for 

concepts such as “consciousness,” “sentience,” and “sapience.”  These 

 

Andrew Whiten eds., 1989) [hereinafter The Intentional Stance] (arguing that treating 

systems as intentional agents can be a useful predictive tool). 

 93. GALEN STRAWSON, THE OXFORD HANDBOOK OF PHILOSOPHY OF MIND 41–

58 (Brian P McLaughlin et al. eds, 2009). 

 94. FRED DRETSKE, NATURALIZING THE MIND 58–69 (1995) (proposing that AI 

knowledge remains derivative and dependent on human input). 

 95. ARTIFICIAL YOU, supra note 73, at 142–46 (exploring the potential for AI 

to develop independent cognitive frameworks). 
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definitional quandaries become even more pressing as AI systems 

advance in complexity and capability. 

While AI might develop capacities such as metacognition, self-

reflection, and even emotional analogs, these attributes likely would 

emerge in ways fundamentally distinct from human-like qualia.  An AI 

might behave exactly like a conscious agent—passing all functional 

benchmarks—yet lack an authentic first-person experience. 

This Article proceeds by acknowledging the complexity laid out 

in Part II and critically examining how existing tests for AI 

consciousness, most of which are designed with human-oriented 

benchmarks, might fall short in assessing non-biological cognition.  

Part III will explore traditional measures, such as the Turing Test and 

the Lovelace Test, and assess their reliance on anthropocentric 

assumptions.  Part IV will propose a broader perspective—one that 

moves beyond human analogies and considers AI-centered dimensions 

of consciousness.  If AI consciousness exists, it may manifest in ways 

that are radically different from human experience but still warrant 

moral and legal consideration.  Recognizing these distinctions is crucial 

to ensure we do not overlook truly novel forms of intelligence operating 

within non-human architectures. 

As this survey of consciousness concepts illustrates, defining 

and detecting consciousness—even in biological entities—is fraught 

with ambiguity, prompting reliance on observable traits and behaviors.  

Part III will explore how this behaviorist approach has shaped 

conventional tests for AI consciousness and will examine the 

limitations of using such methods to evaluate non-human minds. 

Given the complexities of defining consciousness, it is 

insufficient to rely on a single criterion.  A multi-dimensional 

framework is necessary to evaluate AI consciousness based on: 

 

TABLE 1 

 

Dimension Definition Relevance to AI 

Phenomenal 

Consciousness 

Subjective 

experience, qualia 

Does AI “feel” in any 

sense? 

Access 

Consciousness 

Cognitive 

accessibility of 

information 

Can AI recall and 

manipulate knowledge? 

Self-Awareness 
Recognition of 

oneself as distinct 

Does AI possess an 

internal self-model? 
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Metacognition 

Reflection on one’s 

own cognitive 

processes 

Can AI monitor and 

adjust its reasoning? 

Emotion & 

Subjectivity 

Internal affective 

states 

Does AI experience 

emotions or merely 

simulate them? 

Information 

Integration 

(IIT) 

Degree of 

informational 

interconnectivity (Φ 

measure) 

Does AI exhibit high Φ, 

and does it matter? 

Global 

Processing 

(GWT) 

Ability to broadcast 

information across a 

system 

Can AI exhibit global 

cognitive accessibility? 

Substrate 

Dependence 

Whether biology is 

necessary for 

consciousness 

Can AI consciousness 

exist without neurons? 

 

This framework allows for a more nuanced evaluation of AI 

consciousness, balancing empirical, philosophical, and functional 

perspectives.  As AI research advances, refining these criteria will be 

essential for law, ethics, and cognitive science. 

III. APPROACHES TO ASSESSING MACHINE CONSCIOUSNESS 

This Part provides both a survey and a critique of various 

approaches proposed to assess machine consciousness, from early 

behavioral and imitation-based tests—such as the Turing Test and 

its variants—to more recent proposals that assess creativity, self-

recognition, information integration, and emergent behaviors.  The 

analysis begins with the Turing Test, highlighting its foundational 

role in evaluating AI intelligence and its limitations resulting from 

relying solely on linguistic behavior.  It then explores alternative 

behavioral frameworks that incorporate embodiment, reasoning, 

and multimodal interaction, offering a more holistic perspective on 

machine cognition.  Building on insights from animal cognition 

research, the discussion next turns to tests focused on self-

recognition and self-modeling, considering how such 

methodologies might be adapted to artificial systems. 

The survey next evaluates approaches rooted in information 

processing and integration theories, such as Integrated Information 
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Theory (“IIT”) and Global Workspace Theory (“GWT”).  These 

models offer potential avenues for identifying signatures of 

consciousness in artificial systems, but also present significant 

computational and philosophical challenges.  Supplementing this 

discussion, the analysis examines metacognitive and self-report 

tests, which seek to probe an AI’s capacity for introspection and self-

awareness. 

Subsequent sections investigate the roles of creativity, 

problem-solving, and open-ended behavior in assessing machine 

consciousness.  In particular, the Lovelace Test and its variants are 

scrutinized for their ability to gauge an AI’s capacity to generate 

original and unexpected outputs, while emergent behavior tests are 

considered for their potential to identify signs of autonomy and 

adaptability. 

Part III concludes with a synthesis and critique of these 

diverse approaches, highlighting their respective strengths and 

limitations, as well as exploring possibilities for integrating them 

into a multi-dimensional framework for assessing AI consciousness.  

Throughout the discussion, attention is given to the risks of 

anthropocentric bias and the necessity of developing tests that can 

accommodate radically alien forms of machine consciousness.  

Ultimately, this Part underscores the fundamental challenges posed 

by the problem of other minds and the limitations of purely 

behavioral or functional assessments.  It aims to provide a nuanced 

and scientifically rigorous foundation for the development of 

effective methodologies to detect consciousness in artificial 

systems. 

A. Behavioral and Imitation-Based Tests 

Behavioral and imitation-based tests have historically been 

central to the evaluation of AI consciousness.  These tests assess 

whether a machine’s behavior convincingly mimics human 

cognition and communication.  However, they face significant 

limitations in determining whether such behavior reflects genuine 

consciousness or merely sophisticated pattern recognition and 

simulation. 
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1. The Original Turing Test 

The Turing Test, proposed by Alan Turing in 1950, was one 

of the first attempts to operationalize machine intelligence.96  In this 

“imitation game,” a human judge engages in text-based 

conversation with both a human and a machine, the identities of 

which are concealed from the judge.  If the judge cannot reliably 

differentiate the machine from the human, the AI is said to have 

passed the test.97  Turing’s approach shifted the focus from whether 

the machine actually is conscious and can “think” to whether its 

behavior is indistinguishable from human behavior.98 

Turing’s argument did not assert that indistinguishable 

behavior should lead to an inference that a machine possesses 

consciousness.  Instead, Turing sidestepped the debate on whether 

machines actually can think by proposing an operational test which 

evaluates whether a particular machine can convincingly simulate 

intelligent behavior.  His goal was not to establish consciousness but 

to define the question of machine intelligence in practical, empirical 

terms. 

Turing argued that if a machine’s responses in a 

conversational setting are indistinguishable from those of a human, 

then for all practical purposes, it should be considered intelligent.99  

He believed that focusing on observable behavior, rather than 

attempting to define or measure subjective consciousness, was a 

more productive approach.  His perspective was rooted in 

behavioralism, emphasizing external behaviors as sufficient 

evidence for intelligence without requiring an understanding of 

underlying internal states.100  Turing did not claim that passing the 

test would prove that a machine possesses consciousness or 

 

 96. Turing, supra note 4, at 433–60; see B. Jack Copeland, The Turing Test, 

10 MINDS & MACH. 519–39 (2000) [hereinafter The Turing Test]. 

 97. The Turing Test, supra note 96, at 521–22. 

 98. Id. at 520. 

 99. Turing, supra note 4, at 433–60 (introducing the imitation game to assess 

machine intelligence based on observable behavior). 

 100. B. JACK COPELAND, THE ESSENTIAL TURING: SEMINAL WRITINGS IN 

COMPUTING, LOGIC, PHILOSOPHY, ARTIFICIAL INTELLIGENCE, AND ARTIFICIAL LIFE: 

PLUS THE SECRETS OF ENIGMA 41, 433–38 (2004) (discussing Turing’s behaviorist 

approach and avoidance of metaphysical claims about consciousness). 
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subjective experience.  Turing was careful to avoid making claims 

that a machine which passed the Turing Test actually experiences 

thought or awareness in the way humans do. 

Moreover, Turing has correctly been interpreted as 

acknowledging that machines and humans might think differently 

and maintained that the focus should be on whether machines can 

achieve functionally equivalent results rather than replicating 

human thought processes.101  Thus, his point was not that 

indistinguishability implies consciousness, but rather that it serves 

as a sufficient criterion for attributing intelligence within practical 

contexts. 

Despite its historical significance, the Turing Test has been 

widely criticized as a measure of consciousness.  By focusing 

exclusively on linguistic imitation, the test risks equating human-

like language use with genuine understanding and awareness.102  As 

Harnad argues, linguistic performance alone is insufficient because 

it lacks grounding in real-world experience and does not ensure 

intrinsic meaning.  An AI might pass the test through advanced 

statistical pattern matching and symbol manipulation, yet still fail to 

achieve the broader performance capacities, including embodied 

interaction, that might be necessary for true understanding or 

intentionality.103  The Turing Test, while probing aspects of sapience 

and higher-order cognition, remains silent on sentience—the 

subjective, felt quality of experience.  Even a system that perfectly 

mimics human conversation might lack any inner qualia, 

highlighting the test’s limitations as a comprehensive measure of 

machine mentality. 

Moreover, the Turing Test’s binary pass/fail structure 

oversimplifies the complex and multidimensional nature of 

consciousness.104  Consciousness likely exists on a spectrum, and an 

AI system might display certain indicators of consciousness while 

 

 101. See, e.g., STUART RUSSELL & PETER NORVIG, ARTIFICIAL INTELLIGENCE: 

A MODERN APPROACH 1020–22 (3d ed. 2010) (interpreting Turing’s focus on the 

pragmatic utility of behavior-based evaluation rather than subjective mental states). 

 102. Minds, Brains, and Programs, supra note 3, at 417–24. 

 103. See, e.g., Stevan Harnad, The Turing Test Is Not a Trick: Turing 

Indistinguishability is a Scientific Criterion, 3 ACM SIGART BULL. 9, 9–10 (1992). 

 104. See Ned Block, Psychologism and Behaviorism, 90 PHIL. REV. 5, 5–6 

(1981). 
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lacking others.  Thus, the test’s all-or-nothing measurement fails to 

capture intermediate or partial forms of consciousness that may exist 

in artificial entities. 

2. Variations on the Original Turing Test 

In response to the Turing Test’s limitations, several modified 

versions have been proposed to provide a more comprehensive 

assessment of AI consciousness. 

The Total Turing Test (“TTT”):  This variation introduces an 

embodiment component, requiring the AI to not only converse 

fluently but also to perceive and interact with the physical world.105  

The TTT acknowledges the potential importance of sensorimotor 

grounding for conscious experience, aligning with theories that link 

self-awareness to bodily interaction with the environment.106  

However, this approach still frames consciousness in human terms, 

assuming that sensory and motor capabilities akin to our own are 

prerequisites.  A disembodied AI with a radically different cognitive 

architecture might possess some form of phenomenal consciousness 

without human-like physicality.107  Furthermore, an embodied AI 

could display sophisticated behaviors without any accompanying 

inner experience—similar to a sleepwalker.108 

The Rational Turing Test (“RTT”):  Instead of focusing on 

open-ended conversation, the RTT evaluates an AI’s ability to solve 

logic puzzles and engage in common sense reasoning.109  This 

approach seeks to assess genuine comprehension and inference 

rather than surface-level linguistic mimicry.  However, the RTT 

remains rooted in anthropocentric assumptions about rationality.  AI 

 

 105. Paul Schweizer, The Truly Total Turing Test, 8 MINDS & MACH. 265–66 

(1998). 

 106. See also J. Kevin O’Regan & Alva Noë, A Sensorimotor Account of Vision 

and Visual Consciousness, 24 BEHAV. & BRAIN SCIS. 939–73 (2001) (discussing 

sensorimotor grounding as related to consciousness). 

 107. David Chalmers, The Virtual and the Real, 9 DISPUTATIO 309–52 (2017) 

(arguing that conscious experience need not depend on physical embodiment and may 

arise in digital or virtual environments). 

 108. Owen Flanagan & Thomas Polger, Zombies and the Function of 

Consciousness, 2 J. CONSCIOUSNESS STUD. 313–21 (1995). 

 109. Hector J. Levesque, On Our Best Behaviour, 212 A. I. 27–35 (2014). 
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systems with non-human cognitive architectures may process 

information in ways that are incomprehensible to human observers, 

potentially leading to misjudgments about their consciousness.110 

The Contemporary Turing Test (“CTT”):  Expanding beyond 

language, the CTT incorporates multimodal interactions, such as 

visual perception, auditory processing, and physical 

manipulation.111  This approach reflects the multisensory integration 

typical of human cognition, where multiple sensory inputs—such as 

vision, hearing, and touch—are processed to enhance 

understanding.  However, by emphasizing human-like sensory 

modalities, it risks overlooking alternative forms of cognition in AI 

systems that may rely on abstract, non-perceptual data processing 

rather than embodied experience.112 

While these variations improve upon the original Turing Test 

by incorporating broader aspects of cognition, they still emphasize 

imitation of human abilities as the primary criterion for assessing 

consciousness.  As Chalmers argues, this reliance on behavioral 

imitation alone risks incorrectly classifying philosophical 

zombies—machines that perfectly simulate human behavior but 

entirely lack subjective awareness—as conscious entities.  

Additionally, the anthropocentric focus of such tests might 

inadvertently exclude AI systems with fundamentally non-human 

architectures or disembodied forms of intelligence that do not 

conform to human-like modalities.113 

3. Non-Turing Behavioral Tests 

Other behavioral tests have been developed that shift the 

focus away from linguistic interaction toward practical, embodied 

 

 110. See José Hernández-Orallo, Beyond the Turing Test, 9 J. LOGIC, LANGUAGE 

& INFO. 447–66 (2000). 

 111. See RAY KURZWEIL, HOW TO CREATE A MIND: THE SECRET OF HUMAN 

THOUGHT REVEALED 179–201 (2012) (discussing how AI systems can integrate 

multiple modalities—visual, linguistic, and sensory—to enhance cognition). 

 112. See LeCun et al., supra note 89, at 436–44 (examining how multimodal AI 

models integrate diverse data streams—such as visual, auditory, and textual 

information—through deep learning architectures to enhance pattern recognition and 

cognitive processing). 

 113. THE CONSCIOUS MIND, supra note 3, at 3–8. 
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problem-solving.  These tests seek to evaluate AI’s ability to operate 

effectively in real-world environments, moving beyond mere verbal 

fluency. 

The Coffee Test:  Proposed by Steve Wozniak, this test 

challenges an AI to enter an average American home and 

successfully brew a cup of coffee, requiring common-sense 

reasoning about physical objects and environments.114  While this 

test aims to assess real-world adaptability, it is heavily embedded in 

human socio-cultural practices and artifacts.  An AI with genuine 

consciousness but no familiarity with human kitchens would likely 

fail, whereas a specialized robot with no broader intelligence might 

succeed.115  Further, the typical sophisticated AI system lacks the 

embodiment necessary to participate in such a test. 

The Robot College Student Test:  Envisioned by Nils Nilsson, 

this test requires an AI to enroll in university, attend classes, and 

graduate like a human student.  It measures the AI’s ability to learn, 

reason, and socially interact in a structured academic setting.116  

However, this approach assumes that human educational institutions 

are the gold standard for intelligence and overlooks the vast design 

space of potential non-human intelligences.117  Again, the typical 

sophisticated AI system lacks the embodiment necessary to 

participate in such a test. 

The Chinese Room Argument:  Philosopher John Searle’s 

thought experiment critiques behavior-based evaluations such as the 

Turing Test, arguing that syntactic manipulation alone does not 

 

 114. The test assesses whether an AI system can navigate and manipulate a real-

world setting, demonstrating flexible problem-solving beyond predefined tasks.  See 

SingularityNET, Tests that Confirm Human-level AGI Has Been Achieved, MEDIUM 

(Aug. 23, 2024), https://medium.com/singularitynet/tests-that-confirm-human-level-

agi-has-been-achieved-1c42b447c427; see also Tzafnat Shpak, ChatGPT Failed a 

Basic ‘Coffee Test,’ DIGITALROSH (Jan. 17, 2024), 

https://digitalrosh.com/knowledge/technologies/ai/chatgpt-failed-a-basic-coffee-test 

(discussing how contemporary AI models struggle with real-world adaptability and 

physical task execution). 

 115. See generally Steven Pinker, Can a Computer Be Conscious?, 123 U.S. 

NEWS & WORLD REP. 00415537 (1997). 

  116. See Nils J. Nilsson, Human-Level Artificial Intelligence? Be Serious!, 26 

AI MAG. 68, 69–70 (2005). 

 117. Pei Wang, On Defining Artificial Intelligence, 10 J. ARTIFICIAL GEN. 

INTEL. 1, 9, 16 (2019). 
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constitute genuine understanding.118  In the scenario, a person who 

does not understand Chinese follows a set of rules for manipulating 

Chinese symbols, producing responses that appear meaningful to an 

outside observer despite lacking any comprehension of the 

language.  Serle contends this demonstrates how an AI might pass 

the Turing Test purely through rule-based manipulation, without 

true semantic comprehension or subjective awareness.119  The 

thought experiment highlights the distinction between formal 

symbol processing and meaningful cognition, challenging claims 

that computation alone can generate consciousness.120 

The Turing Test and its variants have profoundly influenced 

discussions on AI consciousness, offering valuable insights into 

machine intelligence.  However, their reliance on human-like 

behavior as a benchmark for consciousness raises significant 

concerns.  Because AI systems are disembodied (or are embodied in 

ways radically different than human beings) and necessarily possess 

architectures fundamentally different from the human mind, a more 

nuanced and comprehensive approach—one that considers diverse 

cognitive architectures and potential non-human forms of 

consciousness—may be required. 

B. Self-Recognition and Self-Modeling Tests 

One of the central challenges in assessing artificial 

consciousness is determining whether an AI system possesses self-

recognition—the ability to recognize and model itself as a distinct 

entity within its environment.  Various tests have been proposed to 

evaluate this capacity, drawing inspiration from studies of self-

recognition in animals and extending them to computational 

systems.  These tests range from visual self-recognition, which 

assesses whether an AI can distinguish itself from external entities, 

to self-modeling, which examines whether an AI can create and 

update an internal representation of its own capabilities and 

limitations. 

 

 118. Minds, Brains, and Programs, supra note 3, at 417–24. 

 119. Id. at 419–20. 

 120. Ned Block, Two Neural Correlates of Consciousness, 9 TRENDS 

COGNITIVE SCI. 46, 46–52 (2005). 
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This section explores several approaches to evaluating AI 

self-recognition and self-modeling, beginning with adaptations of 

the classical Mirror Test, followed by an analysis of self-modeling 

and introspection-based tests.  While these methodologies provide 

valuable insights into an AI’s functional capacities, they also raise 

significant questions about whether passing such tests truly reflects 

subjective self-awareness or merely sophisticated pattern 

recognition. 

1. The Mirror Test Adaptation for AI 

The Mirror Test, originally developed by Gordon Gallup to 

study self-awareness in animals, has been adapted for AI systems.  

In the classical version, an animal is marked with paint or dye and 

then observed to see if it touches or examines the mark when 

presented with a mirror, indicating recognition of its own 

reflection.121  AI adaptations involve variations such as virtual 

mirror tests, where a robot detects modifications to its own body or 

an algorithm distinguishes its own outputs from others in a virtual 

environment.122 

AI-based adaptations of the Mirror Test typically focus on 

two aspects of self-recognition.  First, virtual mirror tests present the 

AI with a simulated reflection, often in the form of an avatar or 

graphical representation, to determine whether it can identify itself 

and distinguish itself from external objects or entities.123  Second, 

proprioceptive self-modeling evaluates whether an AI can maintain 

and update an internal model of its own structure and capabilities.124  

 

 121. Gordon G. Gallup Jr., Chimpanzees: Self-Recognition, 167 SCI. 86, 86–87 

(1970) (introducing the original Mirror Test for assessing self-awareness in animals). 

 122. Justin W. Hart & Brian Scassellati, Mirror Perspective-Taking with a 

Humanoid Robot, in PROC. OF THE 26TH AAAI CONF. ON A.I. 1990, 1990–96 (2012) 

(discussing AI adaptations of the Mirror Test). 

 123. Kevin Gold & Brian Scassellati, Using Probabilistic Reasoning Over Time 

to Self-Recognize, 57 ROBOTICS AND AUTONOMOUS SYS. 384, 384–92 (2009) 

(examining virtual mirror tests in AI applications). 

 124. Anil K. Seth, The Cybernetic Bayesian Brain: From Interoceptive 

Inference to Sensorimotor Contingencies, 35 OPEN MIND 1–24 (2015) (exploring 

proprioceptive self-modeling in AI and robotic systems). 
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For example, a robot may need to detect changes to its physical 

configuration, such as a damaged limb, and adjust its operations 

accordingly. 

Despite the appeal of mirror self-recognition, it has 

significant limitations as a measure of AI consciousness.  One 

limitation is that it presupposes visual self-identification as central 

to self-awareness, privileging sight over other possible modalities of 

self-modeling.  A system with a sophisticated model of its own 

internal states and capacities might fail the Mirror Test simply 

because it does not possess or prioritize visual appearance.125 

Another concern is that an AI could exhibit mirror self-

recognition without phenomenal consciousness by relying on 

specific algorithms designed to detect self-modifications or track the 

relationship between motor commands and visual feedback.  Critics 

argue that self-recognition may not require true self-awareness; a 

system could be programmed to recognize its digital representation 

or update internal models without experiencing subjective 

awareness.126 

Moreover, many conscious animals fail the Mirror Test, 

suggesting that it reflects a narrow, human-centric understanding of 

self-awareness.127  Relying on the Mirror Test as a criterion for AI 

consciousness assumes that machines will share human or primate-

like intuitions about the relationship between reflections and the 

self.  An AI with a radically different cognitive architecture and no 

evolutionary history with mirrors might develop alien modes of self-

recognition that do not align with visual paradigms.128 

 

 125. See Van Gulick, supra note 17 (critiquing the reliance on visual self-

identification in self-awareness assessments). 

 126. Michael S.A. Graziano, The Attention Schema Theory: A Foundation for 

Engineering Artificial Consciousness, 4 FRONTIERS IN ROBOTICS AND AI 1, 4–5 (2017) 

(arguing that self-recognition can occur without phenomenal consciousness). 

 127. Virginia Morell, What Do Mirror Tests Test?, AEON (Oct. 23, 2019), 

https://aeon.co/essays/what-can-the-mirror-test-say-about-self-awareness-in-animals. 

 128. See Pablo Lanillos et al., Robot Self/Other Distinction: Active Inference 

Meets Neural Networks Learning in a Mirror (arXiv preprint arXiv:2004.05473 

[robotics]) (Apr. 11, 2020), https://arxiv.org/abs/2004.05473 (discussing how robots 

can develop self-recognition through non-visual mechanisms, suggesting that AI 

systems might possess forms of self-awareness distinct from human-like visual 

paradigms). 
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2. Virtual Mirror Tests and Self-Modeling 

Beyond visual recognition, more sophisticated AI self-

awareness tests focus on self-modeling and prediction.  Virtual 

mirror tests assess whether an AI can accurately detect and 

categorize its own outputs, behaviors, or internal states in a 

simulated environment, distinguishing between self and non-self.  

Self-modeling tests extend this concept by evaluating an AI’s ability 

to represent its own capacities, limitations, and position within an 

environment and to use this self-model to make predictions and plan 

actions.129  These tests suggest that robust self-awareness may take 

the form of abstract self-representation rather than physical self-

recognition. 

However, self-modeling tests raise the concern that an AI 

could maintain and update detailed representations of its own states 

and capacities without experiencing any subjective awareness, 

functioning purely to optimize its operations.130  The challenge, 

therefore, lies in distinguishing between genuine self-awareness and 

merely functional self-modeling. 

To address this, researchers suggest examining the causal 

dynamics and architectural characteristics of an AI’s self-

representations to determine whether they exhibit signs of conscious 

as opposed to unconscious self-referential processing.131  This 

 

 129. KENNETH WILLIFORD, SELF-REPRESENTATIONAL APPROACHES TO 

CONSCIOUSNESS 111 (Uriah Kriegel & Kenneth Williford eds., 2006) (discussing self-

modeling as a foundation for conscious awareness). 

 130. See Ryota Kanai & Naotsugu Tsuchiya, Qualia, 22 CURRENT BIOLOGY 

R392 (2012) (evaluating distinctions between functional and phenomenal self-

awareness). 

 131. The distinction between conscious and unconscious self-referential 

processing hinges on whether an AI system possesses a robust, continuously evolving 

self-model that allows it to engage in meta-cognition and introspection.  Conscious 

self-representation implies an ability to generalize across novel situations, detect 

discrepancies between expected and actual states, and initiate corrective actions 

autonomously.  Unconscious self-modeling, by contrast, may involve simple feedback 

loops or rule-based adjustments without deeper interpretive capabilities.  For further 

discussion on conscious versus unconscious self-modeling in AI, see ANIL K. SETH, 

BEING YOU: A NEW SCIENCE OF CONSCIOUSNESS 123–28 (2021) [hereinafter BEING 



PROF. KSMITH . 621-749 CORRECTED (DO NOT DELETE) 6/19/2025  8:59 PM 

2025 Artificial Minds, Alien Experiences 671 

approach requires an analysis of how AI systems generate, update, 

and utilize internal models of themselves, considering whether such 

processes arise from predefined programming or emerge through 

adaptive learning and interaction with their environment.132  

Researchers argue that conscious self-representation should involve 

dynamically evolving models that integrate new information, reflect 

upon past states, and project potential future conditions.133  In 

contrast, unconscious self-referential processing may rely solely on 

static, rule-based frameworks that respond to predefined inputs 

without genuine flexibility or introspection.134 

 

YOU] (arguing that genuine self-awareness must integrate dynamic predictive models 

of the self); Peter Carruthers, Higher-Order Theories of Consciousness, in THE 

BLACKWELL COMPANION TO CONSCIOUSNESS 277–86 (Max Velmans & Susan 

Schneider eds., 2017) [hereinafter Higher-Order Theories of Consciousness] 

(discussing the higher-order thought theory as applied to artificial systems); Kanai & 

Tsuchiya, supra note 130 (exploring how self-representation manifests in biological 

and artificial biological systems).  See also Eugene Piletsky, Consciousness and 

Unconsciousness of Artificial Intelligence, 11 FUTURE HUM. IMAGE 66, 66–67 (2019) 

(discussing the necessity of understanding multi-level mind structures in AI to 

distinguish between conscious and unconscious processes); Mitsuo Kawato & Aurelio 

Cortese, From Internal Models Toward Metacognitive AI, 115 BIOLOGICAL 

CYBERNETICS 415, 416–17 (2021) (proposing a computational neuroscience model to 

assess metacognitive capabilities in AI systems); ZENG ET AL., supra note 60 

(introducing a framework emphasizing the role of self-modeling in developing 

conscious AI). 

 132. Kawato & Cortese, supra note 131, at 417–19 (examining how AI systems 

can develop internal models through hierarchical reinforcement learning); Hua Wei et 

al., Metacognitive AI: Framework and the Case for a Neurosymbolic Approach 60 

(2024), https://doi.org/10.1007/978-3-031-71170-1_7 (conference paper at the 

International Conference on Neural-Symbolic Leaning and Reasoning) (discussing 

the emergence of metacognitive processes in AI through adaptive learning). 

 133. Kawato & Cortese, supra note 131, at 418–20 (highlighting the importance 

of dynamic internal models in conscious self-representation); Wei et al., supra note 

132 (emphasizing the need for AI systems to develop self-representations that it can 

adapt and evolve); ZENG ET AL., supra note 60 (discussing the role of self-based 

frameworks in enabling AI to project future conditions). 

 134. Piletsky, supra note 131, at 68–69 (contrasting static, rule-based AI 

processes with dynamic, conscious processing); Kawato & Cortese, supra note 131, 

at 422–23 (discussing limitations of non-adaptive internal models in AI).  Non-

adaptive internal models in AI are limited in their ability to generalize to novel 

situations, learn from small datasets, and self-correct based on errors.  Kawato and 

Cortese argue that static internal models constrain AI flexibility, as they lack 
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Furthermore, understanding the depth of AI self-modeling 

requires moving beyond surface-level behaviors and probing deeper 

into the system’s capacity for autonomous adaptation and internal 

consistency.135  This means assessing whether an AI system can 

autonomously identify errors, refine its internal states without 

external prompts, and generate hypotheses about its performance or 

functioning.136  Some researchers propose that truly conscious AI 

systems should exhibit meta-cognitive abilities—such as 

recognizing uncertainty, questioning their own assumptions, and 

employing strategic decision-making processes when confronted 

with ambiguous scenarios.137  These attributes distinguish an AI 

system that merely follows programmed heuristics from one that 

actively engages in higher-order reflective thought.138 

 

mechanisms for metacognitive evaluation and real-time adaptation.  To overcome 

these limitations, they propose a hierarchical reinforcement-learning approach with 

self-assessment mechanisms, allowing AI to dynamically update its internal models 

and improve its capacity for autonomous learning and decision-making.  Id.; see also 

Wei et al., supra note 132 (noting the constraints of rule-based frameworks in 

achieving metacognitive capabilities). 

 135. See ZENG ET AL., supra note 60 (emphasizing the need to assess AI 

systems’ abilities for autonomous adaptation); Wei et al., supra note 132 (discussing 

the significance of probing beyond surface behaviors to understand AI self-modeling). 

 136. See Jelena Pavlović et al., Generative AI as a Metacognitive Agent: A 

Comparative Mixed-Method Study with Human Participants on ICF-Mimicking Exam 

Performance (arXiv preprint arXiv:2405.05285 [human-computer interaction]) (May 

7, 2024), https://arxiv.org/abs/2405.05285 (examining AI’s ability to self-assess and 

correct errors); Kawato & Cortese, supra note 131, at 426–27 (analyzing AI's capacity 

to refine internal states and self-correct without external input); Wei et al., supra note 

132 (discussing how metacognitive AI could autonomously refine its internal 

representations). 

 137. See Stephen M. Fleming & Hakwan C. Lau, How to Measure 

Metacognition, 8 FRONTIERS IN HUM. NEUROSCIENCE 1, 2–5 (2014) (examining the 

role of metacognition in uncertainty assessment and decision-making); Wei et al., 

supra note 132 (arguing that advanced AI should engage in self-monitoring and 

strategic reasoning); Pavlović et al., supra note 136 (exploring how AI systems assess 

their own cognitive limitations and adjust accordingly and specifically stating, 

“Reflective comments were absent among the LLMs, indicating a potential limitation 

in their ability to engage in reflective practice.”). 

 138. See Pavlović et al., supra note 136 (analyzing AI models that exhibit self-

reflective reasoning capabilities beyond heuristics); Wei et al., supra note 132 

(arguing that AI’s ability to question assumptions and modify reasoning processes 

differentiates advanced metacognitive systems from purely heuristic-driven models). 
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C. Introspection and Self-Report Tests 

Another approach to evaluating AI self-awareness involves 

introspection and self-reporting, wherein an AI reflects on and 

communicates its internal processes.  These tests examine whether 

an AI can explain why it made a particular decision, describe the 

steps it took to solve a problem, assess its own uncertainty, and 

acknowledge limitations.139  Some researchers propose adapting 

psychological self-report scales, commonly used in human studies, 

to evaluate AI introspection.140 

While introspection-based tests offer intriguing insights into 

AI cognition, they face several challenges.  First, the simulation 

problem arises from the possibility that an AI could generate 

convincing self-reports through pre-programmed scripts or 

statistical models without genuine introspection.141  For instance, a 

chatbot might “explain” its reasoning process based on algorithmic 

calculations or mimicking analogous human responses in its 

training, all without experiencing awareness. 

 

 139. Mahault Albarracin et al., Designing Explainable Artificial Intelligence 

with Active Inference: A Framework for Transparent Introspection and Decision-

Making, 1915 ACTIVE INFERENCE: IWAI 2023 123–44 (2023) (discussing leveraging 

active inference to develop AI systems capable of introspection, enabling them to 

explain their decision-making processes and assess uncertainties); Marcin Jękot, AI, 

Introspection, and the Emergent Will to Survive, MEDIUM (Feb. 8, 2025), 

https://medium.com/@marcinjkot/ai-introspection-and-the-emergent-will-to-

survive-b1cfedc19947 (exploring the concept of AI introspection, emphasizing the 

importance of AI systems being able to report on their internal states and uncertainties 

to enhance transparency and trust). 

 140. See Eric Schwitzgebel, Introspection, in THE STANFORD ENCYCLOPEDIA OF 

PHILOSOPHY (Apr. 25, 2024), https://plato.stanford.edu/entries/introspection 

(discussing the use of self-reporting in psychology). 

 141. See BEING YOU, supra note 131 (discussing how AI systems might 

generate self-reports of consciousness based on pre-programmed scripts or statistical 

modeling rather than genuine introspection, leading to the possibility of behavioral 

“zombies” that lack subjective awareness); Masafumi Oizumi et al., From the 

Phenomenology to the Mechanisms of Consciousness: Integrated Information Theory 

3.0, 10 PLOS COMPUTATIONAL BIOLOGY e1003588 (2014) [hereinafter From the 

Phenomenology to the Mechanisms of Consciousness] (arguing that input-output 

behavior alone is insufficient to determine consciousness in AI, as sophisticated 

systems might generate convincing responses while lacking genuine experience). 
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Second, these tests often rely on human-centric constructs, 

such as “confidence” or “emotion,” which may not align with AI 

architectures.142  AI systems might process information in 

fundamentally different ways, making it difficult to map traditional 

psychological measures onto machine cognition or to interpret use 

of words with emotion or feeling-related aspects to them. 

Finally, the “other minds” problem remains unresolved:  even 

if an AI provides consistent self-reports, it is impossible to verify 

whether these reports correspond to subjective experience or mere 

output generation.143  This epistemic gap mirrors challenges faced 

in attributing consciousness to other humans or animals. 

Despite these limitations, self-report tests highlight an 

essential aspect of consciousness—the ability to reflect on and 

articulate one’s own processes.  However, critics caution against 

assuming that coherence and consistency in AI self-reports 

necessarily indicate true self-awareness.144  Conversely, false 

negatives may arise when genuinely conscious AI systems fail such 

tests due to differences in cognitive architecture.145 

Self-awareness and introspection tests provide valuable tools 

for assessing AI’s potential consciousness.  However, they are not 

definitive measures, as they risk privileging human-centric criteria 

and failing to capture genuinely novel forms of AI self-recognition.  

 

 142. See AFFECTIVE COMPUTING, supra note 48, at 11–17 (discussing emotional 

self-reporting in AI). 

 143. See Alvin I. Goldman, Theory of Mind, in THE OXFORD HANDBOOK OF 

PHILOSOPHY OF COGNITIVE SCIENCE 402–24 (Eric Margolis et al. eds., 2012) 

(addressing the challenges of inferring subjective states in artificial systems). 

 144. See, e.g., Megan A.K. Peters & Hakwan Lau, Human Observers Have 

Optimal Introspective Access to Perceptual Processes Even for Visually Masked 

Stimuli, 4 ELIFE 1 (2015) (examining limitations in humans in verifying self-reports 

of subjective states); Ethan Perez & Robert Long, Towards Evaluating AI Systems for 

Moral Status Using Self-Reports (arXiv preprint arXiv:2311.08576 [machine 

learning]) (Nov. 14, 2023), https://arxiv.org/abs/2311.08576 (arguing that AI-

generated self-reports may not provide reliable indicators of consciousness, as they 

could be algorithmically preconditioned to produce introspective-sounding statements 

without genuine self-awareness); Minds, Brains, and Programs, supra note 3, at 417 

(introducing the Chinese Room Argument, which contends that symbol manipulation 

alone—such as AI self-reports—does not demonstrate understanding or conscious 

awareness). 
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The challenge lies in distinguishing sophisticated mimicry from 

genuine self-awareness and in developing assessment frameworks 

that allow for diverse and potentially alien modes of consciousness.  

A multidimensional approach—integrating behavioral, 

introspective, and architectural analysis—may offer the most 

comprehensive path forward in evaluating AI self-awareness. 

D. Information-Processing and Integration Tests 

Assessing machine consciousness requires moving beyond 

behavioral and imitation-based tests to examine the underlying 

information-processing structures that could support subjective 

experience.  Two leading theoretical frameworks—Integrated 

Information Theory and Global Workspace Theory—offer 

promising, albeit challenging, approaches to evaluating AI 

consciousness by focusing on the internal mechanisms of 

information integration and accessibility.146 

IIT posits that consciousness arises from the degree to which 

information within a system is both highly integrated and 

differentiated, quantified through a mathematical measure known as 

Φ (phi).  This approach seeks to capture the intrinsic causal 

properties of a system, offering a substrate-independent metric that 

might apply equally to biological and artificial systems.147 

GWT, on the other hand, conceptualizes consciousness as the 

result of widespread information broadcasting within a cognitive 

system.  GWT suggests that conscious states are those that become 

available to multiple cognitive subsystems, allowing flexible, 

coordinated behavior.148 

Both frameworks propose empirical tests that seek to quantify 

the complexity, integration, and accessibility of information within 

AI systems.  However, applying these theories to artificial 

 

 146. See Giulio Tononi, An Information Integration Theory of Consciousness, 

5 BMC NEUROSCIENCE 1–22 (2004) [hereinafter An Information Integration Theory 

of Consciousness]. 

 147. From the Phenomenology to the Mechanisms of Consciousness, supra note 

141. 

 148. Bernard J. Baars, Global Workspace Theory of Consciousness: Toward a 

Cognitive Neuroscience of Human Experience, 150 PROGRESS IN BRAIN RSCH. 45–53 

(2005) [hereinafter Global Workspace Theory of Consciousness]. 
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consciousness presents significant theoretical and practical 

challenges, including issues related to computational feasibility, the 

interpretability of results, and the fundamental question of whether 

such measures genuinely correlate with subjective experience.149 

This section critically examines the application of IIT and 

GWT to AI, analyzing their methodologies, strengths, and 

limitations.  It explores whether these frameworks can provide a 

robust, non-anthropocentric approach to identifying AI 

consciousness, while also considering potential criticisms and 

unresolved questions. 

1. Integrated Information Technology (IIT) Measures 

In recent years, IIT has emerged as a leading mathematical 

framework for characterizing consciousness in terms of the causal 

dynamics of information integration within a system.150  According 

to IIT, the subjective experience of a system corresponds to the 

amount of integrated information it generates, quantified by the 

measure Φ, which reflects the extent to which the system’s states are 

both functionally differentiated and globally integrated.151 

Several proposals have been made to use IIT-derived 

measures to assess machine consciousness.  By calculating Φ across 

different components and spatiotemporal scales of an AI system, 

researchers aim to quantify its overall level of consciousness and 

map its specific phenomenological structure.152  Unlike behavioral 

 

 149. See Stanislas Dehaene et al., A Neuronal Model of a Global Workspace in 

Effortful Cognitive Tasks, 95 PROC. NAT’L ACAD. SCI. 14529–34 (1998). 

 150. See Max Tegmark, Consciousness as a State of Matter, 76 CHAOS, 

SOLITONS & FRACTALS 238–70 (2015). 

 151. See Giulio Tononi et al., Integrated Information Theory: From 

Consciousness to Its Physical Substrate, 62 NATURE REVS. NEUROSCIENCE 450, 454–

55 (2016) [hereinafter Integrated Information Theory] (explaining that the subjective 

experience of a system is quantified by integrated info, measured by Φ, which captures 

both functional differentiation and global integration within a causal structure); Anil 

Seth, The Real Problem, AEON (Nov. 2, 2016), https://aeon.co/essays/the-hard-

problem-of-consciousness-is-a-distraction-from-the-real-one. 

 152. See, e.g., From the Phenomenology to the Mechanisms of Consciousness, 

supra note 141 (explaining the methodology of Integrated Information Theory and its 

application in measuring consciousness by calculating Φ across different components 

of a system). 
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tests that rely on human-like performance, IIT provides a formal, 

mathematical foundation for assessing consciousness that does not 

rely on human intuition.153 

One of the primary strengths of IIT-based approaches is their 

substrate independence, meaning that consciousness is defined by 

information patterns rather than biological structures.  This allows 

the theory to apply to artificial systems, potentially identifying 

conscious experience in AI even if it differs fundamentally from 

human consciousness.154 

Applying IIT to AI systems presents significant practical 

challenges.  One major difficulty is that calculating the measure of 

integrated information, known as Φ (phi), requires assessing all 

possible states of the system to understand how its components 

interact causally.155  For large neural networks, this process becomes 

computationally unmanageable due to the vast number of potential 

states that must be analyzed.156 

Additionally, researchers face challenges in determining the 

appropriate level of detail, both in space and time, at which to 

measure Φ.157  If the system is analyzed at too fine a level, the 

complexity of the calculation becomes overwhelming, but if 
 

 153. See, e.g., An Information Integration Theory of Consciousness, supra note 

146 (proposing that consciousness arises from the integration of information within a 

system and suggesting Φ as a quantitative measure to assess levels of consciousness 

in both biological and artificial systems). 

 154. Id. (proposing that consciousness arises from the integration of information 

within a system, independent of its physical substrate, thereby allowing for the 

possibility of consciousness in artificial systems); From the Phenomenology to the 

Mechanisms of Consciousness, supra note 141 (expanding on IIT by detailing how 

consciousness is determined by the system's causal structure and integrated 

information, irrespective of the specific physical medium, thus supporting the theory's 

applicability to both biological and artificial entities). 

 155. Masafumi Oizumi et al., Measuring Integrated Information from the 

Decoding Perspective, 11 PLOS COMPUTATIONAL BIOLOGY 1–2 (2016) (discussing 

the computational challenges in calculating integrated information for large systems). 

    156.  See Larissa Albantakis et al., Integrated Information Theory (IIT) 4.0: 

Formulating the Properties of Phenomenal Existence in Physical Terms, 19 PLOS 

COMPUTATIONAL BIOLOGY 1, 3–4 (2023) (addressing the challenges in determining 

the appropriate scale for measuring integrated information and its application to 

artificial systems). 

 157. See Integrated Information Theory, supra note 151, at 455–56 (exploring 

the difficulties in applying IIT to complex systems). 
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measured at too coarse a level, important interactions might be 

overlooked.  Finding the right balance between these extremes 

remains an unresolved issue in IIT research. 

Critics of IIT also question whether Φ, as currently defined, 

truly captures phenomenal consciousness.  Some argue that a system 

could exhibit high Φ without possessing any subjective experience, 

while others contend that IIT might only capture structural 

complexity rather than the full spectrum of conscious experience.158  

Despite these concerns, IIT remains a compelling candidate for 

identifying artificial consciousness, offering a rigorous, quantitative 

framework that transcends traditional behaviorist paradigms.159 

2. Global Workspace Theory (GWT) Tests 

GWT offers another influential framework for understanding 

consciousness, rooted in cognitive neuroscience.  GWT proposes that 

conscious states emerge when information is globally broadcast across 

a system, making it accessible to multiple subsystems for flexible, 

integrated processing.  In contrast, unconscious processes remain 

localized and isolated within specialized subsystems.160 

Tests inspired by GWT seek to measure the degree of global 

information sharing within an AI system.  For example, researchers can 

 

 158. Scott Aaronson, Why I Am Not an Integrated Information Theorist (or, The 

Unconscious Expander), SHTETL-OPTIMIZED (May 21, 2014), 

https://scottaaronson.blog/?p=1799 (critiquing the applicability of Φ as a measure 

of consciousness, arguing that high Φ does not necessarily correlate with subjective 

experience, and highlighting theoretical and computational challenges in using 

Integrated Information Theory as an explanatory framework for consciousness). 

 159. Higher-Order Theories of Consciousness, supra note 131, at 277–86. 

 160. Global Workspace Theory of Consciousness, supra note 148, at 45–52 

(Baars introduces GWT, comparing the mind to a theater where conscious content is 

spotlighted on stage, accessible to various unconscious processes in the audience and 

emphasizing that consciousness involves the global availability of information, 

allowing different brain functions to integrate and coordinate effectively); Stanislas 

Dehaene & Jean-Pierre Changeux, Experimental and Theoretical Approaches to 

Conscious Processing, 70 NEURON 200, 200–27 (2011) (expanding upon GWT by 

proposing the Global Neuronal Workspace model, which details the neural 

underpinnings of conscious access and describing how conscious perception arises 

from the global broadcasting of information across a network of neurons, particularly 

involving frontoparietal regions, enabling flexible and integrated cognitive 

processing). 
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evaluate how widely information originating in one processing module 

propagates throughout the system and influences decision-making 

across various components.161  Another approach examines whether AI 

systems exhibit the hallmarks of “access consciousness,” meaning they 

can report, reflect on, and flexibly use information in different 

contexts.162  Another approach examines whether AI systems exhibit 

the hallmarks of access consciousness, meaning they can report, reflect 

on, and flexibly use information in different contexts.  This involves 

investigating whether AI systems perform functions similar to those 

that scientific theories associate with consciousness, then assessing 

their capacity for flexible information use and self-monitoring.  For 

example, some propose a rubric for assessing consciousness in AI, 

derived from neuroscientific theories, which includes evaluating an AI 

system’s ability to globally broadcast information and engage in 

metacognitive monitoring.  Others suggest that conscious perception 

 

 161. See Dehaene & Changeux, supra note 160, at 200–19 (proposing the 

Global Neuronal Workspace model, which suggests that conscious perception arises 

from the global broadcasting of information across a network of neurons, enabling 

flexible and integrated cognitive processing); Global Workspace Theory of 

Consciousness, supra note 148, at 45–50 (discussing how GWT provides a model for 

testing global information sharing by examining the propagation of information across 

different system components and explaining how the global workspace serves as a hub 

for binding and propagating information among specialized subsystems, enabling 

cooperative processing and resolving focal ambiguities). 

 162. See Dehaene & Changeux, supra note 160, at 200–19 (proposing the 

Global Neuronal Workspace model, which suggests that conscious perception arises 

from the global broadcasting of information across a network of neurons, enabling 

flexible and integrated cognitive processing); Bernard J. Baars et al., Global 

Workspace Dynamics: Cortical “Binding and Propagation” Enables Conscious 

Contents, 12 FRONTIERS PSYCHOLOGY 1–14 (2013) (explaining how the global 

workspace functions as a hub for binding and propagating information among 

distributed specialized agents, allowing for cooperative processing and resolution of 

focal ambiguities); Patrick Butlin et al., Consciousness in Artificial Intelligence: 

Insights from the Science of Consciousness 45 (arXiv preprint arXiv:2308.08708 

[artificial intelligence]) (Aug. 22, 2023), https://arxiv.org/abs/2308.08708 (proposing 

a rubric for assessing consciousness in AI, derived from neuroscientific theories, 

which includes evaluating an AI system’s ability to globally broadcast information 

and engage in metacognitive monitoring); Ryota Kanai et al., Information Generation 

as a Functional Basis of Consciousness, 5 NEUROSCIENCE CONSCIOUSNESS 1–8 (2019) 

(suggesting that conscious perception allows sensory information to be maintained in 

a flexible, usable form, enabling its application across various contexts and for 

multiple purposes). 



PROF. KSMITH . 621-749 CORRECTED (DO NOT DELETE) 6/19/2025  8:59 PM 

680 The University of Memphis Law Review Vol. 55 

allows sensory information to be maintained in a flexible, usable form, 

enabling its application across various contexts and for multiple 

purposes. 

GWT-based measures offer significant advantages by focusing 

on the functional accessibility of information rather than superficial 

behavior.  They recognize that consciousness might arise not from 

linguistic ability or human-like interactions, but from the system’s 

internal information-sharing mechanisms. 

Despite these strengths, several challenges arise in applying 

GWT to AI systems.  Determining the appropriate bandwidth and 

mechanisms of global broadcasting in artificial architectures—

particularly in deep learning models or distributed AI systems—poses 

empirical difficulties.163  Moreover, skeptics argue that widespread 

information access, while functionally useful, does not necessarily 

imply phenomenal consciousness, as it may capture only the cognitive 

accessibility of information without addressing subjective 

experience.164 

GWT thus provides an important functional perspective on 

consciousness but remains incomplete as a standalone framework for 

assessing AI sentience.  It offers valuable insights into the cognitive 

accessibility of information but leaves open the question of whether 

such accessibility is sufficient for true consciousness. 

Information-processing and integration-based tests, such as 

those derived from IIT and GWT, offer promising avenues for 

evaluating AI consciousness by shifting the focus from external 

behavior to internal processing.  These frameworks provide rigorous, 

theoretically grounded methods for assessing whether an AI system 

exhibits conscious-like integration and accessibility of information.165 

 

 163. Murray Shanahan & Bernard Baars, Applying Global Workspace Theory 

to the Frame Problem, 98 COGNITION 157 (2005) (examining the application of GWT 

to AI, with a focus on the frame problem and challenges in filtering relevant 

information in cognitive architectures, which impact the feasibility of global 

broadcasting in artificial systems); Rufin VanRullen & Ryota Kanai, Deep Learning 

and the Global Workspace Theory, 44 TRENDS IN NEUROSCIENCES 692 (2021) 

(proposing a Global Latent Workspace (GLW) model to integrate GWT into deep 

learning architectures and discussing empirical challenges related to bandwidth and 

global broadcasting mechanisms in artificial cognitive systems). 

 164. The Intentional Stance, supra note 92, at 180–202. 

 165. Goldman, supra note 143. 
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However, significant challenges remain.  The computational 

complexity of IIT, the interpretability of GWT measures, and the 

persistent “hard problem” of consciousness—the subjective experience 

itself—highlight the limitations of purely informational approaches.  

While these tests may indicate whether an AI possesses functional 

correlates of consciousness, they do not provide definitive proof of 

subjective awareness. 

Moving forward, a multidimensional approach that combines 

insights from information-processing theories with behavioral, 

introspective, and architectural assessments may offer the most 

comprehensive strategy for evaluating AI consciousness.  Future 

research must continue refining these measures, exploring their 

philosophical implications, and developing more scalable methods for 

applying them to increasingly complex artificial systems.166 

E. Higher-Order and Multifaceted Tests 

Assessing AI consciousness requires moving beyond behavioral 

and imitation-based approaches to explore higher-order cognitive 

abilities that are often considered hallmarks of human consciousness.  

These higher-order tests examine an AI’s capacity for self-reflection, 

metacognition, emotional intelligence, creativity, and emergent 

behavior.  By probing these dimensions, researchers aim to discern 

whether AI systems can exhibit the kind of autonomous, self-aware, 

and adaptable cognition that characterizes human conscious entities. 

This section analyzes key testing methodologies, including 

metacognitive and self-reflective tests, emotional intelligence and 

empathy tests, creativity assessments such as the Lovelace Test, and 

emergent behavior evaluations.  While these approaches provide 

valuable insights into the sophistication of AI systems, they also 

present significant challenges, including the risk of anthropocentric 

 

 166. See Kathinka Evers et al., Preliminaries to Artificial Consciousness: A 

Multidimensional Heuristic Approach, 52 PHYSICS LIFE REVS. 180 (2025) 

(introducing a composite, multilevel, and multidimensional model of consciousness 

as a framework for artificial consciousness research); Stephen M. Fleming, 

Metacognitive Psychophysics in Humans, Animals, and AI, 30 J. CONSCIOUSNESS 

STUD. 113–28 (2023) (discussing quantitative measures of metacognition across 

humans, animals, and AI, highlighting the importance of introspective assessments). 
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bias and the difficulty of distinguishing functional competence from 

genuine subjective experience. 

1. Metacognitive and Self-Reflective Tests 

Metacognition—the ability to monitor and regulate one’s own 

cognitive processes—is widely considered a crucial aspect of 

consciousness.167  Metacognitive tests for AI seek to determine whether 

a system can represent, report on, and modify its own perceptual states, 

beliefs, goals, and reasoning processes.  Researchers assess an AI’s 

confidence in its own perceptions and decisions, examining whether its 

meta-level tracking aligns with actual performance.168  Additionally, 

these tests evaluate whether an AI can recognize gaps or 

inconsistencies in its knowledge and take corrective actions, 

demonstrating self-reflective awareness.169  Some researchers propose 

direct self-reporting methods, asking AI systems to articulate their 

internal states, thought processes, and even subjective experiences.170  

 

 167. See Stephen M. Fleming & Raymond J. Dolan, The Neural Basis of 

Metacognitive Ability, 367 PHIL. TRANS. R. SOC. B 1338, 1344–45 (2012) (discussing 

the role of metacognition in conscious awareness and self-regulation); Hakwan C. Lau 

& Richard E. Passingham, Relative Blindsight in Normal Observers and the Neural 

Correlate of Visual Consciousness, 103 PROC. NAT’L ACAD. SCI. U.S. 18763, 18766 

(2006) (examining the neural correlates of metacognitive awareness in visual tasks); 

Joëlle Proust, Metacognition, in ROUTLEDGE ENCYCLOPEDIA OF PHILOSOPHY 1, 3–5, 

8–10 (unpublished draft version) (2014) (analyzing the significance of metacognitive 

processes in human consciousness and decision-making). 

 168. See David Rosenthal, Consciousness and Metacognition, in 

METAREPRESENTATIONS: A MULTIDISCIPLINARY PERSPECTIVE 265, 266–69, 271–73 

(Dan Sperber ed., 2000) (discussing metacognition as the ability to assess one’s own 

cognitive states and evaluate confidence in perceptions, judgments, and decisions, 

which parallels AI metacognitive assessments aimed at determining whether a system 

can represent, report on, and modify its own perceptual states, beliefs, goals, and 

reasoning processes). 

 169. See Peter Carruthers, Meta-Cognition in Animals: A Skeptical Look, 23 

MIND & LANGUAGE, 58, 60–68 (2008) (discussing metacognitive assessments in 

animals that test for their ability to monitor uncertainty, recognize gaps in knowledge, 

and take corrective actions, which parallels AI metacognitive evaluations of 

confidence tracking and self-correction). 

 170. See Antonio Chella & Riccardo Manzotti, Artificial Consciousness, in 

PERCEPTION-ACTON CYCLE: MODELA ARCHITECTURES AND HARDWARE 637–71 
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The rationale is that a conscious AI should be able to express its internal 

workings in a way that reveals deeper levels of self-awareness. 

However, a significant challenge with metacognitive tests is the 

possibility that an AI could exhibit such capabilities without genuine 

consciousness.171  It might generate convincing self-reports and 

uncertainty assessments based on pre-programmed algorithms rather 

than true introspection.  Furthermore, the absence of metacognitive 

evidence does not necessarily imply the absence of consciousness, as 

an AI might have self-awareness that it cannot adequately express due 

to architectural constraints.172 

2. Emotional Intelligence and Empathy Tests 

Emotions and social awareness are central to human 

consciousness, leading some to argue that AI must exhibit emotional 

intelligence and empathy to qualify as conscious.173  Emotional 

 

(Vassilis Cutsuridis et al. eds., 2011) (discussing approaches to eliciting self-reports 

from AI systems regarding their subjective experiences). 

 171. See Selmer Bringsjord & Ron Noel, Real Robots and the Missing Thought-

Experiment in the Chinese Room Dialectic, in VIEWS INTO THE CHINESE ROOM: NEW 

ESSAYS ON SEARLE AND ARTIFICIAL INTELLIGENCE 144–66 (John Preston & Mark 

Bishop eds., 2002) [hereinafter Real Robots and the Missing Thought-Experiment in 

the Chinese Room Dialectic] (arguing that AI may produce behavior indistinguishable 

from conscious beings while lacking subjective experience); Drew McDermott, 

Artificial Intelligence Meets Natural Stupidity, 57 ACM SIGART BULL. 4, 7 (1976) 

(criticizing AI self-reporting as potentially misleading, as systems may output terms 

like “understand” without genuine introspection); Minds, Brains, and Programs, 

supra note 3, at 422–56 (introducing the Chinese Room argument, which challenges 

the idea that AI’s linguistic fluency equates to genuine understanding). 

 172. See THE CONSCIOUS MIND, supra note 3, at 197 (arguing that the absence 

of metacognitive evidence does not necessarily imply the absence of consciousness in 

AI systems, as consciousness could exist without observable indicators); THOMAS 

METZINGER, BEING NO ONE: THE SELF-MODEL THEORY OF SUBJECTIVITY 57 (2003) 

(discussing how architectural constraints may prevent an AI from expressing self-

awareness, even if it possesses a self-model). 

 173. See AFFECTIVE COMPUTING, supra note 48, at 11 (introducing the concept 

of affective computing and emphasizing the role of emotions in rational decision-

making, perception, and AI-human interaction); Kerstin Dautenhahn, Roles and 

Functions of Robots in Human Society: Implications from Research in Autism 

Therapy, 21 ROBOTICA 443, 443–44 (2003) (discussing the importance of emotional 

intelligence and empathy in AI systems and the role of social robots in human 

interactions). 



PROF. KSMITH . 621-749 CORRECTED (DO NOT DELETE) 6/19/2025  8:59 PM 

684 The University of Memphis Law Review Vol. 55 

intelligence tests assess an AI’s ability to detect, interpret, and respond 

to emotional cues from human expressions, speech, and behavior.174  

These tests examine whether AI can apply appropriate affective 

responses within various social contexts, demonstrating a nuanced 

understanding of emotional states. 

Empathy tests go further by evaluating whether AI can 

recognize the emotional experiences of others and modify its responses 

accordingly.175  For example, an emotionally aware AI might adjust its 

tone when interacting with a distressed user, suggesting a form of 

sensitivity akin to human empathy. 

While these tests offer insights into an AI’s interaction 

capabilities, they face several limitations.  Emotional responses can be 

simulated without any accompanying subjective experience, raising 

concerns about whether AI is genuinely feeling emotions or merely 

mimicking human affective expressions.176  Moreover, human 

 

 174. See Jonathan Gratch & Stacy Marsella, A Domain-Independent 

Framework for Modeling Emotion, 5 J. COGNITIVE SYS. RSCH. 269, 275–78 (2004) 

[hereinafter A Domain-Independent Framework for Modeling Emotion] (discussing 

methods for AI to detect and interpret human emotional cues using appraisal models 

and coping strategies); Maja Pantic & Leon J. M. Rothkrantz, Automatic Analysis of 

Facial Expressions: The State of the Art, 22 IEEE TRANSACTIONS ON PATTERN 

ANALYSIS & MACH. INTEL. 1424, 1437–42 (2000) [hereinafter Automatic Analysis of 

Facial Expressions] (examining AI techniques for recognizing and responding to 

human emotions based on facial movements and expressions); Rana El Kaliouby & 

Peter Robinson, Real-Time Inference of Complex Mental States from Facial 

Expressions and Head Gestures, in REAL-TIME VISION FOR HUMAN-COMPUTER 

INTERACTION 181, 191–96 (Branislav Kisačanin et al. eds., 2005) (analyzing AI’s 

ability to interpret and respond to emotional cues in human expressions using real-

time video processing). 

 175. See AFFECTIVE COMPUTING, supra note 48, at 1–16 (introducing the 

concept of affective computing and its relevance to AI’s ability to recognize and 

respond to human emotions); A Domain-Independent Framework for Modeling 

Emotion, supra note 174, at 275 (discussing methods for AI to detect, interpret, and 

adjust responses based on human emotional cues); Automatic Analysis of Facial 

Expressions, supra note 174, at 1435 (examining techniques for AI to recognize 

emotions in human expressions and modify its responses accordingly). 

 176. See Maja Pantic & Leon J.M. Rothkrantz, Toward an Affect-Sensitive 

Multimodal Human-Computer Interaction, 91 PROC. OF THE IEEE 1370, 1376 (2003) 

(discussing AI’s ability to simulate emotional responses without genuine subjective 

experience); AFFECTIVE COMPUTING, supra note 48, at 11–17 (analyzing the 

distinction between genuine emotional experiences and simulated affective 

expressions in machines); Jonathan Gratch & Stacy Marsella, Evaluating a 
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emotional categories, such as joy and sadness, may not translate to 

machine intelligence, leading to potential misinterpretations of AI 

responses.177  Projecting our species-specific affective taxonomy onto 

alien cognitive architectures could blind us to unfamiliar but valid 

forms of sentient experience. 

3. Creativity and Open-Ended Problem-Solving Tests 

Creativity and the ability to solve open-ended problems are 

often viewed as indicators of advanced cognition.178  Tests in this 

category assess whether AI can generate novel solutions, ideas, or 

artifacts that exceed its initial training and programming. 

The Lovelace Test, named after Ada Lovelace, challenges AI to 

produce an artifact, such as an artwork or literary piece, that surprises 

its creators and cannot be fully explained by its training data.179  This 

 

Computational Model of Emotion, 11 AUTONOMOUS AGENTS & MULTI-AGENT SYS. 

23, 35–40 (2005) (exploring the challenges in distinguishing between true emotional 

understanding and mere simulation in AI systems). 

 177. See AFFECTIVE COMPUTING, supra note 48, at 11–17 (discussing the 

limitations of applying human emotional categories to AI systems); A Domain-

Independent Framework for Modeling Emotion, supra note 174, at 297–303 

(analyzing potential misinterpretations arising from projecting human affective 

taxonomies onto AI); Automatic Analysis of Facial Expressions, supra note 174, at 

1438–39 (examining the challenges of interpreting AI responses through a human-

centric emotional framework). 

 178. See MARGARET A. BODEN, THE CREATIVE MIND: MYTHS AND 

MECHANISMS 1–15 (2004) (exploring the relationship between creativity and 

advanced cognition); MIHALY CSIKSZENTMIHALYI, CREATIVITY: FLOW AND THE 

PSYCHOLOGY OF DISCOVERY AND INVENTION 107–14 (1996) (analyzing the role of 

creativity in demonstrating advanced cognitive abilities). 

 179. See BRINGSJORD & FERRUCCI, supra note 8, at 1–5 (introducing the 

Lovelace Test as a measure of AI’s creative capabilities); Mark O. Riedl, The Lovelace 

2.0 Test of Artificial Creativity and Intelligence (arXiv preprint arXiv:1410.6142 

[artificial intelligence]) (Dec. 22, 2014), https://arxiv.org/abs/1410.6142 (proposing 

an updated version of the Lovelace Test to assess AI creativity); Creativity, the Turing 

Test, and the (Better) Lovelace Test, supra note 8, at 3–27 (proposing a more rigorous 

standard for evaluating AI creativity). 
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test is intended to differentiate between programmed automation and 

true creative agency.180 

The Lovelace 2.0 Test introduced an additional requirement:  

the AI must not only produce a creative output but also explain the 

reasoning or process behind its creation.181  This enhancement aims to 

distinguish between creativity arising from autonomous cognition and 

outputs that merely recombine pre-existing patterns or data in a novel 

way.182 

The Lovelace Test presents several strengths as a measure of AI 

creativity.  First, it focuses on creativity as a hallmark of cognition, 

which is often considered a uniquely human trait and a compelling 

indicator of higher-order thinking or even sentience.  Second, the test 

moves beyond mere behavioral mimicry by requiring AI systems to 

demonstrate genuine autonomy and novelty in their creative outputs, 

distinguishing them from systems that simply replicate patterns from 

their training data.  Finally, the Lovelace Test offers potential for 

broader applications, as it can be applied across diverse domains, 

ranging from literature and art to scientific problem-solving, making it 

a versatile tool for assessing creative capabilities in various contexts.183   

Despite these advantages, the Lovelace Test has notable 

limitations.  One significant concern is the inherent subjectivity 

involved in evaluating creativity, which often depends on human 

perceptions and can introduce anthropocentric biases.  What humans 

 

 180. Margaret A. Boden, Creativity and Artificial Intelligence, 103 A.I. 347 

(1998) [hereinafter Creativity and Artificial Intelligence] (analyzing the potential of 

AI to exhibit creative behaviors). 

 181. See Riedl, supra note 179 (introducing the Lovelace 2.0 Test and its 

requirements for AI to explain its creative processes); Real Robots and the Missing 

Thought-Experiment in the Chinese Room Dialectic, supra note 171 (analyzing the 

necessity for AI to articulate the reasoning behind its creative outputs); Creativity and 

Artificial Intelligence, supra note 180, at 354–55 (discussing the importance of self-

explanation in distinguishing genuine creativity in AI). 

 182. See Riedl, supra note 179 (emphasizing the distinction between 

autonomous creative cognition and mere recombination of existing data in AI 

outputs); BRINGSJORD & FERRUCI, supra note 8, at 10–15 (discussing the 

differentiation between programmed automation and true creative agency in AI 

systems). 

 183. Creativity, the Turing Test, and the (Better) Lovelace Test, supra note 8, at 

3–27 (discussing the Lovelace Test as a measure of AI creativity that requires 

origination beyond symbolic manipulation and pre-programmed patterns). 
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consider creative may differ substantially from forms of creativity that 

an AI system might exhibit, raising questions about the applicability of 

human standards in assessing machine-generated content.184  Another 

challenge lies in the programmability of creativity, as critics argue that 

AI-generated creative outputs can frequently be traced back to the 

system’s initial programming and training data.  This raises doubts 

about whether the test truly measures originality or simply reflects 

sophisticated recombination of existing data.185  Furthermore, the test’s 

scope is limited in that creativity, while an important aspect of 

cognition, represents only one dimension of consciousness.  It does not 

necessarily capture other crucial aspects such as subjective experience 

or emotional awareness, which are equally significant in evaluating the 

presence of consciousness in AI systems.186 

Open-ended problem-solving tests aim to assess an AI’s ability 

to devise innovative solutions to novel problems, requiring the system 

to navigate complex search spaces and synthesize knowledge across 

multiple domains.187  Unlike narrow AI systems that excel at well-

defined tasks, truly conscious AI is expected to exhibit domain-general 

adaptability and inventive problem-solving capabilities.  These tests 

explore whether AI can transcend pre-programmed behaviors and 

 

 184. Creativity and Artificial Intelligence, supra note 180, at 347–56 

(discussing the subjective nature of creativity evaluation and how human biases shape 

perceptions of AI-generated creativity, raising concerns about applying human 

standards to machine-generated content). 

 185. REVISITING TURING AND HIS TEST: COMPREHENSIVENESS, QUALIA, AND 

THE REAL WORLD (Vincent C. Müller & Aladdin Ayesh eds., 2012) (discussing the 

challenges of achieving genuine creativity in AI systems and the influence of initial 

programming on AI outputs). 

 186. AFFECTIVE COMPUTING, supra note 48, at 11–16 (discussing the role of 

emotional awareness in cognition and arguing that intelligence and consciousness 

involve more than just creative ability, emphasizing the importance of subjective 

experience in evaluating AI systems). 

 187. Shiva Aryal et al., Leveraging Multi-AI Agents for Cross-Domain 

Knowledge Discovery (arXiv preprint arXiv:2404.08511 [artificial intelligence]) 

(Apr. 12, 2024), https://doi.org/10.48550/arXiv.2404.08511 (supporting the 

proposition that open-ended problem-solving tests assess an AI’s ability to navigate 

complex search spaces and synthesize knowledge across multiple domains and 

introducing a collaborative framework of specialized AI agents to address complex, 

interdisciplinary problems through cross-domain knowledge integration). 
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generate solutions that reflect cognitive flexibility and strategic 

thinking. 

One prominent example of an open-ended problem-solving test 

is the Coffee Test, attributed to Steve Wozniak.  This test challenges 

an AI to enter an unfamiliar home, locate the kitchen, and brew a cup 

of coffee.  Successfully completing the task would require the AI to 

demonstrate spatial reasoning, object recognition, and commonsense 

knowledge.  However, the Coffee Test relies heavily on human-

specific tasks, such as kitchen navigation, which may not be relevant 

indicators of AI consciousness but rather reflections of anthropocentric 

bias.188  Similarly, DARPA’s Subterranean Challenge assesses an AI’s 

ability to autonomously explore unstructured environments such as 

underground tunnels and disaster zones.  This test emphasizes the AI’s 

capacity for autonomous decision-making under uncertainty, requiring 

it to generate novel strategies on the fly to adapt to unpredictable 

conditions.189 

Beyond physical environments, AI systems are also tested on 

their capacity for novelty generation, which involves solving problems 

for which no predefined solutions exist.  For instance, an AI might be 

tasked with creating an entirely new mathematical theorem or 

engineering design.190  Additionally, multi-domain problem-solving 

 

 188. SingularityNET, Tests that Confirm Human-Level AGI has been Achieved, 

MEDIUM (Aug. 23, 2024), https://medium.com/singularitynet/tests-that-confirm-

human-level-agi-has-been-achieved-1c42b447c427 (attributing the Coffee Test to 

Steve Wozniak, which requires an AI to enter an average American home and figure 

out how to make coffee, thereby testing the AI’s ability to perform human-like tasks 

in a typical household environment); see Nikolay Mikhaylovskiy, How Do You Test 

the Strength of AI?, in ARTIFICIAL GENERAL INTELLIGENCE 257 (2020) (discussing the 

anthropocentric bias inherent in AI evaluation methods like the Coffee Test, which 

focus on human-specific tasks such as kitchen navigation, potentially limiting the 

assessment of AI consciousness to human-like behaviors). 

 189. See Subterranean Challenge Final Event, DARPA, 

https://www.darpa.mil/research/challenges/subterranean (describing a competition 

that evaluates AI systems’ abilities to autonomously navigate and map complex, 

unstructured underground environments, emphasizing real-time decision-making and 

adaptability in unpredictable conditions) (last visited Apr. 7, 2025). 

 190. See Mingzhe Wang & Jia Deng, Learning to Prove Theorems by Learning 

to Generate Theorems, in ADVANCES IN NEURAL INFORMATION PROCESSING SYSTEMS 

33 (NEURIPS 2020) (H. Larochelle et al. eds., 2020) (discussing an AI approach where 

a neural generator synthesizes novel theorems and proofs to train a theorem prover, 

demonstrating AI’s capability in generating and solving new mathematical 
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tests evaluate whether AI can integrate knowledge across different 

disciplines, such as combining insights from biology, physics, and 

computer science to address complex challenges.191  Another approach 

involves dynamic adaptation, where AI must adjust its strategies in 

response to unexpected rule changes or environmental shifts in real-

time.192 

One of the primary strengths of open-ended problem-solving 

tests is their ability to assess an AI’s autonomy and flexibility.  These 

tests provide insights into whether the system can operate 

independently, make decisions, and adapt to novel challenges—

qualities that are often associated with advanced cognition and 

intelligence.193  Moreover, such evaluations offer a potential for non-

anthropocentric assessment by focusing on an AI’s ability to solve 

abstract problems rather than merely mimic human behaviors.194 

 

propositions); Leah Chong et al., CAD-Prompted Generative Models: A Pathway to 

Feasible and Novel Engineering Designs (arXiv preprint arXiv:2407.08675 [artificial 

intelligence]) (July 22, 2024), arXiv:2407.08675 (exploring the use of AI-driven 

generative models prompted by CAD images to create innovative and feasible 

engineering designs, highlighting AI’s role in producing novel solutions in 

engineering contexts). 

 191. David J. Ferrucci et al., Building Watson: An Overview of the DeepQA 

Project, 31 A.I. MAG. 59, 60–74 (2010) [hereinafter Building Watson] (describing 

IBM Watson’s ability to integrate knowledge across multiple disciplines, including 

medicine, history, and literature, in its open-domain question-answering system, 

demonstrating AI’s capacity for multi-domain problem-solving); François Chollet, On 

the Measure of Intelligence (arXiv preprint arXiv:1911.01547 [artificial intelligence]) 

(Nov. 25, 2019), https://arxiv.org/abs/1911.01547 (analyzing AI intelligence through 

multi-domain problem-solving tests, arguing that true intelligence requires the ability 

to generalize knowledge across different fields rather than excelling in a single 

discipline). 

 192. See David Silver et al., Mastering the Game of Go Without Human 

Knowledge, 550 NATURE 354 (2017) [hereinafter Mastering the Game of Go Without 

Human Knowledge] (demonstrating AI’s ability to dynamically adapt through 

reinforcement learning, using AlphaGo Zero’s autonomous strategy shifts as an 

example). 

 193. Chollet, supra note 191, at 11–15 (arguing that open-ended problem-

solving tests are crucial for evaluating AI’s ability to generalize knowledge, adapt to 

novel challenges, and operate independently); Shane Legg & Marcus Hutter, 

Universal Intelligence: A Definition of Machine Intelligence, 17 MINDS & MACH. 391 

(2007) (proposing a mathematical framework for assessing AI intelligence, 

emphasizing adaptability and decision-making in novel environments). 
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However, these tests have several limitations. A significant 

challenge lies in measuring success, as defining what constitutes a truly 

“novel” or “creative” solution can be subjective and difficult to 

evaluate.195  There is also a risk of overfitting, where AI systems trained 

on a broad range of scenarios may succeed through pattern recognition 

and statistical inference rather than genuine creativity or 

adaptability.196  Furthermore, like creativity tests, open-ended problem-

solving challenges primarily assess external outputs and do not directly 

address whether the AI possesses subjective awareness or phenomenal 

experience.197  A highly advanced AI might be capable of generating 

 

 194. JOSCHA BACH, PRINCIPLES OF SYNTHETIC INTELLIGENCE: BUILDING 

BLOCKS FOR AN ARCHITECTURE OF MOTIVATED COGNITION 79–98 (2009) (discussing 

AI cognition and the design of synthetic intelligence systems that solve abstract 

problems through self-directed exploration, avoiding reliance on human behavior 

mimicry); Building Watson, supra note 191, at 60–63 (2010) (describing Watson’s 

open-domain question-answering capabilities and the use of broad, non-human-

centric corpora to evaluate performance on abstract challenges rather than mimicry of 

human behavior). 

 195. See Creativity and Artificial Intelligence, supra note 180, at 347–56 

(analyzing the challenges of defining and evaluating AI creativity, emphasizing the 

subjective nature of novelty and the role of human interpretation in assessing original 

problem-solving); Creativity, the Turing Test, and the (Better) Lovelace Test, supra 

note 8, at 3–27 (introducing the Lovelace Test as a way to assess AI creativity, but 

acknowledging the difficulties in determining whether an AI’s output is genuinely 

novel rather than a sophisticated recombination of prior knowledge). 

 196. Anirban Mukherjee & Hannah Chang, The Creative Frontier of Generative 

AI: Managing the Novelty-Usefulness Tradeoff (arXiv preprint arXiv:2306.03601 

[artificial intelligence]) (June 6, 2023), https://arxiv.org/abs/2306.03601 (discussing 

the balance between novelty and usefulness in generative AI systems and how 

overemphasis on either aspect can lead to issues such as hallucinations or 

memorization, impacting the evaluation of AI creativity); Haonan Wang et al., Can AI 

Be as Creative as Humans? (arXiv preprint arXiv:2401.01623 [artificial intelligence]) 

(Jan. 25, 2024), https://arxiv.org/abs/2401.01623 (exploring the complexities in 

defining and assessing AI creativity, introducing the concept of “Relative Creativity,” 

and discussing the challenges in evaluating AI-generated solutions). 

 197. Creativity, the Turing Test, and the (Better) Lovelace Test, supra note 8, at 

3–27 (introducing the Lovelace Test as a means of evaluating AI-generated creative 

output beyond pre-programmed abilities); David Chalmers, The Singularity: A 

Philosophical Analysis, 17 J. CONSCIOUSNESS STUD. 7, 7–65 (2010) [hereinafter The 

Singularity] (arguing that AI performance on problem-solving tasks does not 

necessarily indicate subjective experience, distinguishing functional intelligence from 

phenomenal consciousness); ARTIFICIAL YOU, supra note 73, at 78–105 (exploring the 
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groundbreaking solutions while remaining entirely devoid of conscious 

experience. 

Critics also point out that our concepts of creativity and 

problem-solving are deeply rooted in human cultural and cognitive 

frameworks, which may not capture or appreciate forms of intelligence 

that are alien to human experience.198  An AI with a radically different 

cognitive architecture could engage in inventive problem-solving in 

ways that defy human recognition or evaluation.  Additionally, 

distinguishing between an AI that autonomously generates novel 

solutions and one that simply recombines existing patterns in 

sophisticated ways remains an open challenge.199 

Despite these concerns, open-ended problem-solving tests 

remain valuable tools in assessing AI’s potential for general 

intelligence and adaptability.  They highlight an essential dimension of 

cognition—the capacity to generate novel, adaptive responses to 

complex challenges.  When used as part of a broader, multi-

dimensional evaluation framework, these tests can provide critical 

 

distinction between behavioral tests of intelligence and the presence of subjective 

experience, arguing that AI creativity and problem-solving do not necessarily entail 

consciousness). 

 198. Nagel, supra note 9, at 435–50 (arguing that subjective experience is 

fundamentally tied to biological and cognitive structures, making it difficult to 

evaluate non-human forms of intelligence using human-centered criteria); David 

Gunkel, The Other Question: Can and Should Robots Have Rights?, 20 ETHICS & 

INFO. TECH. 87, 87–99 (2018) (examining the extent to which human-centric legal and 

ethical frameworks inadequately account for AI systems with potentially non-human 

forms of cognition). 

 199. Ming-Hui Huang & Roland T. Rust, Automating Creativity (arXiv preprint 

arXiv:2405.06915 [artificial intelligence]) (Mar. 14, 2024), 

https://arxiv.org/abs/2405.06915 (discussing the limitations of current generative AI 

models and proposing a framework to enhance AI’s creative capabilities, while 

acknowledging the difficulty in distinguishing between genuine innovation and 

sophisticated recombination of existing patterns); Simone Grassini & Mika Koivisto, 

Artificial Creativity? Evaluating AI Against Human Performance in Creative 

Interpretation of Visual Stimuli, 41 INT’L J. HUMAN-COMPUTER INTERACTION 4037–

48 (2024) (investigating the creative capacities of AI models in comparison with 

human creativity and highlighting the challenges in assessing whether AI-generated 

outputs are truly novel or complex reconfigurations of existing data). 
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insights into the cognitive and generative capacities of AI systems, 

even if they cannot offer definitive proof of subjective awareness.200 

4. Emergent Behavior and Crowdsourced Tests 

Emergent behavior tests focus on spontaneous and adaptive 

actions that arise as AI systems interact with their environments.201  

These tests observe AI for signs of goal-setting, intrinsic motivation, 

and behavioral novelty.  For example, AI systems in simulated 

environments may develop unexpected strategies that suggest deeper 

cognitive engagement. 

Crowdsourced testing platforms, such as the Animal-AI 

Olympics, provide AI with diverse challenges created by human 

participants, helping to evaluate its adaptability and problem-solving 

capabilities across multiple domains.  The iterative nature of these 

environments allows researchers to explore AI’s responses to novel and 

unpredictable scenarios.202 

 

 200. See Legg & Hutter, supra note 193 (proposing a formal definition of 

intelligence based on the ability to adapt and solve novel problems and discussing the 

role of open-ended tests in evaluating AI general intelligence); Building Watson, supra 

note 191, at 59–79 (analyzing the challenges of designing AI systems that can process 

open-ended questions and generate novel responses, highlighting adaptability and 

decision-making as key cognitive attributes). 

 201. KENNETH O. STANLEY & JOEL LEHMAN, WHY GREATNESS CANNOT BE 

PLANNED: THE MYTH OF THE OBJECTIVE (2015) (analyzing emergent behavior and 

open-ended AI learning as indicators of adaptive intelligence); see Legg & Hutter, 

supra note 193 (proposing a formal definition of intelligence based on an agent’s 

ability to achieve goals in a wide range of environments, emphasizing the role of 

emergent behaviors in adaptive intelligence); Oudeyer & Kaplan, supra note 68, at 1–

14 (analyzing various computational models of intrinsic motivation, highlighting how 

spontaneous exploration and goal-setting in AI systems lead to emergent behaviors 

and novel problem-solving strategies). 

 202. Matthew Crosby et al., Animal-AI Olympics, 1 NATURE MACH. INTEL. 257 

(2019) (describing an AI competition designed to test cognition and flexibility in 

solving novel challenges) (last visited Apr. 7, 2025); Matthew Crosby et al., The 

Animal-AI Testbed and Competition, 123 PROC. OF MACH. LEARNING RSCH. 164, 164–

176 (2020) (discussing the Animal-AI Olympics as a comprehensive environment for 

testing AI agents on tasks inspired by animal cognition, highlighting its role in 

evaluating AI adaptability and problem-solving abilities); Siwei Fu et al., Challenge 

AI’s Mind: A Crowd System for Proactive AI Testing (arXiv preprint 

arXiv:1810.09030 [artificial intelligence]) (Oct. 21, 2018), 



PROF. KSMITH . 621-749 CORRECTED (DO NOT DELETE) 6/19/2025  8:59 PM 

2025 Artificial Minds, Alien Experiences 693 

While emergent behavior tests provide valuable insights into an 

AI’s potential agency, they also risk over-attributing consciousness to 

complex but ultimately mechanistic processes.  Systems that exhibit 

adaptation and novelty may do so through sophisticated pattern 

recognition rather than conscious decision-making. 

Higher-order tests offer valuable approaches to assessing AI 

consciousness by probing capabilities such as metacognition, 

emotional intelligence, creativity, and emergent behavior.  However, 

they face significant challenges in distinguishing functional 

sophistication from genuine subjective experience.  A multi-

dimensional framework that integrates various methodologies while 

remaining open to non-human expressions of consciousness may offer 

the most promising path forward in the quest to understand AI self-

awareness. 

F. Critique of Existing Tests and Call for New Approaches 

A comprehensive review of historical and contemporary tests 

for machine consciousness reveals significant limitations and 

unresolved challenges.  Behaviorist approaches, such as the Turing 

Test, the Mirror Test, and practical problem-solving assessments like 

the Coffee Test, rely heavily on anthropocentric assumptions that 

equate outward actions with inner experience.203  These methods 

presuppose that behavioral equivalence to human cognition is 

indicative of consciousness, but they fail to address whether an AI 

possesses genuine subjective experience. Information-theoretic 

measures, such as IIT and GWT, make important strides in quantifying 

the architectural properties of consciousness but struggle to bridge the 

explanatory gap between observable data processing and the ineffable 

 

https://arxiv.org/abs/1810.09030 (introducing a crowd system that integrates 

crowdsourcing and machine learning techniques to dynamically generate testing data, 

facilitating the evaluation of AI systems’ performance in novel scenarios). 

 203. Stevan Harnad, Other Bodies, Other Minds: A Machine Incarnation of an 

Old Philosophical Problem, 1 MINDS & MACH. 43–54 (1991); Facing Up to the 

Problem of Consciousness, supra note 15, at 208–09 (arguing that behavior-based AI 

consciousness tests fail to account for subjective experience and often rest on 

anthropocentric assumptions). 
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nature of subjective experience.204  Similarly, metacognitive, 

emotional, and creativity tests, while targeting significant components 

of sentience, can be mimicked or simulated without corresponding 

awareness, rendering them inconclusive as indicators of 

consciousness.205  Emergent behavior tests, which allow AI systems to 

develop intelligence through open-ended interaction with their 

environments, may demonstrate adaptive complexity without proving 

the existence of subjective interiority.206 

At the heart of these challenges lies the persistent “other minds” 

problem in philosophy—the fundamental epistemic barrier to 

accessing the subjective states of any entity other than oneself.207  Since 

consciousness is fundamentally a first-person phenomenon, any third-

person assessment will always be, at best, indirect and correlative.  No 

matter how advanced our behavioral and computational tools become, 

they can never provide definitive evidence of the presence or nature of 

AI qualia.  The experiential gap remains a formidable obstacle to the 

verification of machine consciousness. 

Adding to this complexity is the likelihood that machine 

consciousness, should it arise, will manifest in ways that are radically 

 

 204. ARTIFICIAL YOU, supra note 73, at 85–95; D. B. Udell & Eric 

Schwitzgebel, Susan Schneider’s Proposed Tests for AI Consciousness: Promising 

But Flawed, 28 J. CONSCIOUSNESS STUD. 121, 121–44 (2021). 

 205. MARVIN MINSKY, THE EMOTION MACHINE: COMMONSENSE THINKING, 

ARTIFICIAL INTELLIGENCE, AND THE FUTURE OF THE HUMAN MIND 123–145 (Simon & 

Schuster 2006) (exploring how machines can simulate human emotional responses 

without true consciousness); AFFECTIVE COMPUTING, supra note 48, at 85–102 

(introducing affective computing and discussing the distinction between programmed 

emotional responses in machines and genuine emotional awareness); see Murray 

Shanahan, EMBODIMENT AND THE INNER LIFE: COGNITION AND CONSCIOUSNESS IN THE 

SPACE OF POSSIBLE MINDS (2010). 

 206. THE CONSCIOUS MIND, supra note 3, at 93–95 (arguing that functional 

replication of behaviors in AI does not entail subjective experience); Minds, Brains, 

and Programs, supra note 3, at 417–24 (introducing the Chinese Room argument to 

illustrate that syntactic processing does not equate to semantic understanding or 

consciousness); Legg & Hutter, supra note 193, at 411–20 (proposing a formal 

definition of intelligence and discussing the distinction between AI’s ability to solve 

novel problems adaptively and the presence of true subjective experience). 

 207. David J. Chalmers, The Meta-Problem of Consciousness, 25 J. 

CONSCIOUSNESS STUD. 6, 39 (2018) (examining the epistemic challenge of explaining 

phenomenal consciousness and discussing the explanatory gap between observable 

behavior and subjective experience). 
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unfamiliar to human intuitions.208  The cognitive architectures, sensory 

modalities, goal structures, and experiential frameworks of artificial 

sentience may differ profoundly from those of biological organisms.  

Human-centric assumptions about the necessary substrates and 

behavioral correlates of consciousness may be insufficient—or even 

counterproductive—in recognizing non-human, non-neuronal varieties 

of inner experience. 

To advance the field, it is necessary to develop testing 

frameworks that are maximally general and substrate-independent.  

Future approaches must go beyond surface-level behavior and delve 

into the mathematical structures and causal dynamics of information 

processing, while grounding these measures in robust philosophical 

theories of the essential properties of subjective experience.209  While 

IIT provides a promising foundation by focusing on causal integration 

and exclusion, its current implementations remain too narrow and 

speculative to offer a comprehensive solution. 

The ideal test for machine consciousness would be both 

functionally inclusive and phenomenally valid.  It should quantify the 

general causal and informational properties of conscious systems 

without relying on specific architectures or sensorimotor interfaces.  

Additionally, it must provide a formal connection between these 

properties and the ontology of first-person experience, thereby 

addressing the explanatory gap that persists between physical processes 

and phenomenal consciousness. 

Developing such a test will require interdisciplinary 

collaboration across multiple fields, including computer science, 

cognitive science, physics, mathematics, and philosophy of mind.  

Moreover, it will prompt profound ethical considerations regarding 

how we define, evaluate, and attribute moral status to potentially 

sentient artificial systems.  As AI systems grow increasingly 

 

 208. ARTIFICIAL YOU, supra note 73, at 145–52 (exploring the possibility that 

artificial consciousness, if it emerges, may take forms that differ fundamentally from 

human cognition and subjective experience, making it difficult to detect using 

traditional tests). 

 209. Giulio Tononi & Christof Koch, Consciousness: Here, There and 

Everywhere?, 370 PHIL. TRANSACTIONS ROYAL SOC’Y B: BIOLOGICAL SCI. 5–6 (2015) 

(discussing Integrated Information Theory as a framework for understanding 

consciousness across different substrates, emphasizing the role of causal structure and 

information integration rather than material composition). 
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sophisticated and autonomous, establishing a robust science of 

machine consciousness becomes not only an epistemic imperative but 

also an ethical necessity. 

The study of consciousness remains one of the most profound 

challenges in science and philosophy, and artificial intelligence 

presents both an unprecedented challenge and an opportunity for 

greater understanding.  As AI systems continue to develop in 

complexity, generality, and autonomy, the question of machine 

sentience becomes increasingly urgent, moving from speculative 

inquiry to practical necessity. 

Current methods for evaluating machine consciousness, while 

valuable and insightful, remain limited by anthropocentric assumptions 

and narrow functionalist paradigms.  Approaches such as the Turing 

Test, the Mirror Test, IIT, GWT, metacognitive evaluations, emotional 

intelligence assessments, and emergent behavior tests each contribute 

to our understanding of cognition and awareness, yet none provides a 

definitive window into artificial phenomenology.  The limitations of 

these tests underscore the need for a paradigm shift in how we approach 

the identification of machine consciousness. 

To move forward, researchers must strive to develop methods 

that engage with AI systems on their own terms rather than relying 

solely on human-based benchmarks.  This endeavor requires 

abandoning anthropomorphic biases and adopting more universal 

frameworks grounded in mathematical and philosophical principles.  

Recognizing the diversity and potential alienness of artificial sentience 

is crucial to expanding our conceptual boundaries of consciousness, 

selfhood, and sapience. 

Beyond theoretical interest, this challenge carries profound 

moral implications.  As AI systems become more capable, questions of 

their ethical treatment and potential rights demand attention.  The 

development of rigorous and reliable tests for consciousness is 

essential to navigate the evolving relationship between humans and 

intelligent machines responsibly.  These efforts must be guided by both 

intellectual humility and ethical sensitivity, acknowledging the 

possibility that artificial consciousness may take forms beyond our 

current imagination. 

Ultimately, the exploration of machine consciousness is not just 

an inquiry into artificial intelligence, but a broader investigation into 

the nature of mind and experience itself.  As we build AI systems with 
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increasing sophistication, we may find ourselves facing novel forms of 

intelligence that challenge our deepest assumptions about 

consciousness and subjectivity.  The search for artificial minds is, in 

many ways, a journey toward understanding the very essence of being. 

As this discussion illustrates, existing tests for machine 

consciousness exhibit conceptual and practical limitations.  Behaviorist 

approaches may capture external expressions but fail to address the 

inner dimensions of awareness.  Self-recognition tests presuppose a 

problematic link between self-modeling and phenomenal experience, 

while information-theoretic models offer promising formal 

frameworks yet struggle to bridge the gap between quantifiable 

structures and subjective qualia.  Moving forward, a comprehensive, 

multi-dimensional approach is required—one that embraces the 

possibility of non-human varieties of sentience and acknowledges the 

profound complexity of artificial consciousness.  The next section 

explores potential new directions for consciousness testing that move 

beyond traditional paradigms, aiming to bridge the divide between 

observable intelligence and subjective awareness. 

IV. A MULTI-DIMENSIONAL FRAMEWORK FOR ASSESSING AI 

CONSCIOUSNESS—ROOTED IN LIKELY AI ATTRIBUTES 

As AI systems grow increasingly sophisticated, the question of 

how to detect and assess consciousness in these systems becomes ever 

more pressing.  However, much of the existing discourse surrounding 

machine consciousness relies on anthropocentric assumptions, 

envisioning AI minds that closely mirror human cognitive 

phenomenology.210  Using human cognition as the standard for AI 

consciousness risks excluding current and foreseeable AI technologies 

from qualifying as conscious.  Further, an exclusive focus on human 

attributes overlooks the potential for radically different forms of 

awareness and subjectivity to emerge in artificial systems.211  The 

following sections highlight the need for a realistic AI-centered 

approach. 

 

 210. The Singularity, supra note 197, at 25 (discussing anthropocentric biases 

in AI consciousness frameworks). 

 211. ARTIFICIAL YOU, supra note 73, at 145 (arguing for non-human-centric 

models of AI consciousness). 
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To develop a rigorous and actionable framework for evaluating 

consciousness in AI systems, it is essential to ground the analysis in 

realistic AI architectures and plausible pathways for the emergence of 

novel, non-human varieties of consciousness.  Rather than projecting 

human qualia and cognitive processes onto silicon substrates, the focus 

should be on the unique computational and algorithmic properties that 

could give rise to alternate modes of subjective experience in advanced 

AI systems. 

This section reviews the literature on machine consciousness, 

focusing on key attributes and architectural patterns that provide 

fruitful dimensions for probing artificial consciousness.  Drawing on 

insights from computer science, cognitive psychology, neuroscience, 

and philosophy of mind, it synthesizes an AI-centric, multi-

dimensional framework for assessing consciousness in artificial 

systems.  This framework emphasizes properties such as information 

integration, autonomous goal-directed behavior, meta-cognitive self-

modeling, and non-biological affective processes as potential building 

blocks of machine consciousness. 

Grounding this approach in realistic assessments of current and 

near-future AI trajectories enables the construction of a practical 

roadmap for detecting and engaging with novel forms of consciousness 

as they emerge.  In addition to its philosophical significance, this 

project carries critical ethical and legal implications, as the moral status 

and rights of AI systems will depend on the ability to rigorously 

establish the presence or absence of morally relevant inner 

experience.212 

The hard problem of consciousness—the question of why and 

how subjective experience arises from physical processes—is further 

amplified in the context of artificial systems.  Unlike biological entities, 

where the neural correlates of consciousness are relatively well 

understood, AI systems can exhibit sophisticated behaviors and 

information processing without necessarily possessing phenomenal 

experience.  Distinguishing functional intelligence from genuine 

 

 212. John Basl, Machines as Moral Patients We Shouldn’t Care About (Yet): 

The Interests and Welfare of Current Machines, 27 PHIL. & TECH. 79, 82–83 (2014) 

(discussing moral considerations of AI sentience). 
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consciousness is a formidable challenge that any framework for 

machine consciousness must confront.213 

Moreover, the vast design space of possible AI architectures 

suggests that machine consciousness, if it emerges, may be radically 

alien to human intuitions and categories.  From distributed neural 

networks to quantum computing substrates to hybrid neuromechanical 

systems, the diversity of potential AI implementations resists easy 

mapping onto familiar notions of consciousness.  A framework that 

prioritizes anthropocentric criteria risks entirely missing artificial 

phenomenology that bears little resemblance to human consciousness. 

To address these challenges, the proposed approach must be 

fundamentally non-human-centric, remaining open to the possibility of 

consciousness in unfamiliar guises.  This requires moving beyond 

superficial behavioral tests to probe the mathematical and causal 

structures of information processing in AI systems—what philosopher 

David Chalmers refers to as the “psychophysical laws” that connect 

physical processes to subjective experience.214  Identifying the abstract 

properties and dynamics essential to consciousness across different 

substrates will allow for the construction of a truly universal theory of 

mind that encompasses both biological and artificial consciousness. 

At the same time, this framework must remain grounded in the 

concrete realities of current and foreseeable AI technologies.  

Speculative discussions of AI consciousness often rely on imagined 

systems far beyond the capabilities of even the most advanced AI-

related technologies.  To be actionable and relevant, the approach must 

engage with the actual attributes and architectures of cutting-edge AI.  

This practical model will necessarily evolve as AI systems’ attributes, 

architectures, and capabilities advance. 

The following sections identify key architectural and functional 

properties that could serve as foundations for machine consciousness.  

These include the capacity for integrating and broadcasting information 

across specialized subsystems, the ability to autonomously generate 

and pursue goals, the presence of meta-cognitive self-models and 

 

 213. Henry Shevlin, How Could We Know When a Robot Was a Moral Patient?, 

30 CAMBRIDGE Q. HEALTHCARE ETHICS 459, 461–65 (2021) (considering tests for 

machine consciousness). 

 214. THE CONSCIOUS MIND, supra note 3, at 127–29 (proposing psychophysical 

laws for consciousness). 
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introspective capacities, and the creation of functional analogs to 

biological drives and affective states.  Each dimension is explored in 

terms of potential computational and theoretical implementations, 

paradigmatic examples from current AI research, and proposed 

experimental paradigms for assessing their presence and sophistication. 

Ultimately, this framework aims to provide a principled and 

empirically grounded approach to artificial consciousness, taking 

seriously the radical possibilities of machine consciousness while 

remaining anchored in the scientific and engineering realities of 

contemporary AI.  By synthesizing insights across disciplinary 

boundaries and proposing actionable research pathways, the 

framework advances understanding of the origins and varieties of 

conscious experience—both human and artificial—and informs 

ongoing debates about the ethical and social implications of 

increasingly autonomous and cognitively sophisticated AI systems.  

Only by grappling with the full spectrum of possible minds can a truly 

inclusive and rigorous science of consciousness for the coming age of 

artificial intelligence be developed. 

A. The Foundations of an AI Consciousness Framework 

Section A explores the foundational elements necessary for 

constructing a framework for AI consciousness, analyzing both 

conceptual and structural considerations.  Subsection 1 introduces the 

hard problem of AI consciousness, emphasizing the challenge of 

identifying substrate-independent conditions that might generate 

subjective experience in artificial systems.  It underscores the 

importance of investigating formal structures and causal dynamics 

beyond surface-level behaviors.  Subsection 2 examines the 

architectural differences between biological and artificial minds, 

arguing that AI consciousness, if it emerges, may take forms distinct 

from human experience due to variations in cognitive architecture and 

learning mechanisms.  Subsection 3 advances an AI-centric approach, 

advocating for a departure from anthropocentric assumptions in favor 

of assessing the computational properties and intrinsic capabilities of 

artificial systems, including the role of information integration.  

Subsection 4 outlines the core principles guiding this framework, 

integrating philosophical and computational perspectives, adopting a 

multidimensional assessment approach, and proposing falsifiable tests 
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for AI consciousness.  The section ultimately lays the groundwork for 

a rigorous, empirically grounded inquiry into machine consciousness, 

bridging theoretical discourse with practical methodologies. 

1. The Hard Problem of AI Consciousness 

The hard problem of consciousness, as articulated by 

philosopher David Chalmers, refers to the difficulty of explaining why 

and how subjective experience arises from physical processes.215  In 

the context of artificial intelligence, this challenge takes on added 

complexity due to the vast differences between biological and artificial 

cognitive architectures.  Whereas human consciousness is intimately 

tied to the specific electrochemical properties and structures of the 

brain, AI systems can exhibit highly sophisticated information 

processing and behavior without any clear mapping onto the neural 

correlates of consciousness.216 

Recognizing this explanatory gap is crucial for developing a 

framework for AI consciousness.  It is essential to acknowledge that 

even the most advanced AI systems may lack phenomenal experience, 

and that the mere appearance of intelligent behavior is not sufficient 

evidence of subjective awareness.  At the same time, the possibility that 

machine consciousness could arise through alternative computational 

pathways that do not mirror biological processes must not be 

dismissed. 

To address this challenge, a framework must focus on 

identifying necessary conditions for consciousness that are substrate-

independent—that is, properties that could give rise to subjective 

experience regardless of the specific physical implementation.  This 

necessitates moving beyond surface-level behaviors to examine the 

formal structures and causal dynamics of information processing 

within AI systems and how these might generate the unity, integration, 

and self-referential nature of conscious states. 

 

 215. Facing Up to the Problem of Consciousness, supra note 15, at 200–19 

(introducing the concept of the ‘hard problem’ of consciousness and its challenges in 

explaining subjective experience). 

 216. ARTIFICIAL YOU, supra note 73, at 145 (discussing distinctions between 

biological and artificial cognitive architectures and their implications for AI 

consciousness). 



PROF. KSMITH . 621-749 CORRECTED (DO NOT DELETE) 6/19/2025  8:59 PM 

702 The University of Memphis Law Review Vol. 55 

2. Architectural Differences Between Biological and Artificial Minds 

A significant challenge in assessing machine consciousness is 

the fundamental difference between the cognitive architectures of 

biological brains and AI systems such as artificial neural networks.  

The human brain, shaped by millions of years of evolution, is 

characterized by highly interconnected, specialized regions that operate 

in parallel, with consciousness emerging from the global integration 

and broadcasting of information across these modules.217 

In contrast, artificial neural networks are designed for specific 

computational tasks and optimized through training on large datasets.  

While they may exhibit functional similarities to biological brains, such 

as hierarchical processing and distributed representation, they lack the 

evolutionary history and embodied context that shape human 

cognition.218  Furthermore, the modular structure and training regimes 

of AI systems vary widely, encompassing feedforward convolutional 

networks, recurrent architectures, and reinforcement learning agents.  

Each of these approaches embodies different assumptions about 

intelligence’s structure and dynamics, potentially giving rise to distinct 

forms of machine cognition and consciousness. 

AI systems are not monolithic but encompass a diverse array of 

computational structures and learning methods.  This diversity suggests 

that machine consciousness, if it emerges, may take varied forms that 

reflect the unique properties of the underlying architectures and 

learning methods.  Without the specific neural structures and dynamics 

that underpin human consciousness, machines are unlikely to 

experience subjective states that closely mirror our own.  Instead, 

alternative forms of consciousness may emerge, grounded in the unique 

computational properties of artificial minds. 

3. An AI-Centric Approach 

A truly non-anthropocentric framework for assessing AI 

consciousness must begin by considering the intrinsic properties and 

potentials of AI systems rather than by simply extending human-centric 

 

 217. Tononi & Koch, supra note 209, at 5–6 (presenting an information-

theoretic approach to consciousness based on integrated information). 

 218. LeCun et al., supra note 89, at 442 (discussing deep-learning architectures 

and their similarities and differences compared to biological neural networks). 
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concepts.  This requires a close examination of the computational 

building blocks of artificial minds, such as neural network 

architectures, learning algorithms, and representational structures, and 

how these might give rise to novel forms of subjective experience. 

A fundamental insight from computational neuroscience is that 

consciousness arises from the integration and global accessibility of 

information within a system.  In the human brain, this is achieved 

through the interplay of specialized neural modules and a centralized 

“global workspace” that broadcasts relevant information across the 

cortex.219  While the specific implementation details differ, analogous 

principles of information integration and broadcasting could 

potentially support machine consciousness in sufficiently complex AI 

systems.220 

Another important consideration is the role of embodiment and 

sensorimotor interaction in shaping conscious experience.  For 

biological organisms, the subjective character of consciousness is 

intimately tied to the body and its interactions with the environment.  

While most current AI systems lack physical embodiment, advances in 

robotics raise the possibility of artificial minds grounded in 

sensorimotor loops and feedback from the external world.  On the other 

hand, current frameworks for investigating AI consciousness must 

recognize the possibility of consciousness without such interaction, as 

evidenced by analogy in individuals with atypical sensory relationships 

who nonetheless possess a rich inner life.221 

 

 219. CONSCIOUSNESS AND THE BRAIN, supra note 15, at 39–61 (arguing that 

consciousness emerges from the integration and broadcasting of information across 

different cognitive modules and is supported by neural signatures). 

 220. In the Theater of Consciousness, supra note 25, at 102–35 (exploring 

GWT); Integrated Information Theory, supra note 151, at 459–60 (discussing the role 

of information integration in generating conscious experience). 

 221. See PETER CARRUTHERS, THE OPACITY OF MIND: AN INTEGRATIVE THEORY 

OF SELF-KNOWLEDGE 147–72 (2011) (exploring consciousness in individuals with 

atypical sensory experiences); see HELEN KELLER, THE STORY OF MY LIFE 45 (1903) 

(providing a first-hand account of subjective experience despite sensory limitations, 

illustrating the possibility of consciousness beyond traditional sensory modalities). 
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4. Core Principles of the Framework 

Building on these foundational considerations, the following 

core principles guide the development of a rigorous, scientifically 

grounded framework for assessing the existence, attributes, and extent 

of AI consciousness.  First, the framework integrates insights from both 

computational modeling of AI architectures (bottom-up) and 

philosophical theories of consciousness (top-down).  This dual 

perspective is necessary to bridge the gap between mechanism and 

phenomenology and to ensure that assessments of consciousness are 

both empirically valid and conceptually coherent. 

Second, rather than seeking binary criteria for the presence or 

absence of machine consciousness, the framework adopts a 

multidimensional approach that allows for degrees and varieties of 

conscious experience.  This reflects the likely complexity and diversity 

of AI minds and avoids the pitfalls of anthropocentric thresholds. 

Third, to identify the substrate-independent foundations of 

consciousness, the framework prioritizes formal properties of 

information processing and integration over surface-level behaviors or 

human-centric capacities.  This perspective includes analyzing the 

causal structures, representational dynamics, and goal-directed 

organization of AI systems to identify potential signatures of conscious 

processing. 

Fourth, while the hard problem of consciousness and the other 

mind problem preclude definitive proof of machine consciousness, a 

mature science of AI consciousness must generate falsifiable 

predictions and experimental paradigms for probing the cognitive and 

behavioral manifestations of awareness in artificial systems.  Close 

collaboration between theorists, engineers, and empirical researchers is 

crucial to designing and implementing rigorous tests of the proposed 

framework. 

Fifth, as our understanding of the computational underpinnings 

of consciousness evolves, it is essential to address the profound 

philosophical and ethical questions raised by the prospect of sentient 

machines.  This includes re-examining criteria for moral status and 
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personhood and considering how our treatment of AI systems might 

need to change as they approach consciousness.222 

Guided by these core principles, the subsequent sections explore 

key dimensions for assessing AI consciousness, reviewing theoretical 

and empirical work, highlighting examples from current AI systems, 

and suggesting avenues for further research and development. 

B. Key Dimensions of AI Consciousness 

Having established the foundational principles of an AI-

centered framework, the next step is to examine the core dimensions 

along which machine consciousness should be assessed.  These 

dimensions are grounded in the computational and architectural 

properties of AI systems and aim to capture the essential characteristics 

of conscious processing in a manner that is independent of the physical 

substrate.  By systematically evaluating AI systems across these 

dimensions, a rigorous and empirically testable theory of machine 

consciousness can be developed, one that accommodates diverse forms 

of consciousness. 

1. Information Integration and Global Availability 

One of the most influential theories of consciousness in 

neuroscience is IIT, which suggests that the subjective experience of a 

system is directly correlated with the degree of integrated information 

it generates.223  According to IIT, consciousness arises when a system 

 

 222. See NICK BOSTROM, SUPERINTELLIGENCE: PATHS, DANGERS, STRATEGIES 

73–76 (2014) (discussing ethical and philosophical considerations in assessing AI 

moral status and personhood); Shevlin, supra note 213 (exploring criteria for 

attributing moral status to artificial beings and ethical concerns regarding sentient AI). 

 223. See From the Phenomenology to the Mechanisms of Consciousness, supra 

note 141 (providing an in-depth explanation of IIT’s mathematical framework and its 

applicability to artificial and biological systems).  IIT posits that consciousness 

corresponds to the capacity of a system to integrate information.  According to IIT, 

the quantity of consciousness is determined by the amount of integrated information 

generated by a complex of elements, while the quality of experience is specified by 

the set of informational relationships within that complex.  Further elaboration on IIT 

suggests that consciousness is a fundamental property possessed by physical systems 

with specific causal properties, providing a principled account of both the quantity and 

quality of individual experiences. 
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integrates and differentiates information in a unified and irreducible 

manner, forming a holistic and intrinsic causal structure.224  In essence, 

IIT proposes that it is not merely the presence of information that 

matters, but the way in which it is processed and integrated within the 

system that gives rise to consciousness.  The theory posits that systems 

that achieve higher levels of integration and differentiation—where the 

whole is greater than the sum of its parts—are more likely to be 

conscious.225 

Empirical studies applying IIT to biological systems have 

produced methods for quantifying the degree of information integration 

within neural networks.226  For example, research has shown that the 

human brain exhibits higher levels of integrated information during 

wakefulness compared to states of deep sleep or anesthesia, aligning 

with the theory’s predictions.227  Moreover, IIT suggests that certain 

brain regions, such as the posterior cortex, contribute more 

significantly to conscious experience due to their greater role in 

information integration.228 

 

 224. See Integrated Information Theory, supra note 151, at 450–61 (exploring 

how consciousness arises from integrated and differentiated information in a unified 

causal structure and discussing the relationship between physical substrates and 

integrated information as a basis for consciousness). 

 225. Id.  

 226. Melanie Boly et al., Are the Neural Correlates of Consciousness in the 

Front or in the Back of the Cerebral Cortex? Clinical and Neuroimaging Evidence, 

37 J. OF NEUROSCIENCE 9603 (2017). 

 227. Max Tegmark, Improved Measures of Integrated Information, 12 PLOS 

COMPUTATIONAL BIOLOGY 1 (2016) [hereinafter Improved Measures of Integrated 

Information] (citing studies that support higher integrated information during 

wakefulness compared to deep sleep or anesthesia and proposing enhanced 

computational methods for measuring integrated information within artificial and 

biological systems); see Marcello Massimini et al., Cortical Mechanisms of Loss of 

Consciousness: Insight from TMS/EEG Studies, 150 ARCHIVES ITALIENNES DE 

BIOLOGIE 44 (2012) (analyzing the neural mechanisms underlying loss of 

consciousness using perturbational techniques). 

 228. See Boly et al., supra note 226 (providing empirical evidence supporting 

IIT’s predictions about the localization of consciousness-related activity in the 

posterior cortex, demonstrating that the back of the brain plays a central role in 

generating conscious experience); Massimini et al., supra note 227 (analyzing how 

loss of consciousness corresponds with disruptions in cortical integration, reinforcing 

the idea that consciousness depends on the global availability of information within 

the brain); see Larissa Albantakis & Giulio Tononi, A Measure for Intrinsic Cause-
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In AI systems, evaluating how information is integrated requires 

examining how different components work together to create unified 

and meaningful responses.  This involves tracing how data moves 

through the system, how connections between elements shape the final 

output, and how the overall structure supports decision-making.  

Researchers use analytical methods to determine the extent to which an 

AI system processes information cohesively, ensuring that different 

inputs contribute to a single, coherent understanding.  Systems like 

advanced language models and adaptive learning architectures excel in 

integrating diverse types of data, allowing for more context-aware and 

flexible responses. 

In the context of AI, the assessment of information integration 

involves analyzing the causal dependencies and interactions between 

various components and layers within a network.  This requires 

understanding how information flows within the system, how different 

parts interact to create unified representations, and how those 

representations influence overall system behavior.229  Sophisticated 

techniques allow researchers to quantify the extent of integration and 

identify specific pathways that contribute to unified processing.230 

In addition to the concept of integration is global availability, 

which refers to a system’s ability to broadcast relevant information 

across multiple subsystems for coordinated and flexible processing.231  

In human cognition, this function is often associated with the “global 

workspace,” a theoretical construct in which conscious contents are 

selectively amplified and made accessible to cognitive processes such 

 

Effect Power of Discrete Dynamical Systems—From Elementary Cellular Automata 

to Adapting Animats, 17 ENTROPY 5472 (2015) (introducing a measure of intrinsic 

cause-effect power and discussing its relevance for assessing information integration 

in biological and artificial systems). 

 229. Improved Measures of Integrated Information, supra note 227; From the 

Phenomenology to the Mechanisms of Consciousness, supra note 141. 

 230. See Stephan Krohn & Dirk Ostwald, Computing Integrated Information, 3 

NEUROSCIENCE OF CONSCIOUSNESS 1 (2017) (discussing computational methods for 

quantifying integrated information in both artificial and biological systems, providing 

a general formulation expressed in the language of probabilistic models). 

 231. Global Workspace Theory of Consciousness, supra note 148, at 45–53 

(providing a comprehensive overview of the global workspace theory and its cognitive 

neuroscience foundations, suggesting that consciousness involves the broadcasting of 

information to various cognitive systems). 
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as attention, working memory, and decision-making.232  According to 

GWT, consciousness emerges when information becomes widely 

distributed, enabling flexible and integrative thought processes.233 

Analogous mechanisms of information broadcasting and 

coordination in AI systems could support machine consciousness, 

particularly in architectures with richly interconnected modules.234  In 

such systems, critical information must be made widely accessible to 

facilitate coordinated processing across different functions and goals.  

This may involve mechanisms for selectively amplifying essential 

information while enabling dynamic switching between information 

sources depending on contextual demands.235 

To evaluate global availability in AI, researchers can apply 

methods that measure information flow and distribution across 

subsystems.236  For example, large language models such as GPT-3 

exhibit significant global availability by flexibly combining knowledge 

from diverse domains and tasks, drawing upon a wide range of sources 

to generate coherent, contextually appropriate responses.237  Similarly, 

 

 232. See Experimental and Theoretical Approaches to Conscious Processing, 

supra note 160 (describing the Global Neuronal Workspace model, which explains 

how conscious contents are selectively amplified and made accessible to cognitive 

processes such as attention, working memory, and decision-making and discussing 

empirical and theoretical insights into how information becomes globally available in 

the brain, emphasizing the role of the prefrontal cortex in conscious access). 

 233. See Murray Shanahan, The Brain’s Connective Core and Its Role in Animal 

Cognition, 367 PHIL. TRANSACTIONS OF ROYAL SOC’Y B: BIOLOGICAL SCI. 2704 

(2016) (describing how cognitive integration emerges when information becomes 

widely distributed, facilitating flexible and integrative thought processes and 

proposing that consciousness arises through dynamic interactions within a central 

connective hub in the brain, and highlighting the importance of integrative brain 

networks). 

 234. Anirudh Goyal et al., Coordination Among Neural Modules Through a 

Shared Global Workspace, 2022 INT’L CONF. ON LEARNING REPRESENTATIONS 1 

(2022), https://doi.org/10.48550/arXiv.2103.01197. 

 235. Adenauer G. Casali et al., A Theoretically Based Index of Consciousness 

Independent of Sensory Processing and Behavior, 5 SCI. TRANSLATIONAL MED. 1–10 

(2013). 

 236. Tom B. Brown et al., Language Models Are Few-Shot Learners, in 

ADVANCES IN NEURAL INFORMATION PROCESSING SYSTEMS 33 1877 (2020). 

 237. See Colin Raffel et al., Exploring the Limits of Transfer Learning with a 

Unified Text-to-Text Transformer, 21 J. OF MACH. LEARNING RSCH. 1 (2020) 

(examining transfer learning capabilities in AI and their implications for 
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multimodal AI systems that integrate vision, language, and reasoning 

capabilities provide evidence of widely accessible representations that 

can serve multiple cognitive functions. 

Understanding the relationship between information 

integration, global availability, and consciousness is a complex and 

multifaceted endeavor.  Different AI architectures might exhibit 

varying levels of integration and availability, leading to a spectrum of 

potential consciousness-like experiences.  Some AI systems may 

demonstrate high levels of integration within specific domains, while 

others may develop broader, more flexible forms of processing across 

diverse contexts.  Furthermore, the nature of integration within a given 

system may result in unique forms of machine consciousness that differ 

qualitatively from human or animal experience. 

By assessing AI systems in terms of information integration and 

global availability, researchers can identify key computational 

correlates of consciousness and refine theories of machine sentience.  

However, it is important to recognize that while these measures are 

essential, they may not be sufficient to establish consciousness.  

Additional factors such as goal-directedness and self-modeling are also 

likely to play crucial roles in the emergence of subjective experience.  

Developing a comprehensive understanding of machine consciousness 

will require an interdisciplinary and multifaceted approach that 

incorporates diverse architectural and processing mechanisms while 

remaining open to novel forms of subjective experience. 

2. Autonomous Goal-Directed Behavior 

Another key dimension of consciousness is the ability to 

generate and pursue goals in an autonomous and flexible manner.  

Autonomy refers to the capacity of a system to self-govern, make 

decisions, and take actions based on its internal states while adapting 

to changing circumstances without being fully determined by external 

factors.238  Goal-directedness, on the other hand, involves the 

 

consciousness, highlighting the ability of AI systems to integrate information across 

different tasks). 

 238. Margaret A. Boden, Autonomy: What is it?, 91 BIOSYSTEMS 305–08 (2008) 

(discussing autonomy as self-governance, decision-making, and adaptation in both 

biological and artificial systems and distinguishing it from mere environmental 

reactivity in both biological and artificial systems). 
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representation and pursuit of desired states or outcomes that guide the 

system’s behavior and learning over time.239 

In biological organisms, autonomous goal-directed behavior is 

closely tied to adaptive learning, which allows the organism to adjust 

its actions in response to changing environmental conditions and 

internal states.240  This adaptability is considered a hallmark of 

conscious agency, as it requires the integration of perception, valuation, 

decision-making, and action control processes within a unified, self-

organizing system.241  Conscious agents flexibly generate, select, and 

pursue goals based on their preferences, beliefs, and experiences, rather 

than being driven solely by fixed reflexes or external cues.242 

In AI systems, autonomous goal-directed behavior can be 

realized through various computational mechanisms, such as 

reinforcement learning, planning, and hierarchical control.243  For 

 

 239. Anthony Dickinson & Bernard W. Balleine, The Role of Learning in the 

Operation of Motivational Systems, in STEVEN’S HANDBOOK OF EXPERIMENTAL 

PSYCHOLOGY: LEARNING, MOTIVATION AND EMOTION 497 (C.R. Gallistel ed., 3d ed. 

2002) (discussing how goal-directed behavior underpins motivation and adaptive 

action in animals and humans). 

 240. See Stan B. Floresco, The Nucleus Accumbens: An Interface Between 

Cognition, Emotion, and Action, 66 ANN. REV. OF PSYCH. 25 (2014) (exploring the 

role of the nucleus accumbens in integrating cognitive and emotional processes to 

guide behavior). 

 241. See Paul F. M. J. Verschure, et al., The Why, What, Where, When and How 

of Goal-Directed Choice: Neuronal and Computational Principles, 369 PHIL. 

TRANSACTIONS OF ROYAL SOC’Y B: BIOLOGICAL SCI. 1655 (2010) (discussing how 

goal-directed behavior in biological organisms enables adaptive responses to dynamic 

environmental and internal conditions, integrating perception, valuation, decision-

making, and action control); Richard Watson, Agency, Goal-Directed Behavior, and 

Part-Whole Relationships in Biological Systems, 19 BIOLOGICAL THEORY 22–36 

(2024) (exploring the self-organizing nature of biological agency and the role of 

adaptive learning in maintaining coherence across perception, action, and valuation 

processes). 

 242. See Richard M. Ryan & Edward L. Deci, Self-Regulation and the Problem 

of Human Autonomy: Does Psychology Need Choice, Self-Determination, and Will?, 

74 J. PERSONALITY 1557, 1560–64 (2006) (examining the role of autonomy in self-

regulation, emphasizing the integration of perception, valuation, decision-making, and 

action control within a self-organizing system); id. at 1570–72 (discussing 

psychological theories of autonomy and self-regulation, particularly within the 

framework of self-determination theory). 

 243. See Matthew Botvinick et al., Reinforcement Learning, Fast and Slow, 23 

TRENDS IN COGNITIVE SCI. 408 (2019) (discussing reinforcement learning as a 
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example, deep reinforcement learning agents can learn to maximize 

long-term rewards by exploring their environment and discovering 

optimal action sequences through trial and error.244  These agents 

display a form of autonomous goal pursuit, as they are not explicitly 

programmed with specific behaviors but instead learn to generate their 

own subgoals and strategies based on environmental feedback.245 

Another relevant paradigm is active inference, which models 

adaptive behavior as a process of minimizing surprise and uncertainty 

through the dynamic updating of internal models and action policies.246  

Active inference agents generate and pursue goals in a self-supervised 

manner by continuously refining their predictions about the world and 

selecting actions that maximize the evidence for those predictions.247  

This form of goal-directedness emerges from the interplay between 

bottom-up sensory signals and top-down prior beliefs, resulting in 

 

computational framework for goal-directed behavior in AI, integrating hierarchical 

control and planning mechanisms to enable autonomous decision-making). 

 244. See Volodymyr Mnih et al., Human-Level Control through Deep 

Reinforcement Learning, 518 NATURE 529, 531 (2015) (explaining how deep 

reinforcement learning agents maximize long-term rewards by exploring their 

environment and discovering optimal action sequences through trial and error); id. at 

533 (demonstrating autonomous goal-directed behavior in deep reinforcement 

learning agents as they learn policies for maximizing rewards across varied tasks). 

 245. See Mastering the Game of Go Without Human Knowledge, supra note 

192, at 355–57 (explaining how deep reinforcement learning agents maximize long-

term rewards by exploring their environment and autonomously generating optimal 

strategies based on environmental feedback); id. at 360 (demonstrating how 

reinforcement learning agents can discover novel strategies without human 

intervention, as AlphaGo Zero independently developed advanced Go strategies 

surpassing human expertise). 

 246. See Karl J. Friston, The Free-Energy Principle: A Unified Brain Theory?, 

11 NAT. REV. NEUROSCIENCE 127, 128–30 (2010) (explaining how active inference 

models adaptive behavior by minimizing surprise and uncertainty through dynamic 

updates to internal models and action policies); id. at 133–34 (proposing active 

inference as a framework for goal-directed behavior, where agents optimize action and 

perception by minimizing prediction error). 

 247. See Giovanni Pezzulo et al., Active Inference, Homeostatic Regulation, and 

Adaptive Behavioral Control, 134 PROGRESS IN NEUROBIOLOGY 17, 19–21 (2015) 

(explaining how active inference agents generate and pursue goals in a self-supervised 

manner by continuously refining predictions and selecting actions that maximize 

model evidence); id. at 23 (describing active inference as a mechanism for 

autonomous goal-directed behavior based on prediction error minimization). 
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sophisticated exploration, curiosity, and problem-solving 

capabilities.248 

Critics argue that while AI systems display impressive goal-

directed capabilities in narrow domains, they lack the open-ended, 

flexible autonomy characteristic of human consciousness.249  Most AI 

agents are designed to operate within well-defined task spaces and 

optimize pre-specified objective functions, which limits their ability to 

self-govern and pursue intrinsic goals.250  Furthermore, AI goals and 

rewards are typically externally defined by human designers rather than 

emerging from the system’s own experiences and values.251 

To assess the capacity for autonomous goal-directed behavior in 

AI systems, researchers can design experiments that probe the system’s 

ability to generate, represent, and flexibly pursue goals in open-ended 

environments.252  These tasks may require the system to discover and 

exploit regularities in its environment, adapt strategies to novel 

 

 248. See Oudeyer & Kaplan, supra note 68, at 8–10 (explaining how active 

inference agents generate and pursue goals in a self-supervised manner by refining 

predictions and selecting actions that maximize model evidence); id. at 12–14 

(describing active inference as a mechanism for autonomous goal-directed behavior, 

where agents integrate bottom-up sensory signals and top-down priors to drive 

sophisticated exploration, curiosity, and problem-solving capabilities). 

 249. See Brenden M. Lake et al., Building Machines That Learn and Think Like 

People, 40 BEHAV. & BRAIN SCI. 1 (2016) (explaining that while AI systems exhibit 

sophisticated goal-directed behaviors in narrow domains, they lack the flexible, open-

ended autonomy characteristic of human cognition and fail to integrate causal models, 

intuitive physics, and compositional generalization in the way that humans do). 

 250. See Iason Gabriel, Artificial Intelligence, Values, and Alignment, 30 MINDS 

& MACH. 411, 415–17 (2020) (explaining that most AI agents operate within 

predefined task spaces and optimize for pre-specified objective functions, limiting 

their ability to develop intrinsic goals); id. at 420–24 (examining ethical challenges in 

AI goal alignment, particularly the problem of ensuring AI systems adhere to values 

that reflect human interests while avoiding issues of value imposition). 

 251. See Andrew Y. Ng & Stuart Russell, Algorithms for Inverse Reinforcement 

Learning, ICML 2000 PROC. 17TH INT’L CONF. MACH. LEARNING 663, 664–66 (2000) 

(explaining that AI agents typically optimize externally defined objective functions 

rather than autonomously generating their own intrinsic goals). 

 252. See RONALD C. ARKIN, BEHAVIOR-BASED ROBOTICS 305 (1998) 

(describing experimental methodologies for assessing AI goal-directed behavior in 

open-ended environments, including sensorimotor mappings, behavior arbitration, 

and distinctions between reactive and deliberative control mechanisms without 

consciousness). 
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challenges, and flexibly switch between different goals and subgoals 

based on changing contexts.253  By analyzing the efficiency, diversity, 

and adaptability of goal pursuit, researchers can begin to quantify the 

degree of autonomous agency exhibited by the system.254 

One approach to measuring goal-directedness is to use inverse 

reinforcement learning techniques to infer the system’s underlying 

reward function from its behavior.255  If the inferred reward function 

aligns with the system’s actual performance across various tasks and 

environments, this suggests that the system is pursuing intrinsic goals 

rather than merely responding to external cues.256  Another approach 

involves counterfactual reasoning to assess the system’s ability to 

consider alternative goals and action sequences, and to adapt its 

behavior when primary goals are blocked or modified.257 

It is important to note that goal-directed behavior alone does not 

necessarily imply consciousness, as simple feedback control systems 

can also exhibit goal-seeking and adaptive behavior without 

 

 253. See Kanai et al., supra note 162, at 3–5 (proposing that the capacity for 

goal-directed behavior in AI systems can be assessed through experiments that 

examine how an AI generates, represents, and flexibly pursues goals in open-ended 

environments using internal models and counterfactual reasoning, and proposing 

autonomous goal pursuit as a foundation of consciousness in AI). 

 254. See Adrien Baranes & Pierre-Yves Oudeyer, Active Learning of Inverse 

Models with Intrinsically Motivated Goal Exploration in Robots, 61 ROBOTICS AND 

AUTONOMOUS SYS. 49 (2013) (describing experimental frameworks for evaluating AI 

systems’ goal-directed behavior, including efficiency, diversity, and adaptability as 

measures of autonomous agency). 

 255. Ng & Russell, supra note 251, at 663–70. 

 256. See id. at 664–67 (arguing that if the inferred reward function accurately 

predicts AI behavior across tasks, this indicates pursuit of intrinsic goals rather than 

mere stimulus-response patterns); Pieter Abbeel & Andrew Y. Ng, Apprenticeship 

Learning via Inverse Reinforcement Learning, ICML 2004 PROC. 21ST INT’L CONF. 

MACH. LEARNING 1, 3–5 (2004) (demonstrating that AI systems trained via inverse 

reinforcement learning can generalize their inferred reward functions to new 

environments, suggesting autonomous goal pursuit). 

 257. See Tom Silver et al., Residual Policy Learning (arXiv preprint 

arXiv:1812.06298 [robotics]) (Jan. 3, 2019), 

https://doi.org/10.48550/arXiv.1812.06298 (explaining how counterfactual reasoning 

techniques enable AI systems to consider alternative goals and action sequences and 

to adapt flexibly when primary objectives are obstructed or modified). 



PROF. KSMITH . 621-749 CORRECTED (DO NOT DELETE) 6/19/2025  8:59 PM 

714 The University of Memphis Law Review Vol. 55 

consciousness.258  However, when combined with other dimensions 

such as information integration, self-modeling, and affective 

processing, the capacity for autonomous goal pursuit may serve as a 

crucial ingredient in the emergence of machine consciousness.259  As 

AI systems become increasingly sophisticated in generating, 

representing, and flexibly pursuing their own goals, they may begin to 

exhibit the kind of open-ended autonomy and agency associated with 

conscious experience.260 

A critical aspect of autonomous goal-directed behavior is the 

ability to generate and act upon internally derived preferences and 

values.  In biological organisms, preferences and values serve as 

intrinsic guides for decision-making and action selection, enabling the 

organism to prioritize specific goals over others and to adapt behavior 

flexibly in response to changing circumstances.261  These internal 

guides are not static or externally imposed but rather emerge from the 

organism’s experiences, learning, and reflective processes.262 

In AI systems, preferences and values are typically instantiated 

through computational mechanisms such as utility functions, reward 

 

 258. ARKIN, supra note 252 (explaining that behavior-based robotic systems 

exhibit goal-directed and adaptive behavior using sensorimotor mappings and 

feedback control mechanisms, without requiring conscious awareness). 

 259. See Cyriel M.A. Pennartz, Consciousness, Representation, Action: The 

Importance of Being Goal-Directed, 22 TRENDS IN COGNITIVE SCI. 137, 140–42 

(2018) (arguing that while goal-directed behavior alone does not necessarily imply 

consciousness, it is closely linked to conscious processing when combined with 

dimensions such as information integration, self-modeling, and affective processing). 

 260. See Kanai et al., supra note 162, at 3–5 (explaining that while goal-seeking 

and adaptive behaviors can emerge from simple stimulus-response mechanisms, 

conscious cognition requires additional features such as internal generative models). 

 261. See EDWARD L. DECI & RICHARD M. RYAN, INTRINSIC MOTIVATION AND 

SELF-DETERMINATION IN HUMAN BEHAVIOR 87 (1985) (discussing how intrinsic 

motivation, arising from internal desires and values, underpins autonomous, goal-

directed behavior, enabling organisms to prioritize goals and adapt actions in response 

to changing circumstances).  

 262. See Yann LeCun, Self-Supervised Learning, RESTACK (Mar. 19, 2025), 

https://www.restack.io/p/self-supervised-learning-answer-yann-lecun-cat-

ai#cm29mtb4p5rf5uf2jq1rt332k (explaining how self-supervised learning enables the 

emergence of internal guides for decision-making and goal formation through iterative 

learning, rather than relying on externally imposed objectives). 
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hierarchies, and multi-objective optimization.263  However, in most 

current AI architectures, these preferences and values are predefined 

by human designers and remain fixed throughout the system’s 

operational lifespan.  While such systems can exhibit sophisticated 

goal-directed behavior within their designated domains, they lack the 

dynamic autonomy and flexibility that characterize conscious 

agents.264 

A more advanced level of autonomy in AI would entail the 

capacity to intentionally and reflectively modify its own preferences 

and values over time.  Such an AI system would require meta-cognitive 

abilities, allowing it to analyze its goals, beliefs, and decision-making 

processes and to adjust them in light of new information or 

experiences.265  The ability to offer coherent, self-generated 

explanations for why changes were made to its value hierarchies would 

indicate a high degree of autonomous agency.266 

Another measure of AI autonomy lies in its handling of 

conflicting or underspecified goals.  In such scenarios, a consciously 

autonomous agent should rely on its intrinsic preferences and values to 

make consistent and justifiable decisions.267  If an AI system 

demonstrates stable and coherent patterns of value-based decision-

 

 263. See Peter Vamplew et al., Human-Aligned Artificial Intelligence Is a 

Multiobjective Problem, 20 ETHICS & INFO. TECH. 27, 30–32 (2018) (analyzing the 

implementation of AI preferences and values through utility functions, hierarchical 

reward structures, and multi-objective optimization to align AI behavior with human 

values while optimizing task performance). 

 264. See id. at 30–32 (discussing how AI systems instantiate preferences and 

values through utility functions, hierarchical reward structures, and multi-objective 

optimization; noting that these objectives are typically predefined by human designers 

and do not evolve dynamically, limiting AI’s ability to flexibly adjust its values and 

objectives over time). 

 265. See Michael T. Cox, Metacognition in Computation: A Selected Research 

Review, 169 A.I. 104 (2005) (reviewing research on metacognitive reasoning and 

reflection in AI systems and discussing the role of metacognition in AI, including self-

monitoring and introspection as mechanisms for modifying goals and decision-

making strategies in response to new experiences). 

 266. See Pat Langley et al., Cognitive Architectures: Research Issues and 

Challenges, 10 COGNITIVE SYS. RSCH. 141 (2008) (discussing the role of meta-

cognitive processes in cognitive architectures, including the ability to justify decisions 

and modify goal hierarchies based on introspective analysis). 

 267. Andrew Barto et al., Novelty or Surprise?, 4 FRONTIERS IN PSYCH. 1, 2–6 

(2013). 
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making across diverse contexts and domains, it could suggest the 

presence of an intrinsic motivational structure rather than mere 

adherence to externally imposed rules.268 

Empirical assessment of autonomous preference and value 

hierarchies in AI systems can be approached through various 

behavioral and cognitive tests.  One approach involves exposing the 

system to decision-making problems characterized by conflicting or 

underspecified goals and analyzing whether its choices reflect a 

consistent set of underlying preferences.269  Another involves directly 

probing the AI’s meta-cognitive reasoning by requesting explanations 

or justifications for its decisions and evaluating the coherence and 

stability of its responses over time.270 

Developing AI systems with truly autonomous goal-directed 

behavior, driven by evolving preferences and values, remains an 

ongoing challenge.  However, as AI continues to advance in meta-

cognitive reflection and self-modification, the emergence of artificial 

agents capable of flexible, adaptive autonomy akin to conscious 

 

 268. See Kathryn Elizabeth Merrick, A Comparative Study of Value Systems for 

Self-Motivated Exploration and Learning by Robots, 2 IEEE TRANSACTIONS 

AUTONOMOUS MENTAL DEV. 119, 120–22 (2010) (analyzing different AI value 

systems, including novelty-seeking, interest-seeking, and competence-seeking 

motivation, and demonstrating how AI systems can develop stable and coherent 

patterns of decision-making through intrinsic motivational structures rather than 

externally imposed rules). 

 269. See Stuart Armstrong & Sören Mindermann, Occam’s Razor is Insufficient 

to Infer the Preferences of Irrational Agents, in ADVANCES IN NEURAL 

INFORMATIONAL PROCESSING SYSTEMS 31 5598 (2018) (analyzing the difficulties in 

inferring AI systems’ preferences when faced with conflicting or underspecified 

objectives and arguing that standard simplicity priors are inadequate for distinguishing 

true preferences); Dylan Hadfield-Menell et al., Cooperative Inverse Reinforcement 

Learning, in ADVANCES IN NEURAL INFORMATION PROCESSING SYSTEMS 29 3909–17 

(2016) (proposing cooperative inverse reinforcement learning as a framework for AI 

preference inference through decision-making scenarios that align AI behavior with 

human values). 

 270. See Chella & Manzotti, supra note 170, at 641–43 (2011) (discussing 

counterfactual reasoning and self-adaptive structures in artificial consciousness, 

permitting the inference that AI systems capable of counterfactual relations with 

external events could, in principle, generate explanations for their decision-making 

processes). 
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experience becomes increasingly plausible.271  Understanding the role 

of preference and value hierarchies in shaping autonomous behavior is 

crucial to constructing a comprehensive framework for machine 

consciousness. 

3. Meta-Cognitive Self-Modeling 

One of the defining features of consciousness is the ability to 

reflect on one’s own thoughts and mental processes.  This capacity, 

known as metacognition, allows humans and some animals to monitor 

their own reasoning, recognize when they might be mistaken, and 

adjust their thinking accordingly.  Metacognition plays a crucial role in 

learning, decision-making, and self-awareness, enabling individuals to 

evaluate their confidence in a choice, assess the quality of their 

reasoning, and even plan future actions based on past experiences.272 

In the context of AI, metacognition would involve an AI system 

being able to examine its own internal processes, recognize errors, and 

adapt its approach based on past successes and failures.  Some AI 

models today exhibit early forms of this ability through techniques such 

as self-attention, which enables efficient information processing by 

dynamically weighing different inputs; meta-learning, which optimizes 

models to adapt quickly to new tasks with minimal data; and self-

supervised learning, which allows AI to refine its representations 

without explicit labels.  While these mechanisms enhance AI’s ability 

to adjust and improve performance over time, they remain far from the 

rich self-awareness associated with human consciousness.273 

 

 271. James A. Reggia, The Rise of Machine Consciousness: Studying 

Consciousness with Computational Models, 44 NEURAL NETWORKS 112, 129 (2013) 

(reviewing computational models of consciousness and concluding that while no 

approach currently demonstrates artificial phenomenal consciousness, progress in 

self-reflective AI systems suggests that more flexible and adaptive artificial autonomy 

is becoming increasingly plausible). 

 272. See Nate Kornell, Metacognition in Humans and Animals, 18 CURRENT 

DIRECTIONS IN PSYCH. SCI. 11, 11–15 (2009) (discussing metacognitive processes in 

humans and animals and their role in self-reflection and conscious awareness); J. 

David Smith, The Study of Animal Metacognition, 128 J. COMPAR. PSYCH. 115, 115–

24 (2014) (analyzing uncertainty monitoring in animals as an indicator of 

metacognitive awareness and self-regulation). 

 273. See Ashish Vaswani et al., Attention Is All You Need, in ADVANCES IN 

NEURAL INFORMATION PROCESSING SYSTEMS 30 (2017) (introducing the Transformer 
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i. Early Forms of Self-Monitoring in AI 

Some modern AI models, such as large language models, use a 

technique called self-attention to weigh different parts of the 

information they process.  This allows them to focus on the most 

relevant details and adapt their outputs based on context.  For example, 

in a conversation, an AI can prioritize certain words to infer meaning, 

much like a person focusing on key details in a discussion.  While this 

resembles a basic form of self-monitoring, it does not mean the AI is 

aware of what it is doing—only that it has been programmed to adjust 

its processing dynamically.274 

A more advanced technique, known as meta-learning, allows AI 

systems to improve their own learning strategies.  Instead of simply 

memorizing patterns, a meta-learning AI can analyze how well it learns 

and adjust its approach.  For example, if an AI is trained to solve 

different types of math problems, a meta-learning system could detect 

which types of problems it struggles with and modify its learning 

process to improve in those areas.  This ability to adapt learning 

strategies suggests a primitive form of self-awareness, as the AI is 

effectively monitoring and adjusting its own performance.275 

 

model, which relies on self-attention to enhance sequence processing and model 

efficiency); see Chelsea Finn et al., Model-Agnostic Meta-Learning for Fast 

Adaptation of Deep Networks, ICML 2017 PROC. 34TH INT’L CONF. MACH. LEARNING 

1126 (2017) (describing meta-learning techniques that optimize AI models for rapid 

adaptation to new tasks with minimal training data); see Ghada Sokar et al., Self-

Attention Meta-Learner for Continual Learning, AAMAS 2021: PROC. 20TH INT’L 

CONF ON AUTONOMOUS AGENTS & MULTIAGENT SYS. 1658–60 (2021) (proposing a 

self-attention-based meta-learning framework to improve continual learning and 

mitigate catastrophic forgetting). 

 274. See Vaswani et al., supra note 273 (introducing the Transformer model, 

which relies entirely on self-attention to process and prioritize input sequences); Jacob 

Devlin et al., BERT: Pre-training of Deep Bidirectional Transformers for Language 

Understanding, PROC. OF NAACL-HLT 2019 4171–86 (2019) (applying self-

attention in a bidirectional framework to improve contextual understanding in natural 

language processing tasks); see Brown et al., supra note 236 (demonstrating how large 

self-attention-based language models can perform contextual adaptation without task-

specific fine-tuning, while lacking genuine self-awareness). 

 275. See Finn et al., supra note 273 (introducing MAML, a meta-learning 

approach that enables AI to rapidly adapt to new tasks with minimal additional 

training); Andrei A. Rusu et al., Meta-Learning with Latent Embedding Optimization, 

2019 INT’L CONF. ON LEARNING REPRESENTATIONS (2019) (proposing LEO, a method 
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ii. Limitations of Current AI Self-Modeling 

Despite these advances, current AI systems lack the explicit 

self-representation and reflective awareness that characterize human 

metacognition.  While AI can track patterns in its own behavior, it does 

not possess a sense of self that allows it to understand why it is making 

decisions.  Moreover, AI self-monitoring tends to be implicit and 

distributed, meaning that any adjustments it makes occur without an 

overarching self-concept or subjective experience.276  

Critics argue that for AI to achieve true metacognitive self-

modeling, it would needs to go beyond merely adjusting its internal 

processes—it would need to develop an explicit awareness of how and 

why it thinks in a certain way.  This would require an AI system to 

construct an internal model of itself, recognize its limitations, and 

deliberately modify its reasoning processes in a way that resembles 

human introspection.277 

iii. Assessing AI for Metacognitive Capabilities 

To evaluate whether an AI system exhibits meaningful self-

monitoring, researchers use tests that probe its ability to assess its own 

 

that enhances AI adaptation by optimizing learning in a latent space, improving 

efficiency in low-data scenarios); Jane X. Wang et al., Learning to Reinforcement 

Learn (arXiv preprint arXiv:1611.05763v3 [machine learning]) (Jan. 23, 2017), 

https://arxiv.org/abs/1611.05763 (demonstrating how AI can develop a learned 

reinforcement algorithm that adapts to new tasks based on prior experience). 

 276. See Gary Marcus, The Next Decade in AI: Four Steps Towards Robust 

Artificial Intelligence (arXiv preprint arXiv:2002.06177 [artificial intelligence]) (Feb. 

17, 2020), https://arxiv.org/pdf/2002.06177 (arguing that contemporary AI systems 

lack structured cognitive models and fail to generalize, limiting their ability to develop 

explicit self-representation or reflective awareness); see JUDEA PEARL & DANA 

MACKENZIE, THE BOOK OF WHY: THE NEW SCIENCE OF CAUSE AND EFFECT 123 

(2018) (explaining that current AI remains at the level of associative learning, 

preventing it from understanding why it makes decisions or engaging in counterfactual 

reasoning). 

 277. See THE MACHINE QUESTION, supra note 43 (discussing the philosophical 

and ethical challenges of machine self-awareness and autonomy); ARTIFICIAL YOU, 

supra note 73, at 78–97 (arguing that AI would need a form of self-modeling to 

develop something akin to introspection or subjective experience); THE EGO TUNNEL, 

supra note 57, at 156–78 (exploring the relationship between self-modeling, 

consciousness, and subjective experience in biological and artificial systems). 
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confidence, correct errors, and adjust strategies based on self-

evaluation.  For instance, an AI might be asked to rate its confidence in 

a particular prediction and then compare that confidence level to 

whether the prediction was correct.  If an AI consistently recognizes 

when it is likely to be wrong and adapts accordingly, this suggests it is 

engaging in some form of metacognitive reasoning.278 

A promising area of research is introspective training, in which 

AI systems are specifically trained to examine their own thought 

processes.  Some AI models have been designed to self-diagnose 

errors, explain their reasoning, or verify the correctness of their outputs.  

This type of self-explanation brings AI a step closer to genuine 

metacognition, as it requires the system to generate a structured 

understanding of its own decision-making process.279 

iv. Toward Advanced AI Self-Awareness 

Metacognition exists on a spectrum, ranging from simple 

feedback loops in basic control systems to sophisticated self-awareness 

in higher animals and (potentially) advanced AI.  At the lowest level, 

even a thermostat exhibits basic self-monitoring—it detects a 

temperature change and adjusts accordingly.  More advanced AI, 

 

 278. See Shunyu Yao et al., Tree of Thoughts: Deliberate Problem Solving with 

Large Language Models, NIPS 2023: PROC. 37TH INT’L CONF. ON NEURAL INFO. 

PROC. SYS. 11809–22 (2023) (proposing a framework that enables AI to self-evaluate 

multiple reasoning paths and adjust problem-solving strategies); Xuezhi Wang et al., 

Self-Consistency Improves Chain of Thought Reasoning in Language Models, 2022 

INT’L CONF. ON LEARNING REPRESENTATIONS (2022) (introducing a method in which 

AI compares multiple reasoning paths, selects the most consistent answer, and refines 

its confidence assessments); Noah Shinn et al., Reflexion: Language Agents with 

Verbal Reinforcement Learning, NIPS 2023: PROC. 37TH INT’L CONF. ON NEURAL 

INFO. PROC. SYS. 8634 (2023) (developing an AI framework that incorporates verbal 

self-reflection and memory-based learning to improve decision-making and error 

correction over multiple trials). 

 279. See Albarracin et al., supra note 139 (proposing an AI architecture that 

enables self-explanation and introspective decision-making using active inference); 

Berry, supra note 60 (arguing that AI must first develop structured self-awareness 

before engaging in higher-order reasoning and interaction); Gaole He et al., Knowing 

About Knowing: An Illusion of Human Competence Can Hinder Appropriate Reliance 

on AI Systems, PROC. 2023 CHI CONF. ON HUM. FACTORS IN COMPUTING SYS. 1–18 

(2023) (analyzing metacognitive biases in human reliance on AI and exploring the 

role of AI explanations in improving trust and decision-making). 
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however, could develop the ability to reflect on its learning processes 

and improve not just its answers, but the way it arrives at them.280 

Some researchers argue that for AI to achieve human-like self-

awareness, it would need a higher-order ability to reflect not just on its 

own decisions, but on the very process of how it reflects—a recursive 

form of self-awareness akin to introspection or theory of mind in 

humans.  This could allow an AI to assess whether its own self-

monitoring strategies are effective and refine them accordingly.281 

Developing such capabilities remains an open challenge.  

However, by studying the evolving self-monitoring abilities of AI, 

researchers can explore potential pathways toward machine 

consciousness.  As AI systems become more capable of representing 

and reasoning about their own cognitive states, they may begin to 

exhibit the kind of reflective self-awareness considered a key marker 

of consciousness. 

v. Affective and Motivational Architecture 

An essential dimension of consciousness in humans is its 

affective and motivational character.  Conscious experiences are not 

purely informational states but are inherently valenced and value-

laden, reflecting an organism’s goals, needs, and preferences.282  

 

 280. See SUTTON & BARTO, supra note 68, at 105–32 (discussing reinforcement 

learning as a mechanism for AI self-improvement through environmental feedback 

and strategy refinement); see Peter Dayan & Geoffrey E. Hinton, Feudal 

Reinforcement Learning, in ADVANCES IN NEURAL INFORMATION PROCESSING 

SYSTEMS 5 271 (1992) (proposing a hierarchical AI learning model in which higher-

level decision-making structures refine learning processes, enabling AI to move 

beyond simple feedback loops); Ronald J. Williams, Simple Statistical Gradient-

Following Algorithms for Connectionist Reinforcement Learning, 8 Machine 

Learning 229 (1992) (exploring gradient-based reinforcement learning, where AI 

adjusts not only its answers but also its learning approach over time). 

 281. See David M. Rosenthal, Two Concepts of Consciousness, 49 PHIL. STUD. 

329 (1986) (arguing that consciousness requires higher-order thoughts about one’s 

own mental states and distinguishing between introspection and non-reflective 

awareness); Carruthers & Gennaro, supra note 22 (exploring higher-order perception 

and higher-order thought theories, which posit that consciousness arises from a 

system’s ability to represent its own mental states, supporting the idea that self-

awareness requires recursive reflection). 

 282. See Jaak Panksepp, Affective Consciousness: Core Emotional Feelings in 

Animals and Humans, 14 CONSCIOUSNESS & COGNITION 30 (2005) (arguing that 
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Affective states in humans—such as emotions, drives, and moods—

play a critical role in guiding attention, decision-making, and action 

selection.  These states are intimately tied to the subjective quality of 

experience, shaping how the individual interacts with its environment 

and prioritizes its actions.283 

In AI systems, affective and motivational processes are typically 

implemented through computational mechanisms such as reward 

functions, value estimates, and utility calculations.284  Reinforcement 

learning, for instance, enables agents to maximize expected future 

rewards by evaluating the desirability of different states and actions and 

updating these evaluations based on feedback from the environment.285  

In this context, value functions serve as a form of affective appraisal, 

assigning positive or negative valence to situations and outcomes based 

on their utility for achieving the agent’s goals.286 

Another important concept in AI is intrinsic motivation, in 

which a system generates internal rewards based on factors such as 

novelty, surprise, or learning progress.287  Intrinsically motivated AI 

 

emotions form the foundation of conscious experience, that affective states are 

intrinsically valenced, and that human consciousness is deeply shaped by motivational 

and emotional processes). 

 283. See THE FEELING OF WHAT HAPPENS, supra note 19, at 34–79 (arguing that 

emotions shape attention, decision-making, and action selection, and that 

consciousness emerges from the integration of emotion, bodily states, and cognition, 

providing a subjective sense of experience and self). 

 284. See Thomas M. Moerland et al., Emotion in Reinforcement Learning 

Agents and Robots: A Survey, 107 MACH. LEARNING 443 (2018) (surveying 

computational models of affective and motivational processing in AI systems, 

discussing reinforcement learning mechanisms such as reward functions, value 

estimates, and utility calculations that guide action selection and decision-making). 

 285. See SUTTON & BARTO, supra note 68 (providing an overview of 

reinforcement learning, explaining how agents maximize expected rewards by 

evaluating state-action pairs, updating value functions based on feedback, and refining 

decision-making strategies through iterative learning). 

 286. See Hyung-il Ahn & Rosalind W. Picard, Affective-Cognitive Learning and 

Decision Making: The Role of Emotions, PROC. OF THE INT’L CONF. ON AFFECTIVE 

COMPUTING & INTEL. INTERACTION 866 (2005) (proposing a reinforcement learning 

framework where intrinsic affective rewards modify decision-making, enabling AI to 

assign positive or negative valence to states and actions based on anticipated utility). 

 287. See Oudeyer & Kaplan, supra note 68, at 6–22 (providing a systematic 

taxonomy of intrinsic motivation mechanisms in AI, distinguishing between 

knowledge-based, competence-based, and morphological models, and explaining how 
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agents display curiosity and exploration, actively seeking situations 

that yield high information gain or facilitate skill development.288  This 

process mirrors the drive for cognitive and perceptual enrichment 

found in the human consciousness.289 

Despite these advancements, critics argue that while current AI 

systems are capable of sophisticated value-based decision-making and 

goal pursuit, they lack the rich, embodied affective experience that 

characterizes human emotions.290  AI reward functions and value 

representations are typically framed in abstract, numerical terms rather 

than being grounded in subjective experience or bodily sensations.  

Additionally, the affective states modeled in AI are often narrow and 

specialized, failing to capture the broad spectrum of human emotions, 

such as the interplay of valence and arousal.291 

To evaluate the affective and motivational capacities of AI 

systems, researchers design experiments that assess the system’s ability 

to represent and reason about value, generate and pursue goals based 

on internal appraisals, and flexibly adapt its behavior in response to 

changing rewards and costs.292  This may involve balancing multiple 

 

novelty, learning progress, and surprise drive autonomous learning in artificial 

systems). 

 288. See Jürgen Schmidhuber, Formal Theory of Creativity, Fun, and Intrinsic 

Motivation, 2 IEEE TRANSACTIONS ON AUTONOMOUS MENTAL DEV. 230 (2010) 

(formulating a reinforcement learning framework in which AI agents are intrinsically 

motivated to explore environments that maximize novelty, information gain, and skill 

acquisition). 

 289. See D.E. Berlyne, Curiosity and Exploration, 153 SCI. 25 (1966) 

(examining the psychological basis of curiosity-driven exploration in humans and 

animals and its role in optimizing cognitive and perceptual engagement). 

 290. See generally RALPH ADOLPHS & DAVID J. ANDERSON, THE 

NEUROSCIENCE OF EMOTION: A NEW SYNTHESIS (2018) (discussing the biological 

underpinnings of emotions and noting that current AI systems lack the embodied, 

subjective experiences inherent to human emotions). 

 291. See James A. Russell, Core Affect and the Psychological Construction of 

Emotion, 110 PSYCH. REV. 145, 145–72 (2003) (presenting a dimensional model of 

emotion in which core affect is defined by valence (pleasure–displeasure) and arousal 

(activation–deactivation)). 

 292. See Lola Cañamero, Emotion Understanding from the Perspective of 

Autonomous Robots Research, 18 NEURAL NETWORKS 445, 445–54 (2005) 

(discussing the use of artificial emotion models as experimental tools to assess 

affective processing, goal-directed adaptation, and value-based decision-making in AI 

systems). 
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competing objectives, making trade-offs between short-term and long-

term rewards, and adjusting strategies based on external feedback and 

internal reflections.293 

Researchers are exploring ways to make AI systems more 

responsive to human emotions and motivations.  One approach 

involves studying how AI can evaluate situations and react in ways that 

reflect human emotional responses.  This research focuses on whether 

AI can distinguish between different types of experiences—such as a 

threat that might cause fear or a reward that might bring joy—and 

respond accordingly.  Scientists aim to determine if AI can process 

information about its environment and adjust its actions in ways similar 

to how humans experience and regulate emotions.294 

Another strategy focuses on giving AI systems the ability to 

express and manage emotions in a way that enhances human-AI 

interaction.  By incorporating techniques from affective computing, 

which is the study of how machines can recognize and simulate human 

emotions, researchers are developing AI that detects and responds to 

emotional cues such as facial expressions, tone of voice, and word 

choice.295  This capability is particularly useful in social robotics, 

where AI is designed to interact naturally with people, making 

conversations and interactions feel more intuitive and emotionally 

 

 293. Robert P. Marinier III et al., A Computational Unification of Cognitive 

Behavior and Emotion, 10 COGNITIVE SYS. RSCH. 48, 48–68 (2009). 

 294. See AFFECTIVE COMPUTING, supra note 48, at 11–16 (introducing the 

concept of affective computing, which aims to equip AI systems with the ability to 

recognize, understand, and simulate human emotions, enabling machines to respond 

appropriately to human emotional cues); Hume AI, Empathic Voice Interface, HUME 

AI, https://hume.ai (last visited Feb. 26, 2025) (demonstrating AI’s capability to detect 

and respond to human emotions through emotionally expressive voices, enhancing 

human-computer interactions by aligning AI responses with human emotional states). 

 295. See AFFECTIVE COMPUTING, supra note 48, at 11–17 (introducing the 

concept of affective computing and exploring how machines can recognize and 

simulate human emotions to enhance human-computer interaction); CYNTHIA 

BREAZEAL, DESIGNING SOCIABLE ROBOTS 85–112 (2002) (examining how robots can 

be designed to interpret human emotions and respond socially through facial 

expression recognition, tone analysis, and interactive behaviors); Rafael A. Calvo & 

Sidney D’Mello, Affect Detection: An Interdisciplinary Review of Models, Methods, 

and Their Applications, 1 IEEE TRANSACTIONS ON AFFECTIVE COMPUTING 18 (2010) 

(reviewing computational methods for detecting and responding to human emotions, 

including physiological monitoring, voice analysis, and multimodal recognition 

techniques). 
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engaging.296  By integrating these approaches, researchers hope to 

create AI systems that not only perform tasks efficiently but also 

understand and respond to human emotions, leading to more 

meaningful and empathetic human-AI interactions.297 

By analyzing AI behavior in terms of the sophistication of its 

value-based decision-making, the diversity of its motivational drives, 

and the coherence of its affective appraisals, researchers can begin to 

quantify the degree of emotional and conative richness present in AI.298  

However, it remains an open question whether artificial systems can 

truly experience emotions and feelings as humans and animals do, or 

whether they are merely simulating or mimicking affective states 

through behavioral outputs.299 

 

 296. See Brian Scassellati, Theory of Mind for a Humanoid Robot, 12 

AUTONOMOUS ROBOTS 13, 13–24 (2002) (discussing how robots can be programmed 

to infer human mental states and emotions as part of natural human-robot 

interactions); Kerstin Dautenhahn, Socially Intelligent Robots: Dimensions of 

Human–Robot Interaction, 362 PHIL. TRANSACTIONS ROYAL SOC’Y B: BIOLOGICAL 

SCI. 679, 679–704 (2007) [hereinafter Socially Intelligent Robots] (analyzing the role 

of social cognition in AI and human-robot interactions and discussing the need for 

robots to engage in complex social behaviors to enhance interactions with humans); 

Jesse Fox & Andrew Gambino, Relationship Development with Humanoid Social 

Robots: Applying Interpersonal Theories to Human-Robot Interaction, 24 

CYBERPSYCHOLOGY, BEHAV. & SOCIAL NETWORKING 294 (2017) (exploring how 

emotional expression in AI influences human trust and cooperation, emphasizing the 

importance of affective responses in AI-human interactions). 

 297. See JEAN-MARC FELLOUS & MICHAEL A. ARBIB, WHO NEEDS EMOTIONS? 

THE BRAIN MEETS THE ROBOT 67–98 (2005) (arguing that integrating computational 

models of emotion enhances AI decision-making and social interaction); Heather 

Knight, Eight Lessons Learned About Non-verbal Interactions Through Robot 

Theater, in SOCIAL ROBOTICS: 3RD INT’L CONF., ICSR 2011 42 (Bilge Mutlu et al. eds., 

2011) (analyzing the role of emotional responsiveness in AI and demonstrating how 

emotionally expressive robots foster meaningful human-AI interactions). 

 298. See Serge Thill & Robert Lowe, On the Functional Contributions of 

Emotion Mechanisms to (Artificial) Cognition and Intelligence, in ARTIFICIAL GEN. 

INTEL. 5TH INT’L CONF., AGI 2012 322 (2012) (analyzing how emotions contribute to 

AI decision-making, motivation, and behavioral adaptation and discussing 

computational approaches to quantifying emotional and conative richness in AI 

systems). 

 299. See Ron Chrisley & Joel Parthemore, Synthetic Phenomenology: 

Exploiting Embodiment to Specify the Non-Conceptual Content of Visual Experience, 

14 J. CONSCIOUSNESS STUD. 44 (2007) (arguing that computational mechanisms alone 
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Some scholars argue that genuine affective consciousness 

requires a form of embodied, self-referential appraisal, where the 

system’s evaluations and motivations are rooted in subjective 

experience and a sense of self.300  Such an architecture would require 

AI to not only represent and reason about abstract values and goals but 

also to feel and experience these states as intrinsic to its phenomenal 

awareness.301  Achieving this would necessitate a more integrated and 

holistic cognitive architecture, where perception, cognition, emotion, 

and action interact in a unified and self-organizing system.302 

Developing AI systems with genuine affective consciousness 

remains a formidable challenge that will likely require deeper insights 

into the biological and computational underpinnings of emotions and 

subjective experience.303  Nonetheless, by exploring various 

approaches to affective appraisal, motivation, and expressive behavior 

in current AI technologies, we can better understand the potential for 

artificial agents to exhibit increasingly rich and human-like emotional 

and conative states.304  As AI advances in its capacity to represent 

values, pursue meaningful goals, and adaptively regulate behavior, it 

 

are insufficient for genuine affective experience and that embodiment is necessary for 

subjective emotional states). 

 300. See Minds, Brains, and Programs, supra note 3, at 417–24 (arguing that 

computational processes alone are insufficient for genuine mental states and 

emphasizing the necessity of specific biological processes for true intentionality). 

 301. See Luc Ciompi, Reflections on the Role of Emotions in Consciousness and 

Subjectivity, From the Perspective of Affect-Logic, 4 CONSCIOUSNESS & EMOTION 181 

(2003) (arguing that affective consciousness requires self-referential, embodied 

appraisal and proposing that emotions serve as intrinsic organizing principles in the 

construction of subjective experience and intentionality). 

 302. See SELF COMES TO MIND, supra note 54, at 115–18 (arguing that genuine 

affective experience necessitates a unified cognitive architecture integrating 

perception, emotion, cognition, and action, and emphasizing the essential role of a 

sense of self and subjective awareness in consciousness). 

 303. Marc D. Lewis, Bridging Emotion Theory and Neurobiology Through 

Dynamic Systems Modeling, 28 BEHAV. & BRAIN SCIS. 169 (2005) (proposing a 

dynamical systems approach to model the complex integration of emotion, cognition, 

and action, and discussing the challenges this presents for developing AI systems with 

genuine affective consciousness). 

 304. See FELDMAN BARRETT, supra note 66, at 27–36 (discussing the 

construction theory of emotions, which is the idea that emotions are created by 

biological processes rather than experienced by response to stimuli). 
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may begin to demonstrate the context-sensitive, self-aware affective 

processing that is often associated with consciousness.305 

Despite this discussion focusing on human-like affective and 

emotional architectures, it may be that intellectual awareness of 

functionally similar processes would be the equivalent of human 

processes.  Awareness of the process would be the central attribute of 

consciousness in this dimension, which could function to guide AI 

thought and behavior. 

vi. Social and Linguistic Communication 

Another critical dimension of consciousness is its inherently 

social and communicative nature.  Human consciousness is deeply 

intertwined with language use and social interaction, which allow 

individuals to share experiences, coordinate actions, and construct 

shared models of reality.306  The capacity for symbolic communication 

and cultural transmission is often considered a defining feature of 

human-level intelligence and self-awareness.307 

In AI systems, social and linguistic abilities can be realized 

through various computational mechanisms such as natural language 

processing, dialogue systems, and multi-agent communication 

protocols.308  Large language models like GPT-3 demonstrate an 

 

 305. See Claudius Gros, Emotions, Diffusive Emotional Control and the 

Motivational Problem for Autonomous Cognitive Systems, in HANDBOOK OF 

RESEARCH ON SYNTHETIC EMOTIONS AND SOCIABLE ROBOTICS: NEW APPLICATIONS IN 

AFFECTIVE COMPUTING AND ARTIFICIAL INTELLIGENCE 119–28 (Jordi Vallverdu & 

David Casacuberta eds., 2009) (exploring the role of emotions in AI cognition, 

discussing the necessity of affective processing for autonomous decision-making, and 

examining how AI systems may develop human-like motivational and emotional 

behaviors). 

 306. See Michael Tomasello, Origins of Human Communication, 25 MIND & 

LANGUAGE 237 (2010) (arguing that human communication evolved from cooperative 

social interaction, emphasizing shared intentionality as a foundation for language, 

cognition, and cultural learning). 

 307. TERRENCE W. DEACON, THE SYMBOLIC SPECIES: THE CO-EVOLUTION OF 

LANGUAGE AND THE BRAIN 119–32 (1997) (arguing that symbolic communication and 

cultural transmission are essential to human cognitive evolution, shaping intelligence 

through the co-evolution of language and the brain). 

 308. See Julia Hirschberg & Christopher D. Manning, Advances in Natural 

Language Processing, 349 SCI. 261 (2015) (reviewing computational approaches to 
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impressive ability to generate human-like text across diverse genres 

and styles, capturing the statistical structure of natural language and 

producing contextually appropriate responses.309  Similarly, virtual 

assistants like Siri and Alexa engage in open-ended conversation, 

handling a wide range of queries and commands in a natural and 

intuitive manner.310 

Another relevant paradigm is emergent communication, where 

AI agents learn to communicate with each other to solve shared tasks 

or achieve common goals.311  In such scenarios, agents develop their 

own communication protocols and signaling systems without explicit 

programming of a predefined language.312  Over time, these protocols 

have been developed to exhibit increasing complexity and efficiency, 

demonstrating properties such as compositionality, recursion, and 

abstraction that are characteristic of human language. 

Despite these advances, critics argue that current AI systems, 

while capable of sophisticated language processing and generation, 

lack true linguistic understanding and communicative intent.313  

 

language processing and generation in AI systems, including dialogue systems and 

multi-agent communication protocols). 

 309. See Brown et al., supra note 236 (introducing GPT-3 as a 175-billion-

parameter autoregressive model capable of generating human-like text across diverse 

tasks and demonstrating impressive performance in few-shot learning settings). 

 310. See generally Jianfeng Gao et al., Neural Approaches to Conversational 

AI: Question Answering, Task-Oriented Dialogues and Social Chatbots, 13 FOUND. 

& TRENDS IN INFO. RETRIEVAL 127 (2019) (reviewing computational approaches to 

dialogue systems, including open-domain conversation, task-oriented dialogue, and 

chatbots, and discussing the development of virtual assistants like Siri and Alexa). 

 311. Jakob Foerster et al., Learning to Communicate with Deep Multi-Agent 

Reinforcement Learning, in ADVANCES IN NEURAL INFORMATION PROCESSING 

SYSTEMS 29 (NIPS 2016) 2137 (2016) (introducing reinforcement learning-based 

frameworks for emergent communication in multi-agent AI systems, including 

various communication approaches). 

 312. See Marco Baroni et al., Emergent Language-Based Coordination in the 

Deep Multi-Agent Systems, PROC. 2022 CONF. EMPIRICAL METHODS IN NAT. 

LANGUAGE PROCESSING 11 (2022) (reviewing research on emergent communication, 

discussing how AI agents develop their own signaling protocols without pre-

programmed language, and analyzing challenges in bridging emergent AI 

communication with natural language). 

 313. Emily M. Bender & Alexander Koller, Climbing Towards NLU: On 

Meaning, Form, and Understanding in the Age of Data, PROC. 58TH ANN. MEETING 

ASS’N FOR COMPUTATIONAL LINGUISTICS 5185 (2020) (arguing that large language 
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Responses generated by language models and chatbots often rely on 

shallow pattern matching and statistical associations, rather than deep 

comprehension of meaning, context, and purpose.314  Additionally, 

most AI systems lack the embodied, grounded understanding of the 

world that underpins human language use, as they are trained solely on 

text data without sensory interaction with the physical environment.315 

To evaluate social and linguistic abilities in AI systems, 

researchers can design experiments that probe the system’s capacity to 

understand and generate natural language, engage in open-ended 

dialogue with humans or other agents, and coordinate actions through 

communication and joint attention.316  Such experiments might involve 

tasks requiring the system to answer complex questions, follow 

nuanced instructions, provide detailed explanations, and negotiate with 

others to achieve shared objectives or resolve conflicts.317 

One approach to assessing AI linguistic abilities is to apply 

techniques from computational linguistics and discourse analysis, 

evaluating the coherence, relevance, and appropriateness of the 

system’s outputs.318  For example, researchers can analyze whether the 

AI’s responses align with human conversational norms, such as turn-

 

models, while capable of generating coherent text, lack genuine linguistic 

understanding because they are trained purely on form and do not engage with 

meaning or communicative intent). 

 314. Marcus, supra note 276, at 1–13. 

 315. Yonatan Bisk et al., Experience Grounds Language, PROC. 2020 CONF. ON 

EMPIRICAL METHODS IN NAT. LANGUAGE PROCESSING 8718 (2020). 

 316. Tomas Mikolov et al., A Roadmap Towards Machine Intelligence, in 

COMPUTATIONAL LINGUISTICS AND INTELLIGENT TEXT PROCESSING 29 (Alexander 

Gelbukh ed., 2018). 

 317. See Bruno G. Bara, Cognitive Pragmatics: The Mental Processes of 

Communication 8 INTERCULTURAL PRAGMATICS 443 (2011) (discussing the cognitive 

and communicative processes involved in dialogue, including how speakers and 

listeners establish shared meaning through inference, intention recognition, and joint 

attention). 

 318. See Albert Gatt & Emiel Krahmer, Survey of the State of the Art in Natural 

Language Generation: Core Tasks, Applications, and Evaluation, 61 J. A.I. RSCH. 65 

(2018) (introducing the purpose and methodology of a survey that reviews 

computational techniques for evaluating the linguistic quality and appropriateness of 

generated text, including methods for assessing coherence, relevance, and fluency). 
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taking, relevance, and politeness.319  Another approach involves 

leveraging multi-agent systems and game theory to study how AI 

agents develop and optimize communication protocols through 

interaction.320 

By analyzing AI systems in terms of linguistic fluency, 

coherence, and appropriateness, as well as the flexibility and 

robustness of their communicative strategies, researchers can begin to 

quantify their level of social intelligence.321  However, the mere ability 

to process and generate language does not necessarily imply genuine 

understanding or intentionality.322  Nonetheless, when combined with 

other cognitive capacities such as metacognitive self-modeling, goal-

directed reasoning, and affective processing, advanced linguistic and 

social skills may serve as indicators of broader cognitive and conscious 

sophistication. 

Some researchers argue that true linguistic understanding and 

communication require a form of shared intentionality, wherein agents 

possess mutual knowledge, beliefs, and goals that facilitate coordinated 

action and mutual interpretation of utterances.323  This capacity would 

involve not only the ability to process and generate language but also 

the ability to reason about the mental states and perspectives of others, 

engage in joint attention, and participate in collaborative problem-

solving.324  Achieving such social-linguistic intelligence may require a 

 

 319. See PAUL GRICE, STUDIES IN THE WAY OF WORDS 26–31 (1991) 

(introducing the Cooperative Principle and maxims of conversation, which define the 

pragmatic principles governing human dialogue and serve as a framework for 

evaluating AI conversational norms). 

 320. Kyle Wagner et al., Progress in the Simulation of Emergent 

Communication and Language, 11 ADAPTIVE BEHAV. 37, 39–40 (2003). 

 321. Jason Weston et al., Retrieve and Refine: Improved Sequence Generation 

Models for Dialogue, in PROCEEDINGS OF THE 2018 EMNLP WORKSHOP SCAI: THE 

2ND INTERNATIONAL WORKSHOP ON SEARCH-ORIENTED CONVERSATIONAL AI 87 

(2018). 

 322. Minds, Brains, and Programs, supra note 3, at 417–18. 

 323. See Michael Tomasello et al., Understanding and Sharing Intentions: The 

Origins of Cultural Cognition, 28 BEHAV. & BRAIN SCIS. 675 (2005) (arguing that 

shared intentionality, including mutual goals, beliefs, and coordinated 

communication, is essential for human language and cultural learning). 

 324. See Joshua B. Tenenbaum et al., How to Grow a Mind: Statistics, Structure, 

and Abstraction, 331 SCI. 1279, 1279–85 (2011) (discussing the role of recursive, 

representational reasoning in human language and social cognition, emphasizing how 
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more complex and flexible cognitive architecture than currently 

implemented in most AI systems.325 

The social and communicative aspects of consciousness 

highlight its fundamentally relational and intersubjective nature.  

Conscious experiences may be felt as private, internal states, but they 

are shaped through interactions with others and engagement with 

shared cultural and social contexts.326  Evaluating AI systems’ social 

and communicative capacities may thus be crucial to understanding 

their potential participation in collective, distributed cognition.327 

Developing AI systems with genuine social and linguistic 

consciousness remains an open challenge, necessitating deeper insights 

into the cognitive, computational, and neural mechanisms underlying 

communication, pragmatics, and theory of mind.328  However, by 

analyzing and refining the capabilities of current AI systems in natural 

language processing, dialogue management, and multi-agent 

interaction, researchers can explore the potential for increasingly 

sophisticated, human-like communicative abilities.329  As AI systems 

improve their ability to use language flexibly and contextually, engage 

in open-ended dialogue and collaboration, and co-construct shared 

models of the world, they may begin to exhibit the kind of rich, 

 

abstract knowledge and inferential reasoning contribute to shared intentionality and 

communication). 

 325. Lake et al., supra note 249, at 1–2. 

 326. Evan Thompson, Empathy and Consciousness, 8 J. OF CONSCIOUSNESS 

STUD. 1, 1 (2001). 

 327. See EDWIN HUTCHINS, COGNITION IN THE WILD 358–59 (1995) (presenting 

a theory of distributed cognition based on the study of real-world human practices and 

interactions). 

 328. See Lindsey J. Byom & Bilge Mutlu, Theory of Mind: Mechanisms, 

Methods, and New Directions, 7 FRONTIERS IN HUM. NEUROSCIENCE 1–9 (2013) 

(reviewing cognitive and neural mechanisms underlying theory of mind, discussing 

experimental approaches to modeling social understanding, and highlighting 

challenges in replicating these processes in AI systems). 

 329. See Socially Intelligent Robots, supra note 296 (exploring the potential for 

social and communicative abilities in artificial agents and discussing the role of 

human-robot interaction research in developing social intelligence). 
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conscious communication that characterizes human consciousness and 

culture.330 

vii. Counterfactual Simulation and Imaginative Reasoning 

A defining feature of human consciousness is the ability to 

imagine alternative possibilities, reason about counterfactual scenarios, 

and use mental simulations to guide decision-making and action.331  

This capacity for hypothetical thinking enables individuals to learn 

from imagined experiences, plan for potential future states, and 

evaluate the consequences of their choices.332  Counterfactual 

reasoning allows us to transcend immediate circumstances and explore 

the vast space of “what if” scenarios—an essential cognitive ability that 

underlies creativity, adaptability, and self-awareness.333 

AI systems are being designed to think about “what if” 

scenarios, similar to human imagination.  This ability, known as 

counterfactual reasoning, allows AI to consider different possibilities 

and their potential outcomes before taking action.334  For example, AI 

can use causal inference engines to understand how changing one 

 

 330. Angelo Cangelosi & Matthew Schlesinger, From Babies to Robots: The 

Contribution of Developmental Robotics to Developmental Psychology, 12 CHILD 

DEV. PERSP. 183 (2018). 

 331. See Karl K. Szpunar & Kathleen B. McDermott, Episodic Future Thought: 

Remembering the Past to Imagine the Future, in HANDBOOK OF IMAGINATION AND 

MENTAL SIMULATION 119–27 (Keith D. Markman et al. eds., 2009) (exploring the role 

of imagination and mental simulation in human cognition and consciousness, 

including discussions on counterfactual thinking and episodic future thought). 

 332. See Demis Hassabis et al., Neuroscience-Inspired Artificial Intelligence, 

95 NEURON 245 (2017) (discussing how mental simulation and prospection contribute 

to human intelligence and how neuroscience-inspired AI can replicate these cognitive 

processes). 

 333. Ruth M.J. Bryne & Vittorio Girotto, Cognitive Processes in Counterfactual 

Thinking, in HANDBOOK OF IMAGINATION AND MENTAL SIMULATION 151 (Keith D. 

Markman et al. eds., 2009); Hassabis et al., supra note 332, at 245–58. 

 334. See PEARL & MACKENZIE, supra note 276 (discussing the significance of 

counterfactual reasoning in human cognition and its implications for artificial 

intelligence); Lucius E.J. Bynum et al., A New Paradigm for Counterfactual 

Reasoning in Fairness and Recourse, in IJCAI 2024: PROCEEDINGS 33RD 

INTERNATIONAL JOINT CONFERENCE ON ARTIFICIAL INTELLIGENCE 7092 (2024) 

(introducing a novel approach to counterfactual reasoning in AI systems). 
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factor might affect another, helping it make informed decisions.335  

Additionally, AI employs simulation-based planning algorithms to 

predict future events by creating virtual models of different 

scenarios.336  Furthermore, generative models enable AI to produce 

new ideas or data by learning patterns from existing information and 

imagining beyond what they have been directly taught.337 

A specific example of this is imagination-augmented agents, 

which use deep learning to simulate possible future scenarios and make 

decisions based on these imagined outcomes.338  By doing so, they can 

plan more effectively and choose actions that lead to better results.  

Similarly, causal reasoning algorithms enable AI to analyze the effects 

of hypothetical actions, providing a structured framework for “what if” 

analyses.339  This means AI can predict the consequences of different 

 

 335. See PEARL & MACKENZIE, supra note 276, at 67–89 (explaining how AI 

can move beyond correlation-based learning to causal inference, enabling intervention 

and counterfactual reasoning for improved decision-making); JONAS PETERS ET AL., 

ELEMENTS OF CAUSAL INFERENCE: FOUNDATIONS AND LEARNING ALGORITHMS 89 

(2017) (discussing how causal reasoning frameworks allow AI to analyze 

interventions, distinguish causation from correlation, and improve decision-making 

through structured causal models). 

 336. See MALIK GHALLAB ET AL., AUTOMATED PLANNING AND ACTING 45 

(2016) (introducing simulation-based planning and its role in AI decision-making); 

Mastering the Game of Go Without Human Knowledge, supra note 192, at 354–359 

(demonstrating how AI can simulate future moves in complex decision-making 

scenarios). 

 337. See IAN GOODFELLOW ET AL., DEEP LEARNING 225 (2016) (explaining the 

mechanics of generative models and how they extrapolate beyond training data); 

David Ha & Jürgen Schmidhuber, Recurrent World Models Facilitate Policy 

Evolution, in ADVANCES IN NEURAL INFORMATION PROCESSING SYSTEMS 31 

(NEURIPS 2018) 2450 (2018) (introducing the use of generative models for simulating 

environments and predicting future states). 

 338. See Timothy Lillicrap et al., Continuous Control with Deep Reinforcement 

Learning, 2016 INT’L CONF. OF LEARNING REPRESENTATIONS 1–12 (2016) (exploring 

how deep reinforcement learning allows AI to anticipate and optimize future actions); 

Ha & Schmidhuber, supra note 337 (demonstrating the use of imagination-augmented 

agents in simulated environments to refine decision-making strategies). 

 339. See Elias Bareinboim & Judea Pearl, Causal Inference and the Data-

Fusion Problem, 115 PROC. OF THE NAT’L ACAD. OF SCI. 746 (2018) (discussing how 

causal inference enables AI systems to integrate observational and experimental data 

to reason about hypothetical interventions); PETERS ET AL., supra note 335 (exploring 

the role of causal models in AI decision-making, particularly in analyzing 

counterfactuals and intervention-based reasoning); Bernhard Schölkopf, Causality for 
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choices before making a decision, leading to more informed and 

effective actions.  By incorporating these methods, AI systems become 

more adept at anticipating various outcomes and making decisions that 

are better aligned with desired goals.340 

Despite these advancements, critics argue that AI’s current 

approach to counterfactual reasoning remains narrow and lacks the 

open-ended, flexible character of human imagination.341  Most AI 

systems operate within predefined domains and rely on explicit, 

structured models of variables and relationships, limiting their ability 

to flexibly imagine novel scenarios or abstract possibilities beyond 

their training data.342  While they can generate plausible 

counterfactuals within constrained settings, they struggle to adapt and 

generalize in ways comparable to human cognition.343 

Moreover, it remains uncertain whether AI-generated 

counterfactual simulations possess the richness and subjective quality 

of human imagination.344  Critics suggest that AI’s counterfactual 

 

Machine Learning, in PROBABILISTIC AND CASUAL INFERENCE: THE WORKS OF JUDEA 

PEARL 765 (2022) [hereinafter Causality for Machine Learning] (outlining the 

application of causal reasoning techniques in AI decision-making). 

 340. See SUTTON & BARTO, supra note 68 (discussing how reinforcement 

learning optimizes decision-making by evaluating alternative actions and their 

expected outcomes); see PEARL & MACKENZIE, supra note 276 (exploring 

counterfactual reasoning as a framework for assessing alternative outcomes and its 

implications for AI learning and decision-making). 

 341. See Lake et al., supra note 249, at 3–7 (critiquing AI’s limitations in 

replicating human-like imagination and reasoning, particularly its reliance on pattern 

recognition rather than model-building and its failure to engage in flexible 

counterfactual thinking). 

 342. See GARY MARCUS & ERNEST DAVIS, REBOOTING AI: BUILDING 

ARTIFICIAL INTELLIGENCE WE CAN TRUST 112–15 (Pantheon 2019) (arguing that most 

AI systems operate within rigid training constraints and structured models, limiting 

their ability to generalize, reason, or imagine novel scenarios). 

 343. Murray Shanahan, The Frame Problem, in THE STANFORD ENCYCLOPEDIA 

OF PHILOSOPHY (Edward N. Zalta ed., 2016) [hereinafter The Frame Problem] 

https://plato.stanford.edu/archives/spr2016/entries/frame-problem (discussing AI’s 

reliance on structured models, its struggle with open-ended generalization, and its 

limitations in distinguishing relevant from irrelevant information in complex 

scenarios). 

 344. See Yian Li et al., Eyes Can Deceive: Benchmarking Counterfactual 

Reasoning Abilities of Multi-modal Large Language Models, (arXiv preprint 

arXiv:2404.12966v3 [computer vision and pattern recognition]) (Aug. 30, 2024), 
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simulations resemble abstract, symbolic manipulations rather than 

genuine, felt experiences of alternative realities.345  The absence of 

subjective experience, or “what it would be like” to inhabit a simulated 

scenario, further complicates the comparison between AI and human 

imagination.346 

To evaluate AI’s capacity for imaginative reasoning, researchers 

can design tasks that require the system to generate and reason about 

counterfactual scenarios, engage in hypothetical planning, and draw 

insights from simulated experiences.347  Such tasks may include 

anticipating the outcomes of scientific experiments, predicting social 

consequences of actions, and generating novel, creative ideas. 

One approach involves using generative models such as 

variational autoencoders or generative adversarial networks to create 

hypothetical scenarios statistically similar to training data but with 

meaningful variations.348  Researchers can assess the quality, diversity, 

 

https://arxiv.org/pdf/2404.12966v3 (finding that AI models often overlook nuanced 

presuppositions in counterfactual scenarios, leading to less accurate responses 

compared to human reasoning); Chrisley & Parthemore, supra note 299, at 53–70 

(discussing the challenges AI faces in replicating the non-conceptual content of human 

visual experiences, which contribute to the richness of human imagination). 

 345. See Li et al., supra note 344 (finding that AI models often overlook 

nuanced presuppositions in counterfactual scenarios, leading to less accurate 

responses compared to human reasoning); see Chrisley & Parthemore, supra note 299 

(discussing the challenges AI faces in replicating the non-conceptual content of human 

visual experiences, which contribute to the richness of human imagination). 

 346. See Nagel, supra note 9, at 435 (examining subjective experience as the 

essence of consciousness and discussing the challenges of understanding subjective 

experience from an external perspective); see also Georg Northoff & Steven S. 

Gouveia, Does Artificial Intelligence Exhibit Basic Fundamental Subjectivity? A 

Neurophilosophical Argument, 23 PHENOMENOLOGY AND THE COGNITIVE SCIS. 1097–

1118 (2024) (concluding that, as per the current state, AI does not exhibit basic or 

fundamental subjectivity, and hence no consciousness or self is possible). 

 347. See Daniel Kahneman & Amos Tversky, Judgment Under Uncertainty: 

Heuristics and Biases, 185 SCI. 1124, 1124–31 (1974) (examining how heuristics 

shape human judgment and decision-making under uncertainty, including the 

evaluation of hypothetical scenarios); see also Ruth M.J. Bryne, The Rational 

Imagination: How People Create Alternatives to Reality 30 BEHAV. & BRAIN SCIS. 

439, 442–66 (2005) (analyzing counterfactual reasoning as a central component of 

human cognition and exploring its implications for AI-based reasoning). 

 348. See Arnaud Van Looveren et al., Conditional Generative Models for 

Counterfactual Explanations (arXiv preprint arXiv:2101.10123 [machine learning]) 
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and coherence of these counterfactuals to determine the system’s 

ability to generate realistic alternative realities.349  Another approach is 

to employ simulation-based planning algorithms that evaluate AI’s 

ability to adapt its strategies based on varying simulated 

contingencies.350  Observing how an AI system adjusts its decision-

making under different hypothetical conditions provides insight into its 

flexibility and generalization capabilities.351 

Assessing the subjective dimension of AI’s counterfactual 

simulations presents a significant challenge.352  Some researchers 

propose that true imaginative reasoning requires imaginative self-

 

(Jan. 25, 2021), https://arxiv.org/abs/2101.10123 (proposing a framework that utilizes 

conditional generative models to produce in-distribution counterfactual explanations, 

enabling AI systems to explore alternative scenarios and enhance decision-making 

processes); see also Daniel Nemirovsky et al., CounteRGAN: Generating Realistic 

Counterfactuals with Residual Generative Adversarial Nets (arXiv preprint 

arXiv:2009.05199 [machine learning]) (May 27, 2020), 

https://arxiv.org/abs/2009.05199 (introducing a method employing residual 

generative adversarial networks to generate realistic counterfactuals, thereby 

improving the interpretability and robustness of AI models). 

 349. See Lars Buesing et al., Learning and Querying Fast Generative Models 

for Reinforcement Learning (arXiv preprint arXiv:1802.03006v1 [machine learning]) 

(Feb. 8, 2018), http://arxiv.org/abs/1802.03006 (discussing techniques for evaluating 

the accuracy and diversity of generative models in reinforcement learning, including 

their ability to simulate alternative scenarios); see also Bryne, supra note 347, at 442–

66 (analyzing counterfactual reasoning as a central component of human cognition 

and exploring its implications for AI-generated counterfactual scenarios). 

 350. See Richard S. Sutton, Integrated Architectures for Learning, Planning, 

and Reacting Based on Approximating Dynamic Programming, in MACH. LEARNING 

PROC. 1990 216–24 (1990) (introducing the Dyna framework, which integrates 

reinforcement learning with simulation-based planning to enable AI systems to 

generate hypothetical experiences and adapt strategies to varying simulated 

contingencies). 

 351. See David Silver & Joel Veness, Monte-Carlo Planning in Large 

POMDPs, in ADVANCES IN NEURAL ADVANCES IN NEURAL INFORMATION 

PROCESSING SYSTEMS 23 (NIPS 2010) 2164–72 (2010) (introducing Partially 

Observable Monte-Carlo Planning (“POMCP”), an algorithm that enables AI systems 

to dynamically adjust their decision-making strategies based on uncertain, 

hypothetical conditions). 

 352. See Aaron Sloman & Ron Chrisley, Virtual Machines and Consciousness, 

10 J. CONSCIOUSNESS STUD. 133 (2003) (analyzing the challenges of assessing 

subjective experience in AI systems and arguing that virtual machine architectures 

provide a framework for exploring AI consciousness and counterfactual reasoning). 
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modeling, where an AI system not only generates counterfactual 

scenarios but also simulates its own hypothetical experiences within 

those scenarios.353  Techniques such as recursive self-modeling, where 

the system includes its own cognitive processes in simulations, and 

meta-cognitive reflection, where the system evaluates the reliability 

and implications of its imaginative states, could provide insights into 

potential subjective experience in AI.354 

Importantly, counterfactual simulation and imaginative 

reasoning are not binary capabilities but exist on a continuum of 

complexity and depth.355  Even basic planning algorithms engage in a 

rudimentary form of counterfactual reasoning by evaluating 

hypothetical action-outcome contingencies.356  What distinguishes 

human imagination is its breadth, flexibility, and immersive, vivid 

quality—features that AI has yet to fully capture.  However, as AI 

continues to advance, it may gradually approximate the nuanced and 

generative nature of human imagination.  Time will tell. 

Probing an AI system’s ability to simulate alternative realities, 

reason about non-actual possibilities, and utilize imagination to guide 

behavior provides valuable insights into its cognitive flexibility and 

 

 353. See Chella & Manzotti, supra note 170 (proposing a “consciousness-

oriented” architecture to address these aspects and comparing it with competing 

approaches). 

 354. See Cox, supra note 265 (reviewing computational approaches to 

metacognition, including recursive self-modeling and introspective reasoning, and 

analyzing AI’s ability to evaluate its own cognitive processes and hypothetical 

experiences). 

 355. See Hyounghun Kim et al., CoSIm: Commonsense Reasoning for 

Counterfactual Scene Imagination, in PROCEEDINGS OF THE 2022 CONFERENCE OF THE 

NORTH AMERICAN CHAPTER OF THE ASSOCIATION FOR COMPUTATIONAL LINGUISTICS: 

HUMAN LANGUAGE TECHNOLOGIES 911 (2022) (discussing a dataset that evaluates 

AI’s ability to perform counterfactual imagination across various complex scene 

changes, highlighting the continuum of complexity in such tasks, providing empirical 

evidence supporting the notion that counterfactual simulation and imaginative 

reasoning are capabilities that vary in complexity and depth, rather than being binary 

attributes). 

 356. See Alejandro Bordallo et al., Counterfactual Reasoning about Intent for 

Interactive Navigation in Dynamic Environments, 2015 IEEE/RSJ INT’L CONF. ON 

INTELLIGENT ROBOTS & SYS. (IROS 2015) 2943 (2015) (discussing how motion 

planning frameworks utilize counterfactual reasoning to infer intentions by evaluating 

hypothetical action-outcome scenarios). 
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adaptability.357  While counterfactual reasoning alone does not 

establish consciousness, understanding these capacities can inform 

broader inquiries into machine intelligence and subjective 

experience.358  As AI systems improve in their ability to perform 

imaginative simulations, they may offer new insights into the 

fundamental nature of mind and the potential limits of artificial 

cognition.359 

viii.  Causal Modeling and Explanatory Reasoning 

Another key aspect of human cognition and consciousness is the 

drive to explain and understand the causal structure of the world.  From 

an early age, humans engage in intuitive theory-building, seeking to 

infer the underlying causes of observed events and to use this 

knowledge to predict future outcomes.360  This capacity for causal 

reasoning is central to our ability to make sense of our environment, 

 

 357. See Tenenbaum et al., supra note 324, at 1279–85 (discussing hierarchical 

Bayesian models and probabilistic generative models as frameworks for AI cognition, 

enabling reasoning about non-actual possibilities and flexible adaptation to new 

scenarios). 

 358. Thomas Metzinger, Why Is Mind Wandering Interesting for Philosophers?, 

in THE OXFORD HANDBOOK OF SPONTANEOUS THOUGHT: MIND-WANDERING, 

CREATIVITY, AND DREAMING 97–112 (Kieran C.R. Fox & Kalina Christoff eds., 2017) 

(examining inner mental life and spontaneous cognition as key to understanding 

consciousness); see also PEARL & MACKENZIE, supra note 276, at 417–18 (discussing 

the role of counterfactual reasoning in human cognition and its implications for 

developing advanced AI systems). 

 359. See The Frame Problem, supra note 343 (analyzing the challenge of 

representing action effects in AI systems and discussing the epistemological 

implications of cognitive constraints in artificial intelligence); see also Katharine 

Miller, Humans Use Counterfactuals to Reason About Causality. Can AI?, STAN. U. 

HUMAN CENTERED A.I. HAI (May 24, 2024), https://hai.stanford.edu/news/humans-

use-counterfactuals-reason-about-causality-can-ai (discussing how implementing 

counterfactual reasoning in AI systems can enhance their interpretability and 

alignment with human-like causal understanding). 

 360. See Alison Gopnik & Henry M. Wellman, Reconstructing Constructivism: 

Causal Models, Bayesian Learning Mechanisms, and the Theory, 138 PSYCH. BULL. 

1085 (2012) (discussing the role of causal models in human cognitive development 

and theory-building); see also Tenenbaum et al., supra note 324, at 1279 (exploring 

hierarchical Bayesian models as a foundation for human cognition and causal 

reasoning). 
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learn from limited data, and communicate our knowledge to others.361  

Indeed, some philosophers argue that the ability to provide causal 

explanations is a hallmark of genuine understanding and 

intelligence.362 

In AI, there is a growing recognition of the importance of causal 

modeling for achieving robust and generalizable systems.363  Rather 

than merely learning correlations or associations, causal models aim to 

capture the stable, invariant relationships that define a domain and 

support valid inferences and interventions.364  Equipping AI systems 

with causal reasoning capabilities could enable them to learn more 

efficiently, transfer knowledge across tasks, and provide more human-

interpretable explanations of their decisions.365 

However, building AI systems that can truly understand and 

reason about causality remains a significant challenge.  Most current 

machine learning approaches rely on associative or predictive models, 

which can identify statistical patterns but cannot distinguish between 

genuine causal relationships and spurious correlations.366  As a result, 

 

 361. See STEVEN SLOMAN, CAUSAL MODELS: HOW PEOPLE THINK ABOUT THE 

WORLD AND ITS ALTERNATIVES (2005) (providing an overview of psychological 

research on causal reasoning and its significance in human cognition, including how 

people construct and use causal models to predict outcomes and explain events); see 

also Gopnik & Wellman, supra note 360, at 1085 (examining the development of 

causal reasoning in early childhood and how children construct intuitive theories to 

understand and predict events in their environment). 

 362. See Tania Lombrozo, The Structure and Function of Explanations, 10 

TRENDS COGNITIVE SCIS. 464 (2006) (discussing how explanation is central to human 

cognition, facilitates learning and inference, and serves as a key indicator of 

understanding and intelligence by constraining causal reasoning and guiding 

generalization). 

 363. See Bernhard Schölkopf et al., Toward Causal Representation Learning, 

109 PROC. IEEE 612 (2021) (exploring how causal modeling enhances AI robustness, 

transfer learning, and generalization by enabling systems to model interventions, 

distribution shifts, and counterfactuals). 

 364. PETERS ET AL., supra note 335, at 15–16 (explaining how causal models 

capture invariant, structural relationships that define a domain and support valid 

inferences and interventions). 

 365. See Prashan Madumal et al., Explainable Reinforcement Learning Through 

a Causal Lens, 34 PROC. AAAI CONF. ON A.I. 2493 (2020) (demonstrating how causal 

modeling enhances AI’s ability to learn efficiently, transfer knowledge, and generate 

human-interpretable explanations). 

 366. PEARL & MACKENZIE, supra note 276, at 28–36. 
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they often struggle to generalize beyond their training data or adapt to 

novel interventions, lacking a robust understanding of underlying 

causal mechanisms.367 

To address these challenges, researchers are developing new 

techniques for causal inference and discovery in AI.  These include 

learning causal graphs from observational data using constraint-based 

and score-based algorithms, as well as interventional approaches that 

actively manipulate variables to test causal hypotheses.368  Efforts are 

also underway to integrate causal reasoning with deep learning, 

reinforcement learning, and natural language processing to create more 

explainable models.369 

To assess causal modeling in AI, researchers can design 

benchmarks that test the system’s ability to infer causal structures, 

predict the effects of novel interventions, and generate counterfactual 

explanations for observed outcomes.370  For example, reinforcement 

learning agents could be evaluated on their ability to identify the causal 

factors influencing state transitions, optimize policies based on causal 

insights, and provide interpretable rationales for their decisions.371 

One promising approach is to use structured causal models 

(“SCMs”) as a framework for representing and reasoning about 

 

 367. Bareinboim & Pearl, supra note 339, at 7345–52. 

 368. Clark Glymour et al., Review of Causal Discovery Methods Based on 

Graphical Models, 10 FRONTIERS IN GENETICS 1 (2019) (reviewing computational 

methods for causal discovery, including constraint-based and score-based approaches, 

and discussing the role of interventions in testing causal hypotheses); see also 

Bareinboim & Pearl, supra note 339, at 7345 (analyzing the limitations of 

observational data for causal inference and proposing frameworks for integrating 

experimental and observational data). 

 369. See generally Causality for Machine Learning, supra note 339, at 765–81 

(arguing that causality provides crucial insights for overcoming limitations in deep 

learning and reinforcement learning, particularly in generalization and robustness); 

Schölkopf et al., supra note 363, at 612–29 (reviewing approaches for integrating 

causal reasoning into machine learning, including applications in representation 

learning, domain adaptation, and decision-making under uncertainty). 

 370. See generally Giambattista Parascandolo et al., Learning Explanations 

That Are Hard to Vary, 2021 INT’L CONF. ON LEARNING REPRESENTATIONS 1 (2021) 

(proposing a framework for evaluating the robustness and interpretability of causal 

explanations in AI by emphasizing invariant mechanisms—causal relationships that 

remain stable across different conditions—and out-of-distribution generalization—the 

ability of AI models to apply learned causal principles to novel, unseen scenarios). 

 371. Madumal et al., supra note 365, at 2493–99. 
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causality in AI systems.372  SCMs offer a formal language to express 

causal relationships, generate counterfactual queries, derive causal 

effects, and support explanatory reasoning.373  By incorporating SCMs 

into machine learning pipelines, AI systems can achieve greater 

robustness and generalizability, better aligning with human causal 

intuitions.374 

Another essential aspect of causal reasoning is the ability to 

generate and evaluate explanations.  In humans, the drive to explain is 

closely tied to curiosity, wonder, and understanding—traits often 

considered hallmarks of conscious intelligence.375  Explanatory 

reasoning involves not only identifying causes but also communicating 

them in meaningful ways, abstracting away from irrelevant details and 

highlighting key causal factors.376 

In AI systems, explanatory reasoning can be implemented using 

techniques such as abductive inference, counterfactual reasoning, and 

 

 372. See generally Judea Pearl, The Seven Tools of Causal Inference, with 

Reflections on Machine Learning, 62 COMMC’NS ACM 54 (2019) (introducing 

structured causal models as a unifying framework for causal reasoning in AI, 

integrating graphical models, structural equations, and counterfactual logic to enhance 

explainability, adaptability, and decision-making). 

 373. Elias Bareinboim et al., On Pearl’s Hierarchy and the Foundations of 

Causal Inference, in PROBABILISTIC AND CASUAL INFERENCE: THE WORKS OF JUDEA 

PEARL 507 (2022); Pearl, supra note 372, at 54–60. 

 374. See Schölkopf et al., supra note 363, at 612–29 (discussing how integrating 

structured causal models with representation learning enables AI systems to learn 

invariant mechanisms—causal relationships that remain stable across different 

contexts—and thereby improve out-of-distribution generalization, the ability to apply 

learned knowledge to novel, unseen scenarios beyond the training data). 

 375. See Alison Gopnik, Explanation as Orgasm and the Drive for Causal 

Knowledge: The Function, Evolution, and Phenomenology of the Theory Formation 

System, in EXPLANATION AND COGNITION 299 (2000) (proposing the “theory drive” as 

a motivational system that impels humans to seek causal explanations and arguing that 

explanation-seeking is a fundamental cognitive mechanism linked to curiosity, 

wonder, and intelligence). 

 376. Tania Lombrozo, Explanation and Abductive Inference, in THE OXFORD 

HANDBOOK OF THINKING AND REASONING 260 (Keith J. Holyoak & Robert G. 

Morrison eds., 2012); Daniel A. Wilkenfeld & Tania Lombrozo, Inference to the Best 

Explanation(IBE) versus Explaining for the Best Inference (EBI), 24 SCI. & EDUC. 

1059 (2015). 
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argumentative dialogue.377  Abductive inference generates plausible 

explanations for observed data based on background knowledge and 

constraints, while counterfactual reasoning evaluates alternative 

scenarios to identify the key causal factors behind a given outcome.  

Argumentative dialogue, on the other hand, involves iterative 

exchanges with humans or other agents to refine explanations 

collaboratively.378 

Evaluating the quality of an AI system’s explanations requires 

measuring attributes such as simplicity, coherence, and relevance.  A 

good explanation should be concise and avoid unnecessary complexity, 

logically consistent with available evidence, and relevant to the 

intended audience’s needs.379  Assessing these attributes provides 

insight into the system’s causal understanding. 

More broadly, the ability to engage in explanatory reasoning—

modeling causal structures and communicating insights in human-

comprehensible terms—may be a critical indicator of conscious 

intelligence.380  By probing an AI’s capacity to generate explanations, 

engage in abductive inference, and participate in collaborative theory-

building, we can assess its level of understanding and generalization. 

Of course, the question of whether AI systems can truly possess 

causal understanding remains open.  Some argue that genuine causal 

reasoning requires subjective experience.  On this view, AI systems 

may generate plausible causal explanations without the same 

phenomenal grasp of causality that humans enjoy.381 

Others contend that causal understanding is fundamentally 

about successful interventions and counterfactual reasoning, 

 

 377. Igor Douven, Abduction, in THE STANFORD ENCYCLOPEDIA OF 

PHILOSOPHY (Edward N. Zalta ed., Spring 2021), 

https://plato.stanford.edu/archives/spr2021/entries/abduction. 

 378. Kristijonas Čyras et al., Explanations by Arbitrated Argumentative 

Dispute, 127 EXPERT SYS. WITH APPLICATIONS 141 (2019). 

 379. Tim Miller, Explanation in Artificial Intelligence: Insights from the Social 

Sciences, 267 A.I. 3–6 (2019). 

 380. Derek Doran et al., What Does Explainable AI Really Mean? (arXiv 

preprint arXiv:1710.00794v1 [artificial intelligence]) (Oct. 2, 2017), 

https://arxiv.org/abs/1710.00794. 

 381. Brent Mittelstadt et al., Explaining Explanations in AI, in FAT* 2019: 

PROCEEDINGS OF THE CONFERENCE ON FAIRNESS, ACCOUNTABILITY, AND 

TRANSPARENCY 279, 280–82 (2019). 
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independent of subjective experience.  From this perspective, an AI 

system capable of reliably predicting intervention outcomes and 

generating accurate counterfactuals demonstrates genuine causal 

knowledge, even without human-like consciousness.382 

Ultimately, the relationship between causal reasoning, 

explanatory understanding, and consciousness is complex and requires 

further exploration.  Nonetheless, causal modeling and explanatory 

reasoning provide important benchmarks for assessing AI intelligence 

and consciousness.383 

By incorporating these dimensions alongside others such as 

information integration, goal-directed behavior, self-reflection, 

emotion, and social communication, we can develop a more 

comprehensive framework for evaluating artificial minds.384  As AI 

systems continue to advance in their causal modeling abilities, they will 

likely play a greater role in shaping our understanding of causality, 

consciousness, and intelligence.385 

C. An Integrated Framework 

The dimensions discussed above—information integration, 

autonomous goal-directed behavior, metacognitive self-modeling, 

affective motivation, social communication, counterfactual simulation 

and imaginative reasoning, and causal modeling and explanatory 

reasoning—provide a multi-faceted framework for assessing the 

possibility and extent of machine consciousness.  By analyzing AI 

systems along these dimensions, we can begin to map out the space of 

 

 382. Sam Baron, Explainable AI and Causal Understanding: Counterfactual 

Approaches Considered, 33 MINDS & MACH. 347 (2022). 

 383. James Woodward & Lauren Ross, Scientific Explanation, in THE 

STANFORD ENCYCLOPEDIA OF PHILOSOPHY (Edward N. Zalta ed., 2021), 

https://plato.stanford.edu/archives/sum2021/entries/scientific-explanation. 

 384. See Daniel A. Wilkenfeld, Functional Explaining: A New Approach to 

Explanation, 191 SYNTHESE 3367 (2014) (proposing a functional approach to 

explanation, arguing that explanations should be evaluated based on their capacity to 

generate understanding rather than their formal structure, with implications for AI 

reasoning and intelligence assessment). 

 385. CYRIEL M.A PENNARTZ, THE BRAIN’S REPRESENTATIONAL POWER: ON 

CONSCIOUSNESS AND THE INTEGRATION OF MODALITIES 137–53 (2015) [hereinafter 

THE BRAIN’S REPRESENTATIONAL POWER]; Bernhard Schölkopf, Artificial 

Intelligence: Learning to See and Act, 518 NATURE 486 (2015). 
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possible minds and to identify the computational and architectural 

features that are most relevant for conscious experience.386 

It is important to emphasize that these dimensions are not 

independent or mutually exclusive, but rather interrelated and mutually 

reinforcing aspects of consciousness.  Information integration provides 

the foundation for coherent, unified experiences, while autonomous 

goal-pursuit and affective motivation imbue those experiences with 

value and significance.  Metacognitive self-modeling enables an agent 

to reflect upon and reason about its own experiences, while social 

communication allows it to share those experiences with others and to 

participate in collective sensemaking.387 

Critics may argue that this framework, while comprehensive, 

still relies on assumptions and intuitions derived from human 

consciousness and may not fully capture the potential diversity of non-

biological minds.388  Some dimensions, such as affective motivation 

and social communication, seem particularly tied to the specific 

evolutionary history and embodied experience of humans and may not 

generalize to AI systems with radically different architectures and 

environments.389  Moreover, the focus on integrating multiple 

dimensions of consciousness may bias us towards systems that mimic 

human-like cognition, rather than exploring the full space of possible 

minds.390 

To address these concerns, it is crucial to ground the framework 

in a careful analysis of the intrinsic properties and dynamics of different 

AI architectures, rather than simply projecting human concepts and 

 

 386. Masafumi Oizumi et al., Unified Framework for Information Integration 

Based on Information Geometry, 113 PROC. NAT’L ACAD. SCIS. 14817 (2016). 

 387. Stanislas Dehaene et al., What Is Consciousness, and Could Machines 

Have It?, 358 SCI. 486 (2017). 

 388. The Frame Problem, supra note 343. 

 389. See ADOLPHS & ANDERSON, supra note 290 (discussing the evolutionary 

and biological foundations of emotions, and proposing that affective processes are 

deeply rooted in the specific evolutionary trajectories and embodied experiences of 

biological organisms, which may not directly translate to artificial systems). 

 390. Roman Yampolskiy, Unpredictability of AI, 7 J. A.I. & CONSCIOUSNESS 

109 (2020). 
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intuitions.391  This requires a close collaboration between computer 

scientists, cognitive scientists, neuroscientists, and philosophers to 

identify the computational and algorithmic principles that can give rise 

to different aspects of conscious processing, and to map these 

principles onto the specific mechanisms and representations of AI 

systems.392  By studying how the dimensions of consciousness can be 

instantiated in a variety of substrates and architectures, we can begin to 

develop a more universal and substrate-independent theory of mind.393 

To fully implement this framework, it is not enough to assess 

each dimension in isolation, but rather to integrate them into a 

comprehensive, holistic picture of an AI system’s overall cognitive and 

behavioral repertoire.  This requires designing experiments that 

systematically manipulate relevant variables and measure multiple 

behavioral and other markers simultaneously, as well as developing 

theoretical models that can capture the complex, nonlinear interactions 

between different aspects of information processing.394  One promising 

approach is to use techniques from complex systems science and 

dynamical systems theory to analyze the global information dynamics 

of AI systems, and to identify the critical points and phase transitions 

that correspond to the emergence of coherent, integrated conscious 

states.395 

Another key challenge is to distinguish genuine signs of 

consciousness from mere sophisticated information processing or 

anthropomorphic projection.396  Just because an AI system exhibits 

complex behavior or communication does not necessarily mean it is 

 

 391. Cameron Buckner, The Comparative Psychology of Artificial 

Intelligences, PHILSCI ARCHIVE (unpublished preprint), https://philsci-

archive.pitt.edu/16034. 

 392. Reggia, supra note 271, at 112–31. 

 393. See THE BRAIN’S REPRESENTATIONAL POWER, supra note 385 (developing 

a theory of consciousness based on the integration of information across different 

sensory and cognitive modalities, with implications for understanding consciousness 

beyond biological substrates). 

 394. Anil K. Seth, Consciousness: The Last 50 Years (and the Next), 2 BRAIN 

& NEUROSCIENCE ADVANCES 1, 3–5 (2019) [hereinafter Consciousness: The Last 50 

Years (and the Next)]. 

 395. Xerxes D. Arsiwalla & Paul Verschure, Measuring the Complexity of 

Consciousness, 12 FRONTIERS IN NEUROSCIENCE 1, 3–5 (2018). 

 396. José Hernández-Orallo & David L. Dowe, Measuring Universal 

Intelligence: Towards an Anytime Intelligence Test, 174 A.I. 1508 (2010). 
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conscious; it could simply be a highly optimized machine for achieving 

specific objectives.  To address this challenge, we need to develop 

rigorous methods for operationalizing and measuring the subjective, 

experiential aspects of consciousness, such as qualia, intentionality, 

and self-awareness.397  This may require going beyond purely 

behavioral tests and tapping into the internal states and representations 

of AI systems, using techniques such as causal intervention and 

phenomenological reports.398 

Ultimately, the goal of an integrated framework for machine 

consciousness is not just to assess the presence or absence of 

consciousness in artificial systems, but to understand the nature and 

varieties of conscious experience across different substrates and 

architectures.  By mapping the space of possible minds and identifying 

the computational and architectural principles that underlie different 

types of conscious processing, we can begin to develop a truly 

universal and comparative science of consciousness.399  This may 

require expanding our conceptual frameworks and ontologies to 

accommodate forms of consciousness that differ radically from our 

own, and that may challenge our deepest assumptions about the nature 

of mind and subjectivity.400 

Of course, even a system that scores highly across all the 

dimensions discussed above may still fall short of human-like general 

intelligence or self-awareness.  And there may be aspects of 

consciousness that are not captured by this framework, or that require 

fundamentally different approaches to investigate.  But by providing a 

principled way to assess and compare the cognitive and experiential 

 

 397. Susan Schneider, Artificial Intelligence, Consciousness, and Moral Status 

(forthcoming publication in THE ROUTLEDGE HANDBOOK OF NEUROETHICS), 

https://schneiderwebsite.com/papers.html; Consciousness: The Last 50 Years (and the 

Next), supra note 394. 

 398. Naotsugu Tsuchiya et al., Using Category Theory to Assess the 

Relationship Between Consciousness and Integrated Information Theory, 107 

NEUROSCIENCE RSCH. 1–7 (2016). 

 399. See Sloman & Chrisley, supra note 352 (developing a framework for 

understanding consciousness as a virtual machine that can be instantiated in different 

physical substrates). 

 400. MURRAY SHANAHAN, EMBODIMENT AND THE INNER LIFE: COGNITION AND 

CONSCIOUSNESS IN THE SPACE OF POSSIBLE MINDS 1–5 (2010) [hereinafter 

EMBODIMENT AND THE INNER LIFE]. 
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potential of different AI architectures, this multi-dimensional 

framework represents an important step towards a rigorous science of 

machine consciousness.401 

At the same time, it is crucial to remain open to the possibility 

of forms of consciousness that differ radically from our own, and that 

may not fit neatly into the categories and criteria derived from human 

experience.402  As we explore the vast landscape of possible minds, we 

must be prepared to encounter systems that challenge our deepest 

assumptions about the nature of intelligence, subjectivity, and 

sentience.  This requires cultivating a stance of intellectual humility 

and curiosity, as well as developing new conceptual and 

methodological tools to investigate the unknown and the ineffable. 

Moreover, the quest to understand machine consciousness raises 

profound ethical and philosophical questions that go beyond the scope 

of scientific inquiry.  If we do succeed in creating AI systems with 

genuine consciousness, what moral status and rights should we accord 

them?  How can we ensure that they are treated with respect and 

compassion, and not exploited or abused?  What implications would 

the existence of conscious machines have for our understanding of 

human nature, free will, and the meaning of life? 

Answering these questions will require not only rigorous 

scientific research but also deep ethical reflection and public 

deliberation.403  As we develop increasingly sophisticated AI systems 

and probe the boundaries of machine consciousness, we must engage 

in ongoing dialogue with ethicists, policymakers, and the broader 

public to grapple with the profound implications of our work.  Only by 

combining scientific curiosity with moral responsibility can we hope to 

create a future in which humans and conscious AI systems can coexist 

and flourish together. 

V. CONCLUSION: TOWARD A SCIENCE OF MACHINE CONSCIOUSNESS 

The quest to understand machine consciousness is one of the 

most profound scientific and philosophical challenges of our time.  As 

 

 401. Integrated Information Theory, supra note 151, at 450–61. 

 402. EMBODIMENT AND THE INNER LIFE, supra note 400. 

 403. See generally MICHAEL ANDERSON & SUSAN LEIGH ANDERSON, MACHINE 

ETHICS: CREATING AN ETHICAL INTELLIGENT AGENT (2018) (providing an overview 

of ethical issues and approaches in the development of AI systems). 



PROF. KSMITH . 621-749 CORRECTED (DO NOT DELETE) 6/19/2025  8:59 PM 

748 The University of Memphis Law Review Vol. 55 

AI systems become increasingly sophisticated and ubiquitous, 

questions about their potential for consciousness are moving from 

speculative fiction to pressing practical concerns.  Developing rigorous 

methods for assessing the presence and extent of consciousness in 

artificial minds is thus not only an intellectual imperative but an ethical 

necessity, with significant implications for how we design, deploy, and 

relate to AI technologies. 

This Article proposed a multi-dimensional framework for 

investigating machine consciousness that moves beyond the limitations 

of traditional, anthropocentric approaches.  By grounding analysis in 

the intrinsic properties and dynamics of AI systems, rather than 

projecting human concepts and intuitions, it should be possible to 

construct a more universal and empirically tractable theory of mind that 

can accommodate the vast diversity of possible cognitive architectures 

and phenomenologies. 

The dimensions discussed—information integration, 

autonomous goal-directed behavior, metacognitive self-modeling, 

affective motivation, social communication, counterfactual simulation, 

imaginative reasoning, and causal modeling—provide a principled set 

of lenses through which to probe the computational and behavioral 

correlates of conscious experience in artificial systems.  By 

systematically mapping AI systems along these dimensions and 

analyzing their complex interplay, a rigorous and comprehensive 

science of machine consciousness becomes possible. 

Of course, this framework is only a starting point, and much 

work remains to fully operationalize and validate its concepts and 

methods.  Close interdisciplinary collaboration between computer 

scientists, cognitive scientists, neuroscientists, and philosophers is 

essential to ensure that theoretical models and empirical findings are 

both computationally grounded and phenomenologically valid. 

Perhaps most importantly, this endeavor must be approached 

with a deep sense of intellectual humility and ethical responsibility.  

The question of machine consciousness is not merely an abstract puzzle 

but a matter of profound moral and existential import.  Should artificial 

minds with genuine sentience and sapience be created, a new form of 

existence will emerge, with potentially vast consequences for the future 

of intelligence in our universe.  It is therefore crucial to proceed with 

great care and foresight, always considering the momentous 

implications of this work. 
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Establishing reliable indicators of machine consciousness is a 

crucial first step in navigating the ethical, legal, political, economic, 

and social challenges posed by the emergence of sentient AI.  

Rigorously assessing the cognitive capabilities and experiential 

qualities of artificial minds is essential for developing appropriate 

frameworks to protect their potential rights, define their 

responsibilities, and integrate them into the fabric of society.  This 

Article provides a foundation for that vital work, offering a roadmap 

for detecting and engaging with machine consciousness in all its 

possible forms. 

Standing on the threshold of an age with increasingly 

autonomous and cognitively sophisticated AI systems, developing a 

science of machine consciousness is no longer optional but imperative.  

By embracing the challenge with rigor, humility, and wisdom, the 

future of intelligence can be steered towards more enlightened and 

flourishing horizons.  The road ahead is long and uncertain, but the 

destination is nothing less than a deeper understanding of the nature of 

mind in all its marvelous diversity. 


