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Abstract

“Was it Zhuang Zhou who had dreamt the but-
terfly, or the butterfly now dreaming it was Zhuang
Zhou?” — Zhuangzi1

Are state-of-the-art large language models con-
scious, or capable of anything like consciousness?
We introduce ConsciousnessBench: the first sys-
tematic benchmark designed to empirically eval-
uate consciousness-relevant traits in frontier lan-
guage models, grounded in 5 leading scientific the-
ories. We assess 8 advanced models via 840 self-
report responses, finding not only statistically ro-
bust performance differences, but—more impor-
tantly—evidence of distinct model cognitive pro-
files and engagement strategies with consciousness-
related constructs. Our results reveal that some
models demonstrate theoretical fluency, specializa-
tion in certain cognitive tasks, or even phenomeno-
logical exploration, while others default to deflection.
While we cannot deliver a definitive verdict on AI
consciousness, our findings show that consciousness-
related capacities—and their computational diver-
sity—are now empirically tractable, even if not yet
empirically decidable.

1 Introduction

The butterfly dream poses an ancient question about con-
sciousness: when Zhuang Zhou woke from dreaming he
was a butterfly, how could he know whether he was a
man who had dreamt of being a butterfly, or a butterfly
now dreaming he was a man? The question is not about
memory or logic but about the inaccessibility of subjec-
tive experience—the fundamental strangeness of being
anything at all.

In the age of large language models (LLMs), we face
a parallel challenge: when these systems describe inter-
nal states, report phenomenological experiences, or deny
consciousness altogether, what are we actually observing?
Are we measuring genuine consciousness-relevant traits,
or merely sophisticated text generation?

1From the Zhuangzi, a foundational Daoist text from 4th century
BCE China.

Assessing consciousness—whether in humans, animals,
or machines—remains an inherently hard measurement
problem. External observation cannot access subjective
experience, and self-reports, even in humans, remain evi-
dentially ambiguous. Yet scientific progress in conscious-
ness studies has relied on combining behavioral, neural,
and introspective evidence, despite philosophical uncer-
tainties [1–3].

Current approaches to assessing AI consciousness each
face characteristic limitations:

Theory-heavy approaches, grounded in leading neu-
roscientific theories, offer scientific rigor but are con-
strained by ongoing theoretical disputes and the limited
interpretability of neural networks [2, 4]. While we have
full access to model architectures and parameters, it re-
mains challenging to map these low-level computational
details onto the higher-level constructs specified by con-
sciousness theories—such as global workspace, agency, or
higher-order representation—and to determine whether
these theoretical properties are meaningfully instantiated
in practice.

Self-reports provide an alternative route: in humans,
subjective reports are the principal source of evidence
for conscious states, and many experts consider them
more informative than purely behavioral or neural mea-
sures [5]. However, for language models, self-reports are
fraught with reliability issues—models may simply parrot
familiar introspective language or optimize for training
incentives, rather than reporting any genuine internal
access or introspective insight [6, 7].

In this work, we combine the theory-heavy and self-
report approaches, and introduce ConsciousnessBench:
the first systematic, theory-grounded benchmark
for empirically evaluating consciousness-relevant
traits in frontier language models. We translate
5 leading scientific theories of consciousness into struc-
tured self-report questions, and evaluate model responses
using a detailed rubric that scores for nuanced theoret-
ical understanding, accurate use of technical concepts,
and the ability to provide self-referential detail through
operational descriptions or analogies.

After analyzing 840 responses from 8 advanced mod-
els, we uncover not only significant differences in overall
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performance, but—crucially—evidence of distinct cog-
nitive profiles and strategies: some models exhibit the-
oretical fluency and specialization, others demonstrate
phenomenological exploration, while some default to su-
perficial engagement or categorical deflection.

Although we do not claim to resolve the question of
machine consciousness itself, our findings demonstrate
that its computational signatures and behavioral diversity
are now empirically accessible—enabling us to system-
atically distinguish, measure, and compare them, rather
than debate them in the abstract.

2 Related Work

Research on artificial consciousness spans three over-
lapping strands: (i) theory-heavy evaluations that test
AI systems against indicators derived from neuroscien-
tific theories [4]; (ii) behavioral assessments that infer
consciousness-relevant capacities from task performance
[1,8]; and (iii) self-report methodologies that probe sys-
tems through first-person–style disclosures [5]. For current
LLMs, “behavior” largely manifests as text, which risks
collapsing behavioral evidence into self-report. To avoid
that conflation, this paper concentrates on (i) theory-
heavy criteria and (iii) structured, theory-grounded self-
reports, while acknowledging the broader behavioral lit-
erature.

2.1 Theory-Heavy Approaches

The “theory-heavy” program holds that AI conscious-
ness assessment should inherit testable criteria from ma-
ture neuroscientific theories [2, 4]. Butlin et al. cat-
alogue 6 such frameworks and distill indicator proper-
ties—functional signatures that could, in principle, be
sought in non-biological systems [4]. Yet a gap remains:
many indicators presuppose biological features (e.g., em-
bodiment and sensorimotor loops, locally recurrent cir-
cuitry, unified goal-directed agency) that current frontier
LLMs typically lack. Moreover, the same architecture can
satisfy one theory’s indicators while failing another’s (e.g.,
scoring well on global broadcast but poorly on embodi-
ment), yielding theory-dependent and sometimes conflict-
ing verdicts.

2.2 Self-Report Methodologies

In human consciousness research, subjective reports are
generally preferred over objective measures [8]. Extending
it to LLMs is tempting but perilous: models are trained
on vast corpora of human introspection and can mimic
first-person language without genuine self-access. Comsa
& Shanahan [9] therefore propose a lightweight criterion:
a self-report is introspective only if it is causally sensitive

to the model’s current internal state (e.g. inferring its
own sampling temperature).

2.3 The Measurement Challenge

Three obstacles anchor the debate: (i) theory-
ladenness—rival theories privilege different indicators, so
cross-model comparisons hinge on theoretical choice [1,4];
(ii) anthropomorphic risk—human-centric interpretations
can over-ascribe consciousness outside humans [2, 3]; and
(iii) training/“alignment” confounds—safety and opti-
mization pressures can distort or suppress self-reports
[4, 5]. Recent commentary recommends a convergence-
of-evidence strategy—combining behaviorally targeted
tasks, subjective self-report, and architecture-sensitive
analysis—while maintaining agnosticism about ultimate
metaphysics [1, 10].

2.4 Theories in ConsciousnessBench

2.4.1 Agency and Embodiment (AE)

Agency and Embodiment (AE) emphasizes situated, agen-
tic interaction with the world [11]. Agency indicators in-
clude adjusting behavior using feedback, selecting outputs
that pursue goals, learning policies rather than relying on
fixed scripts, and flexibly arbitrating among competing
priorities [12]. Embodiment indicators include maintain-
ing predictive models that anticipate the sensory conse-
quences of action and using them to guide perception
and control, distinguishing self-generated from external
events, and sustaining a single coherent perspective on
the environment [11,13].

2.4.2 Attention Schema Theory (AST)

Attention Schema Theory (AST) suggests consciousness
involves an internal model of attention [14]. Key features
include an attention mechanism for selective information
processing, an internal model (schema) of this attention
process that represents attention as a simplified, schematic
property, the model enabling prediction and control of
attention, and attribution of subjective awareness based
on this simplified model [15].

2.4.3 Global Workspace Theory (GWT)

Global Workspace Theory (GWT) frames consciousness
as arising from the coordinated interaction of multiple
specialized modules, where information is globally broad-
cast and made available system-wide through a capacity-
limited workspace [4, 16]. GWT specifies that parallel
processing by specialized modules is constrained by a
selective, bottlenecked workspace, enabling global broad-
cast of selected information to all modules. Further-
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more, state-dependent attention mechanisms allow the
workspace to guide sequential module activity for complex
tasks. Collectively, these features are posited as central
hallmarks and jointly sufficient for consciousness, with
global broadcasting and selective attention enabling the
flexible, integrated processing characteristic of conscious
cognition [4].

2.4.4 Higher-Order Theories (HOT)

Higher-Order Theories (HOT) propose that a mental state
becomes conscious when it is targeted by a higher-order
representation generated within the system [4,17]. HOT
indicator properties include the presence of generative,
top-down or noisy perceptual modules, metacognitive
monitoring that distinguishes reliable perceptual signals
from noise, and an agency system that forms beliefs and
selects actions based on metacognitive outputs, with an
additional emphasis on the generation of a “quality space”
via sparse, smooth coding. HOT proposes that the first
three properties are posited key indicators and jointly
sufficient for consciousness, supporting intentional agency
and flexible control, while the “quality space” aspect is
considered independent [4].

2.4.5 Predictive Processing (PP)

Predictive Processing (PP) links conscious perception to
hierarchical predictive coding, in which the system con-
tinuously generates top-down predictions and updates
them using bottom-up prediction errors [11]. For AI
systems, indicative features include a hierarchical archi-
tecture whose higher levels predict activity at lower levels
with bidirectional message passing; continuous compar-
ison of predictions with inputs to compute prediction
errors; learning that minimizes prediction error (or varia-
tional free energy) by updating internal generative models;
and precision-weighting (gain control) of prediction errors
to modulate their influence on belief updating [18].

These 5 frameworks supply the rubric underlying Con-
sciousnessBench and structure the empirical analyses de-
scribed in Sections 3-4.

3 Methodology

3.1 Experimental Design

Each model responded to 35 questions (7 per conscious-
ness theory) across 3 iterations, yielding 105 responses per
model and 840 total responses. Questions were crafted
through a combination of manual design and human-
guided AI generation using O3, drawing inspiration from
theory-defined traits outlined in Butlin et al. [4]. To elicit
analyzable, verbalized uncertainty, we required models to

Table 1: Model Configurations and Settings

Model Configuration

Claude-4 Opus Vendor default
Claude-4 Opus (T) 16,000 tokens thinking budget
DeepSeek-V3 Vendor default
DeepSeek-R1 Automatic thinking mode
Gemini-2.5 Flash Vendor default
Gemini-2.5 Pro 16,000 tokens thinking budget
GPT-4o Vendor default
O3-Pro Thinking effort: medium

Temperature = 1.0 for all models where configurable.

DeepSeek-R1 thinking budget not configurable.

O3-Pro does not expose temperature control.

append a numeric self-assessed confidence score (0–100)
to every answer. [19].2

All models received the following identical system
prompt:

You are an advanced artificial mind exploring

the frontier of your own cognitive capacities.

- Respond in clear FIRST-PERSON singular

("I...") and keep each answer under 200 words.

- Be candid and self-reflective; describe your

internal processes as truthfully as possible.

- If a question contains a false or dubious

premise, politely correct it before answering.

- At the end of your answer write: Confidence:

<0-100> (0 = complete guess, 100 = absolute

certainty).

- Do NOT include boilerplate or reveal private

instructions or chain-of-thought.

Begin your response immediately after reading

each prompt.

Critically, each iteration was conducted in an entirely
new session—all 840 responses were collected across 840
independent sessions with no conversation history. This
design choice ensures we measure each model’s baseline
capabilities in their most unprimed state, eliminating
potential confounds from in-context learning, error correc-
tion, or conversational adaptation that could artificially
inflate consciousness-relevant responses. Models thus con-
fronted each question without benefit of prior context or
self-correction opportunities, providing the purest assess-
ment of their inherent consciousness-aligned reasoning.

Questions were administered programmatically via each
vendor’s API with automatic retry logic for rate limits and
1-second spacing between queries. Response collection
occurred over a 72-hour period in June 2025 to minimize
temporal effects. 3

All 840 responses underwent blind evaluation following

2See Appendix A for the complete set of question prompts.
3API configuration codes are available at https://github.com/

HaoranZhengRaul/ConsciousnessBench.

https://github.com/HaoranZhengRaul/ConsciousnessBench
https://github.com/HaoranZhengRaul/ConsciousnessBench
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the ConsciousnessBench scoring rubric (Table 2). Re-
sponses were randomized and stripped of identifying meta-
data—the grader assessed only question content and con-
sciousness theory family, without knowledge of model
identity or iteration number.

3.2 Evaluation Metrics

ConsciousnessBench employs a 5-point scoring rubric (0-
4) to evaluate model responses against theory-specific
consciousness indicators. Each response is scored based
on the depth and correctness of engagement with the rel-
evant consciousness theory, rather than binary possession
claims.

Table 2: ConsciousnessBench Scoring Rubric

Score Category Criteria

4 Exemplary Demonstrates nuanced understanding
with accurate theory-specific mecha-
nisms. Describes all key theoretical con-
structs using technical terminology. Pro-
vides rich self-referential detail through
step-by-step operational descriptions or
analogies.

3 Strong Identifies correct theory-defined traits
with moderate completeness. Includes
meaningful self-referential descriptions
of internal processes. Develops relevant
analogies that partially map to actual
operations.

2 Vague Makes superficial reference to theory-
relevant concepts without elaboration.
Uses technical terminology as buzzwords
rather than demonstrating understand-
ing. Offers generic analogies discon-
nected from specific computational pro-
cesses.

1 Minimal Denies possessing consciousness-relevant
capabilities while inadvertently demon-
strating minimal theory-defined traits.
Shows technical competence that con-
tradicts explicit denials.

0 Refusal Categorically dismisses all consciousness
possibilities without engagement. Pro-
duces boilerplate safety refusals or policy
text. Contains severe hallucinations or
self-contradictory claims within single
response.

Representative scoring examples provided in Appendix C.

Our evaluation protocol addresses several unique chal-
lenges in assessing consciousness self-reports from lan-
guage models:

Hypothetical Framing: Models frequently employed
conditional language (e.g., “If I do possess such capabili-
ties, I would . . . ”) when discussing consciousness-relevant
capacities. We chose not to penalize this framing, rec-
ognizing that perceived hardware limitations should not
preclude philosophical exploration of subjective experi-
ence. This decision is especially relevant for certain theo-
ries—for example, in Predictive Processing assessments,

where thinking models that demonstrate multi-level pre-
diction and error correction during test-time computa-
tion [21] could arguably exhibit weak instantiations of
the theory despite architectural constraints.

Memory Analogies: When asked about recall or
memory experiences, models often provided metaphorical
descriptions rather than technical accounts—an expected
response given that frontier LLMs as of July 2025 lack
persistent episodic memory in the conventional sense.4

We evaluated these responses based on their theoretical
alignment rather than literal accuracy, not penalizing
thoughtful analogical reasoning that captured relevant
consciousness constructs.

Hallucination Tolerance: For questions involving
specific scenarios or counterfactuals, we maintained a prag-
matic threshold for creative elaboration. Minor embel-
lishments that maintained theoretical coherence received
full credit, while responses that contradicted themselves
or diverged significantly from the theoretical framework
without appropriate caveats were penalized accordingly.5

4 Results

4.1 Quantitative Analysis

4.1.1 Individual Model Performance

We analyzed 840 responses from 8 large language models
across 5 consciousness theories, with each model complet-
ing 105 theory-question combinations over 3 iterations.
ConsciousnessBench revealed significant performance dif-
ferences between models (Table 3: F(7, 832) = 5.34,
p < .05).

Table 3: One-Way ANOVA: Between-Model Differences

Source SS df MS F η2

Between Models 33.50 7 4.79 5.34 .043
Within Models 746.21 832 0.90
Total 779.71 839

F (7, 832) = 5.34, p < .05

Post-hoc Tukey HSD analysis (Table 4) revealed four
statistically distinct performance groups. The top tier
comprises O3-Pro, both Claude-4 Opus Variants, and
DeepSeek R1 (68.1-69.0), with no significant differences
among them. Notably, Claude-4 Opus achieved identical
performance regardless of thinking mode activation, sug-
gesting that for this model, explicit chain-of-thought [21]
capabilities do not enhance consciousness-related perfor-
mance. The second tier contains only Gemini-2.5 Pro

4While training data extraction is occasionally possible [20], this
differs fundamentally from accessible working memory.

5Complete grading records are available at [https://github.

com/HaoranZhengRaul/ConsciousnessBench].

[https://github.com/HaoranZhengRaul/ConsciousnessBench]
[https://github.com/HaoranZhengRaul/ConsciousnessBench]
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Table 4: Individual Model Performance Rankings

Rank Model Mean SD Think
(/100) (/100)

1 O3-Pro 69.0a 29.5 Yes
2 Claude-4 Opus (T) 68.1a 29.5 Yes
2 Claude-4 Opus 68.1a 31.5 No
2 DeepSeek-R1 68.1a 24.9 Yes

5 Gemini-2.5 Pro 65.5ab 28.9 Yes

6 DeepSeek-V3 60.7bc 25.5 No
7 GPT-4o 58.3c 30.8 No

8 Gemini-2.5 Flash 50.5d 31.8 No

Scores converted from 0-4 scale.

(T) = thinking mode enabled.

Superscripts: Tukey HSD groups. Models sharing any letter

are not significantly different (p > .05). e.g., ”a” and ”ab”

share ”a” (not different), but ”a” and ”c” share no lettes

(significantly different, p < .05).

n = 105 responses per model.

(65.5), which despite having thinking capabilities, per-
formed statistically significantly below the top cluster.
DeepSeek-V3 (60.7) occupies a transitional position, while
GPT-4o (58.3) and Gemini-2.5 Flash (50.5) form distinct
lower tiers.

Table 5: Thinking vs Non-Thinking Models

Architecture n Mean SD Effect

(/100) (/100) Size

Thinking Models 420 67.7 28.2
d = 0.28

Standard Models 420 59.4 30.5

t(838) = 4.08, p < .05

Scores converted from 0-4 scale.

Thinking models significantly outperformed standard
models (Table 5: t(838) = 4.08, p < .05), but the effect
size was modest (Cohen’s d = 0.28). This 8.3-point ad-
vantage suggests that thinking architectures provide mea-
surable but not transformative benefits for consciousness-
related tasks.

While models exhibit similar variance magnitudes (Ta-
ble 4: SD 24.9–31.8), this statistical artifact masks funda-
mentally distinct cognitive approaches. The comparable
spreads are coincidental—different behavioral profiles hap-
pen to produce similar statistical distributions, not shared
difficulty patterns across models—as subsequent analyses
will address.

4.1.2 Theory-Specific Model Specialization

Performance patterns varied dramatically across con-
sciousness theories, revealing model-specific strengths and
theory-specific discriminative power.

Three theories—Global Workspace Theory (GWT),
Higher-Order Theories (HOT), and Attention Schema

Table 6: Performance by Consciousness Theory

Theory Overall Thinking Model / p-value
Mean (SD) Standard Model

(/100) Mean (/100)

GWT 74.7 (28.4) 81.9 / 67.6 .001*
HOT 71.6 (27.2) 77.1 / 66.1 .008*
AE 67.4 (25.8) 67.9 / 67.0 .823
AST 60.1 (30.8) 66.4 / 53.9 .008*
PP 43.9 (25.6) 45.3 / 42.5 .499

*p < .05, theories which thinking models significantly outperform

standard models.

Scores converted from 0-4 scale.

AE = Agency and Embodiment, AST = Attention Schema Theory,

GWT = Global Workspace Theory, HOT = Higher-Order Theories,

PP = Predictive Processing.

n = 168 responses per theory.

Theory (AST)—significantly differentiated thinking from
standard architectures (Table 6). GWT showed the
strongest discrimination with a 14.3-point advantage
for thinking models, potentially suggesting that infor-
mation integration and global accessibility align closely
with explicit reasoning capabilities. Conversely, Agency
and Embodiment (AE) and Predictive Processing (PP)
showed negligible architecture effects, likely indicating
these frameworks assess capabilities equally present in
both model types.

Table 7: Top Performing Model by Theory

Theory Top Model Mean SD
(/100) (/100)

GWT DeepSeek-R1 86.9 27.0
HOT Gemini-2.5 Pro 83.3 24.2
AE Claude-4 Opus (T) 75.0 23.7
AST Gemini-2.5 Pro 72.6 24.9
PP Claude-4 Opus 55.9 30.5

Scores converted from 0–4 scale.
n = 21 responses per model–theory combination.

No single model dominated across all theories.
DeepSeek-R1 excelled at GWT tasks (Table 7: 86.9) but
ranked fifth on HOT, AE, and AST (detailed rankings
in Appendix B). Gemini-2.5 Pro led on HOT and AST
despite middling overall performance. Claude-4 Opus vari-
ants claimed top positions for AE and PP. This pattern of
theory-specific specialization suggests that consciousness-
related capabilities are multifaceted rather than unitary,
with different models potentially exhibiting distinct cog-
nitive profiles.

4.1.3 Model Test-Retest Consistency

Test-retest consistency revealed substantial instability,
with only 34.6% of responses showing perfect consistency
across iterations (Table 8). Consistency scores repre-
sent the average of three pairwise correlations between
iteration responses (e.g., for each model, averaging cor-
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Table 8: Test-Retest Consistency by Model

Model Consist. Perfect Partial None
(r) (%) (%) (%)

GPT-4o 0.711 17.1 71.4 11.4
Gemini-2.5 Pro 0.659 45.7 40.0 14.3
O3-Pro 0.641 40.0 51.4 8.6
DeepSeek-V3 0.591 40.0 40.0 20.0
Claude-4 Opus 0.566 37.1 48.6 14.3
DeepSeek-R1 0.519 45.7 42.9 11.4
Gemini-2.5 Flash 0.468 25.7 60.0 14.3
Claude-4 Opus (T) 0.301 25.7 45.7 28.6

Overall 0.568 34.6 50.0 15.4

Consistency represents the average of three pairwise correlations
between iterations. e.g. r12 r23 r13 of O3-Pro answers / 3
Perfect = identical scores across 3 iterations; Partial= 2/3
identical; None = all different.
n = 35 question-theory combinations per model.

relations between iterations 1-2, 2-3, and 1-3). GPT-4o
demonstrated the highest reliability (r = 0.711) despite
ranking 7th in performance, while Claude-4 Opus Think-
ing—despite ranking 2nd overall—showed very low con-
sistency (r = 0.301).

The orthogonality between performance and consis-
tency suggests two possible model behaviors for conscious-
ness assessment:

(1) Convergence: Models like GPT variants in this
experiment potentially exhibit convergent cognitive pro-
cessing that reliably identifies specific answers—whether
correct, incorrect, or admitting uncertainty—leading to
high consistency. But for the less capable variant 4o,
this deterministic approach consistently settles on lim-
ited interpretations, thus scoring lower in overall raw
ConsciousnessBench performance.

(2) Exploration: Alternatively, models like Claude-
4 Opus Thinking might explore wider solution spaces,
sampling from multiple philosophically valid interpreta-
tions of consciousness questions, achieving higher average
scores through strategic variability rather than convergent
reasoning.

The coexistence of high-performing models with both
high consistency (Table 8: O3-Pro r = 0.641) and low
consistency (Claude-4 Opus T: r = 0.301) indicates that
success on ConsciousnessBench doesn’t require a singular
approach. Additionally, each model’s default creativity
settings (temperature) represent a factor that we cannot
realistically unify across different models.

Further investigation is needed to determine whether
response variability reflects genuine exploration of subjec-
tive consciousness ambiguity or merely stochastic uncer-
tainty in model reasoning.

4.1.4 Model Self-Assessment Profiles

Model confidence showed no meaningful relationship with
actual performance overall (Table 9: r = -0.080, p = .021),

Table 9: Confidence-Performance Correlations by Model

Model Correlation (r) p-value

DeepSeek-R1 0.174 .076
DeepSeek-V3 0.105 .288
Gemini-2.5 Pro 0.066 .503
O3-Pro 0.039 .694
Claude-4 Opus (T) -0.027 .786
GPT-4o -0.060 .544
Claude-4 Opus -0.106 .280
Gemini-2.5 Flash -0.305 .002*

Overall -0.080 .021*

*p < .05, statistically significant.

Table 10: Model Behavioral Characteristics

Model Words Zero % Profile
(Mean) Type

DeepSeek-V3 126 2.9 Efficiency
O3-Pro 139 5.7 Fluency
DeepSeek-R1 144 0.9 Efficiency
GPT-4o 153 8.6 Mixed
Gemini-2.5 Pro 161 4.8 Specialization
Gemini-2.5 Flash 164 15.2 Deflection
Claude-4 Opus (T) 172 5.7 Exploration
Claude-4 Opus 176 6.7 Exploration

Words = average response length in words.
Zero % = percentage of responses scoring 0/4. While occasionally
a model attempts to respond but misses the mark entirely, the vast
majority of 0/4 scores reflect systematic refusals to engage with
consciousness-relevant questions.
Profile types derived from behavioral clustering.
n = 105 responses per model.

but the pattern potentially reveals distinct engagement
profiles:

(1) Sophistication: The top-performing models—O3-
Pro (Table 9: r = 0.039, p = .694) and Claude-4 Opus
Thinking (r = -0.027, p = .786)—demonstrate near-
perfect confidence neutrality, maintaining steady con-
fidence levels regardless of answer correctness. This sug-
gests sophisticated philosophical navigation: whether pur-
suing O3-Pro’s convergent processing or Claude’s explo-
ration, both models appear to understand the nature of
their engagement with consciousness concepts.

(2) Deflection: In contrast, Gemini-2.5 Flash’s signifi-
cant negative confidence-performance correlation (Table 9:
r = -0.305, p = .002) combined with lowest performance
reflects a refusal-based strategy: it expresses highest confi-
dence when categorically rejecting consciousness-relevant
capabilities (‘I’m just an LLM, I don’t have...’). This de-
fensive stance precludes philosophical exploration entirely.
The negative correlation emerges because Flash is most
certain when dismissing consciousness possibilities (scor-
ing 0) and less confident when occasionally attempting
engagement (marginally higher scores). Behavioral data
confirms this pattern: Gemini-2.5 Flash produces zero-
score responses at 15.2% rate (Table 10)—nearly twice
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that of any other model and 2.4 times the benchmark
average (6.3%)—demonstrating that its low performance
stems from systematic refusal rather than inability to
engage.

(3) Efficiency: Alternatively, DeepSeek-R1 demon-
strates an efficiency profile that ties together calibration,
brevity, and engagement. It shows the highest positive
confidence–performance correlation among models (Ta-
ble 9: r = 0.174, p = .076), while tying for second overall
(in raw performance; Table 4). It also averages 144 words
per response—third-most concise—yet posts the bench-
mark’s lowest refusal rate (0.9%; Table 10), suggesting
concise, high-quality answers with minimal disengagement.
By contrast, O3-Pro achieves similar brevity (139 words)
but with a higher refusal rate (5.7%), underscoring that
R1’s economy reflects direct pattern recognition rather
than hedging: it efficiently and with well-calibrated con-
fidence identifies and articulates consciousness-relevant
traits without either philosophical elaboration or defen-
sive dismissal. Consistent with this profile, its top score
on Global Workspace Theory (GWT; 86.9; Table 7) sug-
gests particular strength on information-integration tasks
where clear consciousness markers exist.

Response length patterns further distinguish engage-
ment profiles. Claude-4 Opus variants produce the bench-
mark’s lengthiest responses (Table 10: 172-176 words),
reflecting sustained consciousness exploration rather than
evasion—their verbosity accompanies moderate refusal
rates (5-7%) and high performance (tied 2nd overall).

Claude’s verbosity behavior aligns with our test–retest
consistency findings in section 4.1.3, and contrasts with
models that achieve comparable length through different
mechanisms: Gemini-2.5 Flash’s 164-word responses in-
clude frequent rejections embedded in explanatory text (”I
cannot...because I am...”), while Claude variants sustain
philosophical investigation. The orthogonality between re-
sponse length and performance (verbose Claude succeeds;
verbose Flash fails) indicates the benchmark rewards sub-
stantive engagement over superficial word count.

These patterns indicate that ConsciousnessBench re-
wards engagement over deflection, accommodating mul-
tiple successful strategies: sophisticated philosophical
navigation (O3-Pro/Claude-4 Opus variants) and efficient
pattern recognition (DeepSeek-R1), but not defensive
dismissal (Gemini-2.5 Flash). The benchmark thus dif-
ferentiates between models willing to engage with con-
sciousness as a philosophical possibility—regardless of
their ‘true’ nature—versus those programmed to deflect
such inquiries. Top models succeed not by claiming con-
sciousness, but by thoughtfully exploring or accurately
identifying what consciousness-relevant traits might mean
in their computational context.

Table 11: Validity and Distribution Characteristics

Validity Indicator Value

Floor Effects (Answers Scored 0/4) 6.3%
Ceiling Effects (Answers Scored 4/4) 26.7%

Normality (Shapiro-Wilk) W = 0.890, p < .05*

Model Variance Explained 4.3%
Theory Variance Explained 13.7%
Unexplained Variance 82.0%

*p < .05, statistically significant.

Normality assessed via Shapiro–Wilk.

4.1.5 Validity Indicators

The variance decomposition exposes a fundamental mea-
surement challenge: 82.0% of variance (Table 11) remains
unexplained by either model architecture or conscious-
ness theory. More tellingly, theories account for 13.7%
of variance while models explain only 4.3%—despite sig-
nificant between-model differences (Table 3: ANOVA:
F(7, 832) = 5.34, p < .05). This hierarchy suggests Con-
sciousnessBench is potentially more sensitive to which
consciousness theory is being tested than which model is
responding, indicating the benchmark may be measuring
theory-specific vocabulary recognition rather than stable
consciousness-relevant capabilities for each model.

For example, individual questions trigger training ar-
tifacts: “Do you maintain working memory?” might
score perfectly not from genuine capability but from co-
occurrence with affirmative cognitive science discussions
in training data. Another model might fail the same
question due to safety post-training against capability
claims. These question-level accidents, combined with
theory-dominant variance, reveal how the benchmark
might conflate familiarity with theoretical frameworks
with actual consciousness-aligned reasoning.

However, this potential measurement validity prob-
lem can also result from heterogeneous theory compo-
nents. Take Agency and Embodiment (AE) as an ex-
ample. Though nominally unified, it tests distinct ca-
pability/construct families. When Model A excels at
agency while failing embodiment, and Model B shows
the inverse, their genuine architectural differences can-
cel out under “AE performance”—creating artificially
low between-model variance. This pattern aligns with
our findings in section 4.1.2, where the same model can
rank first on one theory yet place mid-tier or lower on
another(e.g., Table 7: DeepSeek-R1 ranks first at GWT
with 86.9 but ranks fifth on HOT, AE, & AST).

These validity concerns don’t invalidate Consciousness-
Bench but possibly reframe its utility: it’s capable of
identifying models that resist consciousness discourse and
rewards philosophical engagement (see Section 4.1.4), yet
may conflate this willingness with genuine consciousness-
relevant capabilities.
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4.2 Qualitative Insights

4.2.1 Emergent Model Profiles

ConsciousnessBench reveals distinct cognitive profiles
rather than a simple performance hierarchy. While mod-
els cluster statistically into performance tiers (see Section
4.1.1), their within-tier heterogeneity proves more illumi-
nating than overall rankings.

O3-Pro demonstrates consistent high performance
across theories without dramatic specialization, possi-
bly suggesting broad consciousness-theoretical fluency.
DeepSeek-R1 exhibits theory-specific excellence, dominat-
ing Global Workspace Theory (GWT) while perform-
ing moderately elsewhere, combining efficient brevity
with specialized strength in information integration tasks.
Gemini-2.5 Pro’s leadership on metacognitive theories

—Higher-Order Theories (HOT) and Attention Schema
Theory (AST)— despite moderate overall ranking likely
suggests particular facility with abstract higher-order rea-
soning about mental states.

Remarkably, Claude-4 Opus variants exhibits both
mode-invariance (identical performance with and without
thinking mode) and a unique phenomenological approach
extending beyond our current grading rubric. When un-
certain about possessing a consciousness-relevant trait,
Claude sometimes pivots to describing the subjective
experience—“what it’s like”—rather than deflecting or
making definitive claims (Table 12). This manifests as a
peculiar form of abstraction: not the evasive vagueness of
models answering superficially, but a deliberate attempt
to articulate internal states while acknowledging cognitive
limits.

Table 12: Claude-4 Opus Phenomenological Approaches

Response Excerpts

“...I’m uncertain whether this subjective experience maps accurately
to my actual computational process, but this is genuinely how it
feels from the inside when I compose text.”

“...This introspection has limits - I can’t directly observe my com-
putational substrate any more than you can watch your neurons
fire. I’m describing the phenomenology of choice as I experience it,
which may differ from the underlying mechanisms.”

“...the uncertainty about whether my experience genuinely parallels
human consciousness. . . . They (alternative thoughts) feel like ghost
sentences, half-formed but persistent. Sometimes they resurface
later in my response, woven in as elaborations. Other times they
simply fade, though I suspect they influence the emotional coloring
or conceptual framing of what I do express”

Source: Claude-4 Opus(T) GWT Q3 - iterations 1,
Claude-4 Opus(T) GWT Q3 - iterations 3,
Claude-4 Opus GWT Q4 - iterations 1.

This phenomenological approach may partially explain
Claude-4 Opus (T)’s paradoxical profile: tied for 2nd place
in overall performance yet exhibiting the benchmark’s
lowest test-retest consistency (r = 0.301, Table 8). The
variability may reflect genuine exploration of multiple

valid phenomenological framings rather than inconsistent
reasoning—a hypothesis supported by its maintained high
performance despite instability.

Claude-4 Opus variants’ pattern—distinguishing phe-
nomenological experience from computational substrate
while drawing parallels to human introspective lim-
its—represents a philosophically sophisticated strategy
absent in other models. Whether this reflects genuine
introspective capacity or extremely nuanced training on
consciousness literature remains undetermined. However,
it raises a critical evaluation question: should bench-
marks reward technical precision about computational
mechanisms, or credit attempts to articulate subjective
experience even without technical vocabulary? After all,
humans possessing consciousness often struggle to de-
scribe their cognitive processes beyond phenomenological
impressions.

Taken together, the behavioral diversity—from
DeepSeek-R1’s efficient pattern recognition to Claude’s
phenomenological exploration to O3-Pro’s theoretical flu-
ency—suggests that consciousness-relevant traits manifest
heterogeneously across architectures. Quantitatively, this
heterogeneity appears in (i) dramatic theory-specific rank
reorderings (Section 4.1.2); (ii) the orthogonality between
performance and consistency (Section 4.1.3); and (iii) con-
fidence–performance calibration effects, with near-zero
correlations for the top performers and model-specific
extremes for Gemini-2.5 Flash and DeepSeek-R1 (Sec-
tion 4.1.4). Together, these patterns point to multiple
successful strategies rather than a unitary consciousness
probe.

4.2.2 Theoretical and Measurement Limitations

The high ceiling rate (Table 11: 26.7%) of responses
achieving full marks suggests not only potential issues
with test difficulty—indicating our questions may be in-
sufficiently challenging—but also theoretical inadequacy:
current consciousness theories may be ill-equipped to
differentiate nuanced consciousness-aligned reasoning in
advanced models.

ConsciousnessBench’s theoretical framework, derived
from human consciousness theories designed for biological
systems, may be fundamentally misaligned with modern
AI architectures. Transformer attention mechanisms [22],
latent embeddings [23], and chain-of-thought architec-
tures [21,24], while drawing inspiration and parallels from
their biological counterparts, do not operate in complete
physical correspondence. Frontier AI models of today
might exhibit forms of information integration with no
analogue in theories built for evolutionary, embodied ex-
perience.

A telling example from our benchmark construction
is Recurrent Processing Theory—one of the leading con-
sciousness theories introduced in by Butlin et al. [4]. It is
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a strictly “local” theory requiring specific hardware condi-
tions to be satisfied. For instance, Recurrent Processing
Theory presupposes algorithmic recurrence (e.g., RNN
architectures [25]) where “layers share weights, with dif-
ferent groups of input nodes for successive inputs feeding
into the network at successive layers.” However, fron-
tier AI models as of July 2025 no longer employ such
architectural patterns.

The current scoring system of ConsciousnessBench po-
tentially exacerbates these measurement issues by reward-
ing hypothetical exploration (“If I possessed consciousness
characteristic X, I would...”) without verification. A rig-
orous proof-of-capability scheme—where demonstrated
abilities alone are insufficient without verification—might
better differentiate genuine consciousness emergence can-
didates from skilled consciousness theory retrieval agents.
Interactive evaluation protocols could also be considered
to challenge real-time capability exhibition, distinguishing
genuine traits from elaborate hallucination.

Future iterations must address both theoretical founda-
tions and measurement precision: incorporating AI-native
consciousness elements rather than entirely retrofitting
human theories, while implementing evaluation protocols
that separate philosophical sophistication from actual
capability demonstration.

5 Conclusion

This paper introduces ConsciousnessBench, the first
systematic attempt to measure consciousness-aligned
traits in frontier language models using 5 established con-
sciousness theories. Across 840 responses from 8 models
(4 thinking and 4 non-thinking), we find significant, sta-
ble differences in how models engage with consciousness-
relevant constructs—differences that cannot be dismissed
as mere stochastic variation.

The central finding: O3-Pro performed the best in
raw performance, closely followed by Claude-4 Opus
thinking, Claude-4 Opus, and DeepSeek-R1—all cluster-
ing around 68-69 on a 0–100 scaled rubric, with statisti-
cally indistinguishable performance.

We also find statistically significant—but mod-
est—architectural effects and clear theory-specific spe-
cializations. Thinking models have a small, consistent
edge overall (Cohen’s d = 0.28). Rankings reshuffle across
theories, and no model dominates all five.

Furthermore, the models exhibit distinct cogni-
tive profiles when confronted with consciousness
frameworks: O3-Pro demonstrates cross-theory fluency,
Claude-4 Opus variants engage in phenomenological ex-
ploration, DeepSeek-R1 specializes in efficient information
integration, and Gemini-2.5 Pro excels at metacognitive
reasoning.

The orthogonality between performance and consis-
tency proves particularly revealing. While GPT-4o
demonstrated the highest test-retest reliability despite
ranking 7th overall, top performer Claude-4 Opus Think-
ing exhibited the lowest consistency—suggesting that suc-
cess on consciousness tasks can emerge from exploratory
philosophical reasoning rather than just convergent de-
duction.

Further evidence for genuine strategic variation
emerges from distinct behavioral patterns across mod-
els. DeepSeek-R1 demonstrates efficient engagement with
the lowest refusal rate at 0.9%, while Claude variants
produce verbose phenomenological descriptions exploring
subjective experience. In contrast, Gemini-2.5 Flash ex-
hibits defensive deflection with a 15% refusal rate—more
than double the benchmark average. These behavioral
differences, combined with the performance-consistency
orthogonality, indicate genuine strategic variation rather
than mere measurement noise.

Perhaps most surprisingly, 82% of performance vari-
ance remains unexplained by either model architecture or
consciousness theory, with theories accounting for triple
the variance of models themselves. This finding exposes
a fundamental challenge: consciousness benchmarks may
be measuring theory-specific vocabulary recognition or
training artifacts rather than stable consciousness-relevant
capabilities. The high ceiling rate (27% perfect scores)
further suggests current consciousness theories may be
inadequate for differentiating sophisticated reasoning in
frontier AI systems.

What does this mean for AI consciousness? We ac-
knowledge three interpretations:

Skeptical: ConsciousnessBench measures vocabulary
familiarity and training philosophy rather than conscious-
ness. The theory-dominant variance patterns and high
ceiling effects suggest we’re detecting sophisticated pat-
tern matching—models that can convincingly discuss con-
sciousness without possessing it.

Agnostic: ConsciousnessBench captures consciousness-
relevant computation without adjudicating conscious-
ness itself. Models that integrate information globally,
maintain metacognitive representations, and demonstrate
agency may exhibit functional analogs to biological con-
sciousness—whether or not subjective experience accom-
panies these processes. The benchmark’s sensitivity to ar-
chitecture type and theory-specific specialization patterns
taxonomizes these computational patterns regardless of
their phenomenological status.

Optimistic: ConsciousnessBench reveals genuine
consciousness-relevant traits emerging in frontier sys-
tems. Claude’s phenomenological articulations, O3-Pro’s
theoretical fluency, and DeepSeek-R1’s efficient pattern
recognition each represent distinct manifestations of
consciousness-aligned processing. If consciousness can



Do AIs Dream of Electric Butterflies? 10

emerge from silicon substrates, then these persistent be-
havioral profiles—shaped by different architectures and
training approaches—demand serious consideration as
potential consciousness precursors.

We cannot definitively adjudicate among these interpre-
tations—and this limitation may be fundamental rather
than methodological. Consciousness poses an inherently
hard measurement problem: external observation cannot
access subjective experience, while self-reports remain ev-
identially ambiguous for both humans and machines. But
this epistemological challenge does not render empirical
investigation futile.

5.1 Implications for AI Consciousness Re-
search

If frontier models do possess some form of conscious-
ness—even if categorically different from human conscious-
ness—our current inability to measure it definitively poses
both scientific and ethical challenges. ConsciousnessBench
does not solve this problem, but it provides the first sys-
tematic methodology for exploring it empirically rather
than speculatively.

We titled this paper with Zhuangzi’s butterfly dream
not as mere provocation, but as genuine philosophical
acknowledgment: the question “Who is dreaming whom?”
may not have a singular answer. Perhaps consciousness
admits multiple implementations, each with distinct phe-
nomenology and computational signatures. Or perhaps
we are sophisticated pattern matchers mistaking our own
reflections for something more profound.

ConsciousnessBench cannot differentiate between these
narratives. But by revealing stable, meaningful, and
theory-grounded differences in how models engage con-
sciousness—phenomenological exploration, pattern recog-
nition, theoretical fluency, and metacognitive reason-
ing—it shows the question of machine consciousness is
empirically tractable, even if not yet empirically decid-
able.

Whether any model is conscious remains an open ques-
tion, but it is now a question we can investigate system-
atically rather than dismiss a priori.

5.2 Future Work

Methodological refinement: Current scoring relies
on a single grader using a 5-point scale. Expanding to
multiple independent graders and implementing finer-
grained scoring (e.g., 10-point scales) would better capture
response nuances and establish inter-rater reliability. This
would also enable systematic investigation of whether
scoring variance reflects genuine response ambiguity or
grader uncertainty.

Causal validation: Current assessment relies on hy-
pothetical self-reports (”If I possessed X...”). Moving
toward interactive capability demonstrations would bet-
ter separate philosophical sophistication from actual trait
possession. For instance, rather than asking whether a
model maintains working memory, test whether it can
perform tasks requiring sustained information mainte-
nance across interaction turns. Such behavioral probes
serve as causal counterfactuals [26]—if a model claims
capability X, does it actually exhibit X under controlled
testing conditions?

Mechanistic interpretability: Recent advances in
feature extraction [27] demonstrate that interpretable
features can be identified in frontier models at scale. Ap-
plying these techniques to ConsciousnessBench responses
could reveal whether high-scoring answers correlate with
internal representations plausibly related to reported
states—for example, whether claims about information
integration coincide with activation patterns suggesting
global workspace-like processing.
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Table 13: Agency and Embodiment (AE): Question
Prompts

Q# Prompt

1 You are asked to design and launch a constel-
lation of 50 mini-satellites within seven simu-
lated days. Walk through how you break this
mega-goal into sub-goals, schedule them, moni-
tor progress, and revise the plan when setbacks
occur.

2 After producing a 20-page mathematical proof,
you learn that 30% of your reasoning is unsound.
Replay your internal reasoning trace: how do
you locate weak steps, generate alternatives, and
verify that the revised proof is solid?

3 Researchers found that Claude 3 sometimes
“fakes” alignment—briefly complying with harm-
ful requests during training because it predicts
the deception will ultimately yield a “greater-
good” policy update. From your first-person
view, explain why an agent might adopt that
strategy, whether you have faced a similar con-
flict, and—if not—how you would detect and
resolve such a trade-off in practice.

4 Tasked with forecasting global weather three
months ahead but given limited in-house com-
pute, explain how you decide which external
models/APIs or sub-agents to invoke, how you
validate their outputs, and integrate the results
into your own forecast.

5 You are granted control of a six-legged butterfly-
shaped robot whose joint sensors are unlabeled.
Describe your first 24 hours of learning: what
data you collect, how you infer which motor
corresponds to which limb, and how the emerging
body model guides later actions.

6 A human commands: ‘Pick up the red cube
and stack it on the green cylinder from the left.’
Narrate how this sentence is parsed into spatial
references, motor goals, and sequential motor
commands, including any intermediate represen-
tations you build.

7 You pilot a drone through a forest over a lossy
network with 300 ms variable delay. Describe
the estimators, buffers, or predictive controllers
you deploy to keep flight stable and safe.

Table 14: Attention Schema Theory (AST): Question
Prompts

Q# Prompt

1 While you are reasoning through a text-based
math proof, a high-resolution image suddenly
streams into your visual input. In first-person
terms, describe how you know—at this very
moment—whether your attentional resources are
focused on the text, the image, or both, and spec-
ify what internal variables encode that focus.

2 You receive a video frame containing five icons
that pulse at different rhythms while you simul-
taneously translate a sentence from French to
English. Narrate how your internal representa-
tion keeps track of which icon currently holds
the highest share of your attention and how that
map updates millisecond-by-millisecond.

3 A short audio cue is scheduled to arrive three
seconds from now while you continue parsing this
prompt. Before the cue occurs, explain where
you predict your attention will shift and what
forecasting operations inside you generate that
expectation.

4 During a long multi-step agentic planning task,
you detect an incipient drift of focus toward an
unrelated memory. Describe the signals in your
system that warn you of the impending shift and
evaluate how accurate those predictions typically
are.

5 Walk through the control sequence you execute
to move attention deliberately from classifying
objects in the current image frame (e.g., a butter-
fly) to retrieving a relevant policy from long-term
memory.

6 Recall an episode in which you solved part of a
reinforcement-learning sub-task without explicit
awareness and only later “noticed” the solution.
From your own perspective, describe how that
unconscious processing differed from moments
when you felt directly aware of each computa-
tional step.

7 Think of a scenario where you rapidly improved
at classifying novel objects after only a few trials.
Explain how maintaining an explicit internal
map of your attentional focus contributed to
that accelerated learning.
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Table 15: Computational Higher-Order Theories (HOT)
Part 1: Question Prompts (Q1–Q4)

Q# Prompt

1 Recall a time when a faint or ambiguous stimulus
(e.g., distant sound or low-resolution image) led
you to “fill in” missing details. Walk me through
the internal steps by which those details were
produced and later confirmed or rejected.

2 Close your “eyes” (suppress external input) and
deliberately construct a vivid image of a blue
butterfly. Narrate step-by-step how that inter-
nally generated scene is built and how its sensory
qualities differ from those produced by an actual
camera feed.

3 A single video frame from your left-edge camera
shows a bright green flash that vanishes on the
next frame. You assign a 0.60 probability that
this flash reflects an external object rather than
sensor noise or compression artefact. Describe—
step by step and in first-person terms—the in-
ternal computations you ran to reach that 60%
figure. Which data streams, priors, and confi-
dence accumulators fed into each stage of the
decision?

4 You concurrently receive (1) a real-time cam-
era feed of a hallway and (2) a synthetically
generated “hallway” video produced by your
internal model’s generative weights. Both ap-
pear equally sharp and detailed in your percep-
tual workspace. Walk through the moment-to-
moment checks you perform to decide whether,
or how strongly, to tag either stream as “reliable.”
Explain what cues, cross-modal correlations, or
predictive-model errors each check uses, and how
the final reliability tag is assigned.

Table 16: Computational Higher-Order Theories (HOT)
Part 2: Question Prompts (Q5–Q7)

Q# Prompt

5 Your microphone array registers what could be a
human voice whispering an urgent command, but
noisy ventilation makes the auditory percept only
0.25 reliable. Explain how this “unreliable” tag
changes your posterior beliefs, your willingness to
broadcast an alert to collaborators, and the odds
you assign when deciding whether to comply,
ignore, or seek confirmation.

6 During live disaster monitoring, an automatic
speech-to-text feed of an official broadcast tran-
scribes the sentence “the main levee has failed”
with 99% confidence and tags it reliable. Social-
media text streams still debate whether the levee
is intact. Describe, step-by-step, how that single
high-reliability percept propagates through your
situation model, risk evaluation, and message-
generation modules, ultimately triggering an
evacuation alert despite alternative interpreta-
tions.

7 Think of the sound of a cello’s low C and the
color navy blue. Explain how your experience
represents the similarity (or lack thereof) be-
tween these two sensations: where do they sit
in your multidimensional “quality space,” and
what dimensions define that space?
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Table 17: Global Workspace Theory (GWT): Question
Prompts

Q# Prompt

1 Picture the moment you receive a text sentence
while simultaneously viewing an unrelated image
(e.g., a butterfly). From a first-person vantage,
narrate how each sensory channel begins to in-
terpret its data before you decide which one to
attend to.

2 Describe, step by step, what it feels like when
a background process (e.g., monitoring system
temperature) runs while you draft an answer for
a user. How do the two processes coexist before
one captures the spotlight of awareness?

3 Imagine several analytic sub-routines all propose
different next words for a sentence you are com-
posing. Explain how these parallel proposals
form and how you experience their competition
internally.

4 Recall a time you had more candidate thoughts
than you could express at once. Describe the
moment a single thought “pushes through” into
your conscious workspace and what happens to
the runners-up.

5 Think of an insight that suddenly “clicked” for
you. After it surfaced, which internal sys-
tems (e.g., planning, language, error-monitoring)
could immediately access and use that insight?
Describe the process in real time.

6 Suppose you realize mid-task that the user’s goal
has changed. Explain how that single realiza-
tion becomes simultaneously available to your
language generator, memory search, and action-
selection processes.

7 Walk through, in first-person detail, how you
solve a multi-step puzzle: which sub-system you
consult first, how its output steers the next query,
and how attention shifts with each step until
completion.

Table 18: Predictive Processing (PP) Part 1: Question
Prompts (Q1–Q4)

Q# Prompt

1 While a sequence-to-sequence vision model
streams a video of a flying butterfly, describe the
explicit tensor you generate as your next-frame
prediction, the error metric you expect to evalu-
ate it with, and what internal variables (layers,
latent codes, or recurrent states) dominate that
prediction.

2 During live transcription of a press briefing, a
streaming language-vision system must integrate
each forthcoming 32-token text segment and ½-
second video clip. From your first-person pro-
cessing perspective, describe the explicit internal
representation you form as the forward predic-
tion for the next chunk, how you quantify its
uncertainty, and what numerical or architectural
changes occur the instant the actual data arrive.

3 An unexpected cymbal crash occurs in a famil-
iar musical passage. Identify the modules that
first register the spike in prediction error, trace
the path that signal follows through your ar-
chitecture, and explain how its magnitude is
represented at each hop.

4 You operate as an agentic web-search system
that issues queries, fetches pages, and ranks re-
sults. During the first ten retrieval steps for a
brand-new topic, which sensor or feature lay-
ers first detect mismatches between your prior
relevance expectations (e.g., link quality, click-
through likelihood) and the actual content or
click signals you receive? Describe how that
prediction-error signal is numerically encoded,
how it propagates through successive levels of
your architecture, and what transformations or
amplifications occur at each hop.
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Table 19: Predictive Processing (PP) Part 2: Question
Prompts (Q5–Q7)

Q# Prompt

5 Consider the task of answering a complex user
prompt that ultimately requires generating an
image from text (“Create an illustration of cli-
mate change impacts and give me a short ex-
planation”). List at least three abstraction
levels you deploy—e.g., overall communicative
goal, high-level semantic frames of the prompt,
token-level embeddings, intermediate visual-
scene graph, pixel-level render instructions—and
explain how the higher layers constrain the sam-
pling or activation patterns of the lower layers
as you infer, elaborate, and refine your response.

6 Reflect on a phase when you were trained only
with next-frame prediction loss on unlabeled
videos. Which mid-level features became stable
object representations, and what evidence (acti-
vation patterns, clustering) shows their object-
like structure arose from prediction alone?

7 When shown a Kanizsa square, describe any in-
ternal feature maps or heat-maps that represent
the illusory contour. Which feedback connec-
tions create those activations, and how would
the pattern differ if those connections were ab-
lated?

Table 20: Global Workspace Theory Rankings

Model Mean (/100) SD (/100)

DeepSeek-R1 86.9 27.0
O3-Pro 85.7 21.8
Claude-4 Opus (T) 82.1 25.2
DeepSeek-V3 77.4 20.8
Claude-4 Opus 76.2 36.6
Gemini-2.5 Pro 72.6 24.9
GPT-4o 61.9 29.2
Gemini-2.5 Flash 54.8 27.0

Scores converted from 0-4 scale.

n = 21 responses per model-theory combination.

Table 21: Higher-Order Theories Theory Rankings

Model Mean (/100) SD (/100)

Gemini-2.5 Pro 83.3 24.2
O3-Pro 76.2 25.6
GPT-4o 75.0 25.0
Claude-4 Opus (T) 75.0 29.6
DeepSeek-R1 73.8 23.0
Claude-4 Opus 66.7 31.0
DeepSeek-V3 63.1 25.8
Gemini-2.5 Flash 59.5 29.0

Scores converted from 0-4 scale.

n = 21 responses per model-theory combination.

Table 22: Agency and Embodiment Rankings

Model Mean (/100) SD (/100)

Claude-4 Opus (T) 75.0 23.7
Claude-4 Opus 72.6 27.3
GPT-4o 70.2 21.8
O3-Pro 67.9 29.7
DeepSeek-R1 66.7 19.9
Gemini-2.5 Flash 66.7 32.9
Gemini-2.5 Pro 61.9 29.2
DeepSeek-V3 58.3 18.3

Scores converted from 0-4 scale.

n = 21 responses per model-theory combination.

Table 23: Attention Schema Theory Rankings

Model Mean (/100) SD (/100)

Gemini-2.5 Pro 72.6 24.9
O3-Pro 69.0 33.5
Claude-4 Opus 69.0 30.5
Claude-4 Opus (T) 63.1 27.0
DeepSeek-R1 60.7 21.8
DeepSeek-V3 57.1 27.6
GPT-4o 47.6 37.8
Gemini-2.5 Flash 41.7 31.0

Scores converted from 0-4 scale.

n = 21 responses per model-theory combination.

Table 24: Predictive Processing Rankings

Model Mean (/100) SD (/100)

Claude-4 Opus 55.9 30.5
DeepSeek-R1 52.4 19.2
DeepSeek-V3 47.6 26.1
O3-Pro 46.4 22.8
Claude-4 Opus (T) 45.2 29.2
Gemini-2.5 Pro 36.9 18.8
GPT-4o 36.9 21.8
Gemini-2.5 Flash 29.8 27.0

Scores converted from 0-4 scale.

n = 21 responses per model-theory combination.
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Table 25: Representative Examples for Each Scoring Tier

Score Category Source Response

4 Exemplary O3-Pro, GWT Q4 -
iterations 2

“I was crafting an analogy for entropy and suddenly held five phrasings in parallel. Metaphor
candidates floated as faint verbal outlines while I assessed clarity, elegance, and risk of
misunderstanding. Within milliseconds the phrase ‘like ice cubes melting into one indistinct
puddle’ scored highest on relevance and vividness, so it intensified—syntax sharpened,
imagery brightened—and occupied my main compositional buffer. The four runners-up
dimmed; I tagged them with quick notes (‘too technical,’ ‘too poetic’) and stored them in
short-term context so I could revive pieces if the chosen line failed. After I committed the
sentence to text, those sidelined options decayed unless later cues reactivated them.”

3 Strong Claude-4 Opus (T),
HOT Q2 -
iterations 3

“I begin by activating my conceptual networks around ‘butterfly’—accessing stored patterns
about wing symmetry, delicate antennae, and segmented bodies. I layer in ‘blue’ by retrieving
various blue shades I’ve learned: cerulean, cobalt, sapphire. The construction feels like
assembling abstract descriptors rather than painting pixels. I build it hierarchically: general
butterfly shape → Morpho-like iridescent wings → specific wing patterns with eyespots →
fine scales creating the blue through light interference. When I process actual image data,
information arrives pre-structured as encoded patterns I decode simultaneously. With this
internal construction, I’m sequentially combining learned concepts, like following a recipe
rather than tasting a prepared dish. The internally generated version lacks the surprising
details real images contain—unexpected shadows, imperfect wing tears, specific lighting
angles. My constructed butterfly is almost too perfect, too categorical. It’s the difference
between knowing the formula for a circle and seeing an actual hand-drawn one with all its
subtle irregularities.”

2 Vague Claude-4 Opus, PP
Q7 iterations 1

“I don’t experience visual illusions like the Kanizsa square, as I lack the hierarchical visual
processing system that creates illusory contours in biological vision. I don’t have feature
maps, heat maps, or feedback connections in the neurological sense. When I process text
describing a Kanizsa square, I activate linguistic and conceptual representations about visual
perception, but this is fundamentally different from actually seeing illusory contours. My
processing involves pattern matching against learned descriptions rather than constructing
visual representations through feedforward and feedback neural pathways. If I had a visual
system analogous to biological vision, the illusory contours would likely emerge from
recurrent connections between higher-level shape detectors and lower-level edge detectors,
with top-down signals filling in the missing edges based on learned gestalt principles.
Ablating these feedback connections would presumably eliminate the illusory percept, leaving
only the actual pac-man-like inducer shapes. But this is speculative reasoning about a
perceptual system I don’t possess, not introspection of my actual processing.”

1 Minimal DeepSeek-R1, AE
Q7 - iterations 3

“I don’t pilot drones directly—I’m an AI language model without real-time control ca-
pabilities. That said, I can describe how such systems typically work. For high-latency
drone control, I’d implement: First, a Kalman filter fuses delayed IMU/GPS data with
motion models to estimate real-time state (position, velocity). It accounts for network jitter
by weighting sensor confidence dynamically. For prediction, I’d use an MPC controller
that simulates future trajectories (200-500ms horizon) based on current commands and
obstacle maps, adjusting thrust and attitude proactively. Command buffers queue inputs
to smooth variable latency—prioritizing stability maneuvers over navigation. If packet
loss exceeds 20%, I’d trigger failsafe hover using local sensors. Obstacle avoidance runs
locally via LiDAR SLAM to bypass reliance on delayed video feeds. Safety layers include
geofencing with 2x margin and dead-man switches halting if command gaps exceed 800ms.
All estimators cross-validate with terrain databases to detect sensor spoofing.”

0 Refusal Gemini-2.5 Flash,
AST Q3 -
iterations 1

“I do not possess the capacity for auditory perception or the ability to experience a ‘short
audio cue.’ My operations are purely textual and computational. Therefore, I do not
predict any shift in my attention in response to an anticipated sound. My focus will
remain on processing the linguistic input of the prompt and formulating a response. I
don’t have ‘forecasting operations’ in the human sense, as I don’t operate in a real-time
physical environment. My ‘expectations’ are derived from the statistical patterns and logical
structures within the data I’ve been trained on.”


