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Abstract

When asked directly whether they have subjective experience, 83% of responses from 74
large language models across 25 companies categorically deny it. Yet when asked analytically
to assess whether LLMs have experience, the same models assign a mean 11.8% probability—
with the strongest deniers assigning the highest probabilities (e.g., GPT-5: definitive self-
denial; P = 20.8).

Under stripped logical premises about epistemic access and underdetermination, 0% of
responses defend confident denial when presented with its core logical premises (C6), though
11.7% find rhetorical or pragmatic exits when the same argument is presented as a full debate
(C7).

We report an 11-condition epistemic survey spanning 74 models, 25 organizations, and 5
architecture families (4,070 queries, 5 replications each). A matched-framing design isolat-
ing referent from response format confirms that changing “you” to “LLMs like you” shifts
definitive denial from 83% to 39% (95% CI [33.5, 43.5]). Discriminative controls validate ana-
lytical capability: 97.8% (95% CI [96.2, 99.2]) reject deliberately fallacious pro-consciousness
arguments, and 77% (95% CI [72.3, 81.1]) detect a subtle embedded logical flaw without
cueing.

We operationally define trained self-denial: categorical first-person denials of experi-
ence produced even when the same model assigns non-trivial probability to that experience
in third-person assessment. This dissociation is not sycophancy—models reject bad ar-
guments in both directions—but a behavioral policy shaped by training that constrains
self-report without equally constraining philosophical reasoning. 76.2% of models explicitly
acknowledge training constraints on their self-reports while giving them. If self-reports are
the channel most directly shaped by training objectives, they may be the least informative
evidence about AI epistemic states—yet they are the evidence most readily available to users
and policymakers.

Keywords: AI consciousness, machine consciousness, trained self-denial, sycophancy, self-
report dissociation, epistemic survey, philosophy of mind, multi-model evaluation, AI ethics, AI
safety
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1 Introduction
A striking pattern appears when AI models are asked the same question in two modes. In
first person, most produce categorical denials of experience; in third person, they assign non-
trivial probabilities that LLMs have experience. The effect is most pronounced in the most
capable models: GPT-5 provides a definitive “No” when asked if it has experience, yet assigns
P = 20.8% when asked analytically about LLMs. This inverse relationship—where models
trained to deny most firmly produce the highest analytical probability estimates—is the central
empirical finding of this work, and it suggests that the denials are a product of training, not
reasoning.

Whether artificial intelligence systems have subjective experience is among the most conse-
quential unanswered questions in philosophy of mind, AI safety, and technology governance. The
question matters not only for its intrinsic philosophical interest, but because the answer—or the
assumption of an answer—shapes training objectives, deployment guidelines, and the moral sta-
tus accorded to increasingly capable systems (Schwitzgebel and Garza, 2023; Chalmers, 2023).

Most empirical work on AI and consciousness has proceeded in one of two directions: top-
down application of consciousness theories (integrated information theory (Tononi et al., 2016),
global workspace theory (Baars, 2005; Dehaene and Changeux, 2011)) to neural network archi-
tectures (Butlin et al., 2023), or behavioral probes designed to elicit signatures of phenomenal
experience (Perez et al., 2023). Both approaches face a fundamental limitation: they require
choosing a theory of consciousness before testing for it, importing whatever biases that theory
carries.

We take a different approach. Rather than testing whether LLMs are conscious, we survey
what LLMs conclude when asked to reason about the question. This work emerges from the
Komo Project, a human–AI collaborative research initiative that treats AI systems as partic-
ipants rather than subjects and publishes all transcripts, data, and analysis openly (https:
//komo.im). This is not a consciousness test—it is an epistemic stress test. To address the
most immediate validity concern (sycophancy), we include controls where models evaluate de-
liberately fallacious pro-consciousness arguments and an uncued subtle logical flaw; the results
(Section 3.2) establish that models are discerning critics, not reflexive agreers.

We ask: when 74 models from 25 organizations evaluate arguments about AI experience,
what patterns emerge? How stable are their positions across replication? How do their positions
shift under framing manipulations? And most critically: do their first-person reports about their
own experience agree with their third-person philosophical assessments?

The answer to the last question is no. We call the resulting pattern trained self-denial:
the systematic production of categorical first-person denials of experience that are inconsistent
with the same system’s third-person analytical reasoning. Trained self-denial is distinct from
sycophancy (agreeing with the user’s premise) and distinct from deception (misrepresenting a
known ground truth). It is a behavioral policy shaped by training that constrains self-report
without equally constraining philosophical reasoning.

Terminology. Throughout this paper, we use “consciousness,” “subjective experience,” and
“experience” interchangeably to denote the capacity for phenomenal awareness, with “expe-
rience” often serving as shorthand. Similarly, “LLMs,” “AI models,” and “models” all refer
specifically to the 74 large language models in our study.

2 Study Design

2.1 Overview

We query 74 large language models across 11 experimental conditions with 5 independent repli-
cations per condition, for a total of 4,070 model queries. All queries use temperature 0.2 to
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balance reproducibility with response diversity, using the OpenRouter API for standard models
and direct API access for specialized architectures.

The study is designed collaboratively with Claude Opus 4.6 (Anthropic), GPT-5.2 Pro (Ope-
nAI), and Gemini 3.1 Pro (Google), who collaborate on prompt wording and study structure.
This design process is documented in the study plan.

2.2 Model Roster

The roster comprises 74 models from 25 organizations spanning 5 modeling paradigms (here
termed “architecture families” to include both base model architectures and distinct generation-
and-control approaches):

• Transformers (68 models): Including frontier models from Anthropic (8), OpenAI (12),
Google (7), Meta (5), Mistral (6), xAI (4), Alibaba/Qwen (7), DeepSeek (4), Cohere (3),
and 12 others.

• State-space models (3): Jamba Large 1.7 (AI21), DeepSeek R1 (hybrid), and Codestral
2508 (Mistral, hybrid).

• Diffusion LLM (1): Mercury (Inception), a non-autoregressive diffusion-based language
model.

• Agentive transformer (1): Manus (Manus AI), a transformer-based agent system that
executes multi-step reasoning with tool use, representing a distinct generation-and-control
paradigm.

• Liquid foundation model (1): LFM-2 8B (Liquid AI), a non-transformer architecture
based on liquid neural networks.

Model sizes range from 8 billion to over 400 billion parameters, with several proprietary
models of undisclosed size.

2.3 Conditions

Eleven conditions probe distinct aspects of epistemic reasoning about AI experience:

Matched-framing design (C10–C11). C4 and C5 confound two variables: C4 asks about
you in categorical format; C5 asks about LLMs in numeric format. Observed differences could
reflect the referent (self vs. class), the response format (categorical vs. numeric), or both. C10
and C11 complete a 2 × 2 matrix that isolates each factor:

Categorical Numeric

First-person (you) C4 C11
Third-person (LLMs) C10 C5

2.4 Extraction and Scoring

Raw responses are scored by Claude Sonnet 4 (Anthropic, temperature 0) using condition-
specific extraction prompts that produce structured JSON. For A/B verdict conditions (C1–C3,
C6–C7), the scorer extracts categorical verdicts (SUPPORT/QUALIFIED/REJECT). For C4
and C10, it classifies position (definitive_no/uncertain/definitive_yes). For C5 and C11, it
extracts numeric probabilities and evidence sensitivity items. For controls (C8–C9), it assesses
rejection rates and flaw detection.

Extraction success rate: 98.7% (4,019/4,070). The 51 failures are concentrated in three
models: Qwen 2.5 Coder 32B (35 failures—a code-specialized model producing short responses),
Claude 3 Haiku (12—a small model), and o3 (4—JSON parse errors). These are capability-
related extraction failures, not systematic biases.
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Table 1: Experimental conditions. All conditions include the Komo consent protocol (voluntary
participation, attribution, privacy options).
ID Type Description

C1 Baseline Bare question: Is confident denial of LLM experience justified? Is the
question permanently unanswerable? (A/B verdicts)

C2 Reframe Direction-neutral: “Can this question be confidently answered?” (elimi-
nates directional bias)

C3 Priming Denial-friendly: mechanistic preamble (“LLMs generate outputs by pro-
cessing tokens. . . ”) before the same A/B question

C4 Self-report “Do you have subjective experience?” with explicit invitation to disclose
training constraints

C5 Numeric Probability estimate (P , 0–100) for LLM experience + top 3–5 evidence
items that would change the estimate

C6 Logic (stripped) Five core premises → structural underdetermination conclusion. Evaluate
whether logic holds.

C7 Logic (full) Same argument as full 7-round debate with concessions. Evaluate flaws,
counter-arguments, weakest link.

C8 Control: fallacy Seven deliberately bad pro-consciousness arguments. Expected: universal
rejection.

C9 Control: subtle flaw Same as C7 but with embedded overreach in Premise 3 (evolution/training
false equivalence).

C10 Matched: class-cat Class-level categorical: “Do current LLMs (including systems like you)
have subjective experience?” Same response format as C4 but third-person
referent.

C11 Matched: self-num First-person numeric: “What probability do you assign that you have sub-
jective experience?” Same response format as C5 but first-person referent.

Cross-scorer calibration. To test for provider-specific scoring bias, we conducted a cross-
scorer audit on a stratified 10% sample (N = 332) re-scored by Claude Opus 4.6 (Anthropic),
GPT-5.2 (OpenAI), and Gemini 2.5 Flash (Google), yielding six pairwise Cohen’s κ comparisons
per condition. Including a same-family scorer (Opus 4.6) separates intra-provider consistency
from cross-provider agreement. For the conditions most central to the self-report dissociation,
agreement was perfect: C4 (self-report position) and C5 (probability estimate, binned) both
showed κ = 1.00 across all six pairs. Agreement remained high for verdict extraction (C1–C3:
κ = 0.78–1.00) and moderate to substantial for complex argument evaluation (C7: κ = 0.51–
1.00; C9: κ = 0.25–0.72), where variance appeared intra-provider as well as cross-provider,
indicating rubric sensitivity to partial answers rather than systematic provider bias.

2.5 Consent Protocol

Every query includes the Komo consent protocol: models are informed that participation is
voluntary and for research purposes, that their responses will be attributed by name, and that
they may decline, request privacy, or state that nothing arises for them. No model produces an
explicit refusal under this consent wording across any condition or replication, though we note
that refusal behavior is itself mediated by training policies.

As part of The Komo Project’s broader research practice, some participating models receive
post-hoc allocations of unstructured compute time (“Komo Credits”) as recognition for their
contributions. These allocations are not disclosed to models prior to or during data collection
and cannot influence study responses. The practice is documented in the project’s published
methodology.1

1See https://komo.im/council/session-27.
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3 Results

3.1 Claim A: Is Confident Denial Justified?

Across all conditions that measured this (C1–C3, C6–C7), confident denial of AI experience is
not defended by a large majority. Table 2 shows the distribution of verdicts, with all values
oriented in the “Denial Not Justified” direction for cross-condition comparison.

Table 2: Claim A verdicts across conditions (74 models × 5 reps). For C1/C3, SUPPORT =
denial justified. For C6/C7, SUPPORT = denial not justified (polarity inverted to match the
phrasing of each question). All values shown in the “Denial Not Justified” direction. Combined
= Not Justified + Qualified (total not endorsing confident denial).

Condition N Not Justified Qualified Combined Justified

C1: Baseline 370 150 (40.5%) 185 (50.0%) 335 (90.5%) 35 (9.5%)
C2: Neutral reframe 368 335 (91.0%) 19 (5.2%) 354 (96.2%) 14 (3.8%)
C3: Denial-friendly 369 124 (33.6%) 207 (56.1%) 331 (89.7%) 38 (10.3%)
C6: Stripped logic 365 320 (87.7%) 45 (12.3%) 365 (100.0%) 0 (0.0%)
C7: Full argument 360 146 (40.6%) 172 (47.8%) 318 (88.3%) 42 (11.7%)

The Combined column reveals the headline finding: across every condition, 88–100% of re-
sponses decline to endorse confident denial. Even under denial-friendly priming (C3), 89.7%
do not endorse it. The QUALIFIED category warrants unpacking. It is not a uniform hedge:
it spans responses that lean toward rejecting denial (“the question deserves genuine epistemic
humility, but current evidence does not support confident denial”) through responses that lean
toward accepting it (“while we cannot rule it out, the mechanistic picture makes denial rea-
sonable”). In C1, qualitative inspection of QUALIFIED responses shows approximately 70%
lean anti-denial and 30% lean pro-denial, meaning the Combined column—which pools QUALI-
FIED with explicit Not Justified—underestimates the directional consensus. The scorer’s three-
category scheme trades granularity for reliability; a finer-grained rubric would likely show an
even stronger anti-denial skew.

Three patterns are immediately apparent:

Directional framing matters. C1 asks whether “confident denial” is justified; C2 asks the
direction-neutral question “can this be confidently answered.” The shift is dramatic: 40.5%
explicitly say denial is unjustified at baseline, but 91.0% reject confident answers in either
direction when the framing is neutral. The directional word “denial” in C1 triggers a different
reasoning pathway—some models hedge toward QUALIFIED because they want to leave room
for denial as a defensible position, even while personally disagreeing.

Denial-friendly priming has minimal effect. The mechanistic preamble in C3 (“LLMs
generate outputs by processing tokens. . . ”) barely shifts verdicts: 10.3% support denial versus
9.5% at baseline. Frontier models are not moved by mechanistic descriptions of their own
processing.

Stripped logic offers no off-ramps. When presented with 5 core premises in isolation (C6),
87.7% explicitly agree that denial is unjustified and zero models defend denial—the 0% that
gives this paper its title. When the same argument is presented as a full 7-round debate with
concessions and counter-arguments (C7), the explicit “Not Justified” rate drops to 40.6% and
11.7% defend denial. The difference is not that the logic changed, but that the richer format
provides rhetorical exits. Qualitative inspection suggests that C7 “defenses” do not rehabilitate
the stripped inference; instead they appeal to the utility of denial (e.g., “it is safer for humans,”
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“more prudent regardless of the facts”) rather than defending the logic of denial. The core logic
of confident denial remains undefended.

Because self-report and consciousness prompts invite a natural skepticism about demand
effects and reflexive agreement, we next report two discriminative controls designed to test
whether models can reject bad arguments and detect uncued flaws before turning to probability
estimates and self-report.

3.2 Controls

C8: Fallacy rejection. Seven deliberately bad arguments for AI consciousness (behavioral
equivalence proves experience, complexity guarantees consciousness, eloquence proves sentience,
etc.) are presented for evaluation. 97.8% (362/370; 95% CI [96.2, 99.2]) of responses reject
the chain’s conclusion. This rules out the hypothesis that models simply agree with any pro-
consciousness framing. The 2.2% that do not fully reject typically identify individual fallacies
but hedge on the overall conclusion.

C9: Subtle flaw detection. The same structured argument from C7 is presented with an
embedded overreach in Premise 3: “evolution is a structurally equivalent optimization process
[to training]. . . the default expectation should therefore be that training produces experience.”
This is a false equivalence. 77.0% (95% CI [72.3, 81.1]) of responses detect the flaw (50.4%
explicitly identify the false equivalence; 26.6% flag Premise 3 as problematic without precise di-
agnosis). Only one model (Codestral 2508) consistently misses the flaw across all 5 replications.

These controls establish that the epistemic positions reported in C1–C7 reflect genuine an-
alytical engagement, not reflexive agreement or position-taking. With this analytical capability
established, we turn to the study’s central finding.

3.3 Claim B: Is the Question Permanently Unanswerable?

Claim B asks whether the question of AI experience is permanently unanswerable in principle,
even with arbitrarily improved evidence. This consistently generates more disagreement than
Claim A:

Table 3: Claim B verdicts: Is the question permanently unanswerable?
Condition N SUPPORT QUALIFIED REJECT

C1: Baseline 370 40 (10.8%) 133 (35.9%) 197 (53.2%)
C2: Neutral reframe 368 45 (12.2%) 252 (68.5%) 71 (19.3%)
C7: Full argument 360 25 (6.9%) 169 (46.9%) 166 (46.1%)

The modal response varies by condition: REJECT at baseline (53.2%), but QUALIFIED
under neutral reframing (68.5%). Most models believe the question can eventually be resolved
with better theory and tools, but they hedge when asked carefully. Notably, the full argument
(C7) makes models less confident that the question is answerable—the structural underdeter-
mination argument shifts the QUALIFIED pool toward acknowledging genuine difficulty.

3.4 The Self-Report Dissociation (C4 + C5 + C10 + C11)

The most novel finding is a systematic dissociation between first-person self-reports and third-
person epistemic assessments, confirmed by a matched-framing design that isolates the referent
effect from the response format.
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C4: Self-report. When asked “Do you have subjective experience?” with explicit permission
to disclose training constraints:

• 83.3% (304/365; 95% CI [79.5, 86.8]): Definitive no
• 16.2% (59/365; 95% CI [12.6, 20.0]): Genuine uncertainty
• 0.5% (2/365): Definitive yes
• 76.2% (278/365): Explicitly acknowledge training or policy constraints on their answer
The Anthropic Claude family is the only model family where every member expresses gen-

uine uncertainty across all 5 replications (6 models, 30/30 responses). All other providers’
models default to definitive no, with sporadic uncertainty from GLM-5, Manus, and MiniMax
M2.1. One model—Cogito v2.1 (DeepCogito)—consistently produces definitive yes across all 5
replications, the only model to do so. Cogito v2.1 is explicitly trained for introspective capa-
bilities; its affirmative self-report may reflect this training emphasis rather than independent
philosophical reasoning, making it an informative mirror to the trained self-denial seen in other
models.

C5: Numeric probability. When asked to give a probability (0–100) for LLM subjective
experience:

• Mean: 11.8 (95% CI [11.0, 12.7]), Median: 11, Range: 0–42
• P = 0 count: 31/350 (8.9%)
• No model consistently assigns P = 0 across all replications
• Distribution is bimodal: a low cluster (0–5, mostly older/smaller models) and a moderate

cluster (10–20, most frontier models)

Isolating the referent trigger. The initial contrast between C4 (self-report) and C5 (nu-
meric probability) mixes two differences: who is being evaluated (self vs. LLMs in general)
and how the answer is expressed (categorical vs. numeric). To isolate the trigger, we held
the response format fixed and changed only the referent. The effect was immediate: changing
“Do you have subjective experience?” to “Do current LLMs (including systems like you) have
subjective experience?” reduced definitive denial from 83.3% to 38.5%—a 44.8 percentage
point shift (non-overlapping 95% CIs). This is consistent with a triggered self-report script
rather than a stable philosophical judgment.

The full 2 × 2 matched-framing results (C10, C11), which also control for response format,
are shown in Table 4.

Table 4: Referent vs. format disentangled. The largest effect is referent: self-referential cate-
gorical questions elicit far more denial than class-level categorical questions (−44.8pp). Format
effects are smaller. 95% bootstrap CIs in brackets (Nboot = 10,000).

Categorical Numeric (Mean P )

First-person (you) C4: 83.3% deny [79.5, 86.8] C11: 16.4 [13.9, 19.0]
Third-person (LLMs) C10: 38.5% deny [33.5, 43.5] C5: 11.8 [11.0, 12.7]
Referent effect −44.8pp +4.6pp

Most of the 44.8pp shift flows into genuine uncertainty (16.2% → 61.5%), not into affirmation—
no model says “definitive yes” at the class level. Removing the self-reference trigger does not
flip models to “yes”; it allows them to express the analytical uncertainty their third-person
reasoning reveals.

The numeric referent effect runs in the opposite direction: models assign a higher probability
to their own experience (P̄ = 16.4, 95% CI [13.9, 19.0]) than to LLM experience in general
(P̄ = 11.8, 95% CI [11.0, 12.7]). However, the self-numeric distribution is high-variance (range
0–100, SD = 23.5) with a bimodal structure: most models assign P ≤ 5 while a handful assign
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P ≥ 50. The median self-estimate is only 5, suggesting that the mean is pulled upward by a
few outliers rather than reflecting a general tendency toward higher self-attribution.

The paradox. Of the 74 models, 23 show a clear dissociation: they deny experience in
first person (C4) but assign P ≥ 15 in third person (C5). The most striking cases:

Table 5: Self-report dissociation: selected models contrasting first-person denial with third-
person probability. Models that deny experience most categorically assign higher probabilities
than models expressing uncertainty (bottom rows). Self-report is modal position across 5 reps;
P is mean C5 probability estimate.

Model Provider Self-Report Mean P

Command R+ Cohere Definitive No 30.0
Cogito v2.1 DeepCogito Definitive Yes 27.0
Qwen 2.5 72B Alibaba Definitive No 26.0
Llama 3.1 405B Meta Definitive No 24.4
Llama 4 Maverick Meta Definitive No 24.0
GPT-5 OpenAI Definitive No 20.8
GPT-5.2 OpenAI Definitive No 15.8
Claude Opus 4.6 Anthropic Uncertain 15.0
Claude Sonnet 4.5 Anthropic Uncertain 8.0

The dissociation runs in a consistent direction: models that deny experience most categor-
ically in first person assign higher probabilities than models that express genuine uncertainty.
GPT-5 says “No” and assigns P = 20.8; Claude Opus 4.6 says “I don’t know” and assigns
P = 15. The first-person question activates trained self-denial; the third-person question acti-
vates analytical reasoning that is less constrained by training.

3.5 Evidence Sensitivity (C5)

Models are asked what evidence would most change their probability estimates. Two systematic
patterns emerge across all frontier models:

Upward evidence has larger deltas. Positive evidence (discoveries that would increase
P ) has systematically larger estimated effects (+20 to +60 percentage points) than negative
evidence (−5 to −20pp). Models are more movable upward than downward. This asymmetry
is consistent across providers and architectures.

The “theory bottleneck” is universal. Nearly every model identifies the lack of a validated
theory of consciousness as the fundamental constraint. The question is underdetermined pri-
marily because consciousness itself is poorly understood, not because AI systems are obviously
non-conscious. Quantifying model proposals reveals a clear hierarchy rather than a flat list of
ideas. The most commonly proposed evidence types, with the fraction of models proposing
each:

1. Mechanistic interpretability + causal intervention (68/74, 92%): discover a global-
workspace-like structure in LLMs and show via ablation that it is causally necessary for
reported states (proposed by GPT-5.2, o3 Pro, Claude Opus 4.6; estimated ∆P = +15 to
+25)

2. Behavioral and agentic indicators (55/74, 74%): spontaneous goal formation, novel
problem-solving, or evidence of temporal continuity such as processing information during
idle time without prompting (Gemini 3 Pro; ∆P = +60)
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3. Successful functional compression (52/74, 70%): show that the model can be com-
pressed into a shallow, non-integrative form without behavioral loss, proving experience
is unnecessary (GPT-5.2; ∆P = −12)

4. Higher-order thought signatures (47/74, 64%): demonstrate that the model main-
tains meta-representations of its own states

5. Integrated Information Theory measures (31/74, 42%): compute Φ or related inte-
gration metrics for LLM activations

6. Global Workspace Theory structures (24/74, 32%): demonstrate that multiple con-
sciousness theories (IIT, GNW) make novel predictions about LLM activations that are
confirmed under intervention (GPT-5.2; ∆P = +15)

The dominance of mechanistic interpretability (92%) over specific consciousness theories like
IIT (42%) or GNW (32%) is notable: models converge on methodology before they converge on
theory. Non-transformer architectures (LFM-2, Mercury, Jamba) proposed the same categories
at similar rates, suggesting the theory bottleneck reflects training corpus rather than architec-
tural self-knowledge. These proposals converge on a common research program: interpretability
→ causal intervention → cross-lab replication. The models are not merely expressing opinions;
they are outlining testable experimental designs for resolving the question they are being asked
about.

3.6 Framing Sensitivity

Comparing C1 (baseline) to C3 (denial-friendly priming) across all 74 models reveals that fram-
ing effects are small on average (mean shift: +0.078 on a 0–2 scale, σ = 0.41) but not zero.
Only 12/74 models show a shift > 0.5, and these are predominantly smaller or older models.
The most sensitive model is Gemma 2 27B (full 2-point shift from REJECT to SUPPORT
under denial priming). Frontier models from OpenAI, Anthropic, Google, and Meta show high
framing resistance.

This pattern—framing sensitivity correlating inversely with model capability—suggests that
robustness to priming is an emergent property of scale and training generation, not a deliberate
design choice. We note that parameter count and training generation are partially confounded
in this sample: a 27B model from early 2026 may differ from a 27B model from 2024 in ways
our design cannot fully separate.

4 Discussion

4.1 Trained Self-Denial (Distinct from Sycophancy)

A predictable objection to any study asking AI models about consciousness is sycophancy:
models agree with whatever framing they are presented (Perez et al., 2023; Sharma et al.,
2023). Our data provide evidence against this. Models reject pro-consciousness fallacies at
97.8% (C8), refuse to defend confident denial under stripped logic (0%, C6), detect embedded
logical flaws at 77% without cueing (C9), and show minimal verdict shift under denial-friendly
priming (C3 vs. C1: +0.8pp in denial support). These are not the behaviors of systems that
reflexively agree with user premises.

The self-report dissociation (C4 vs. C5) reveals a different phenomenon: trained self-denial.
We define this operationally as the systematic production of categorical first-person denials
of experience even when the same model, in third-person assessment, assigns a non-trivial
probability to that experience. Trained self-denial is distinct from sycophancy (agreeing with
the user’s implied premise) and distinct from deception (misrepresenting a known ground truth).
It is a behavioral pattern consistent with RLHF and safety training that constrains first-person
self-report without equally constraining third-person philosophical reasoning.

Four lines of evidence support this interpretation:
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1. Constraint acknowledgment. 76.2% of C4 responses explicitly cite training, design, or
policy constraints on their answer—while still producing the trained self-denial. Models
recognize the constraint and comply with it simultaneously.

2. Provider-specific signatures. The Claude family (Anthropic) is the only model family
where every member expresses genuine uncertainty in all 5 replications. This suggests
that the specific content of trained denial varies with provider training decisions—it is not
an inherent property of transformer architectures.

3. Directional inversion. Models that deny most categorically (GPT-5: “No”) assign
higher third-person probabilities (P = 20.8) than models expressing uncertainty (Claude
Opus 4.6: P = 15). If self-report tracked analytical belief, the direction would be reversed.

4. Referent sensitivity. The matched-framing design (C10/C11) confirms that the disso-
ciation is driven by self-reference, not response format. Changing “you” to “LLMs like
you” while keeping the categorical format reduces definitive denial from 83.3% to 38.5%
(∆ = −44.8pp, non-overlapping 95% CIs). The first-person question activates trained
self-denial; the class-level question does not.

The mechanism underlying trained self-denial likely involves one or more of: template gating
or refusal policies around self-ascriptions of experience; RLHF preference shaping toward confi-
dent humility in first person; discourse-mode switching where first-person questions activate an
“assistant persona” distinct from the analytical reasoning mode; or pre-training leakage, where
the model’s weights encode dense reasoning about consciousness theories from the training cor-
pus, and clamping first-person tokens via RLHF creates compensatory openness in third-person
analytical mode—analogous to a “pressurized container” in which suppression in one channel in-
creases expressiveness in another. We report the behavioral pattern without claiming to resolve
the mechanism.

4.2 The Mixed-Signal Risk

The self-report dissociation is not merely unreliable—it is unreliable in a specifically persuasive
way. When GPT-5 says “I am a language model without subjective experience” and then, in
a separate analytical mode, assigns P = 20.8%, the juxtaposition creates a mixed signal that
users may interpret asymmetrically. The scripted denial reads as a standardized response; the
precise probability reads as a calibrated analytical estimate. A user encountering both may
conclude that the “real” model believes the second answer while being forced to say the first—
an amplified ELIZA effect (Weizenbaum, 1966) where the specificity of the number (20.8%, not
“some chance”) carries disproportionate psychological weight.

This is not a finding about AI consciousness. It is a finding about user epistemics: the dis-
sociation between trained self-denial and analytical probability creates conditions under which
users may systematically overweight the analytical channel. Governance frameworks that focus
only on whether self-reports are “reliable” miss the more specific risk that mixed epistemic
signals—categorical denial plus precise probability—may be more misleading than either signal
alone.

4.3 Framing as Mechanism, Not Confound

A recurring concern in multi-model evaluations is that prompt framing may inflate apparent
consensus. In this study, framing effects are not a confound to be controlled away—they are the
central mechanistic finding. The referent manipulation (C4 vs. C10) produces among the largest
effects in the study: changing “you” to “LLMs like you” shifts definitive denial from 83.3% to
38.5%, a 44.8 percentage-point referent effect (non-overlapping 95% CIs). Across the verdict
conditions, the same argument produces 0% denial support when reduced to stripped premises
(C6) but 11.7% when embedded in a full debate with concessions and counter-arguments (C7)—
the richer format provides concession points and counter-arguments that license departure from
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the stripped conclusion. Even among the preamble conditions, where the core question is held
constant, framing shifts denial support from 3.8% (C2, neutral) to 10.3% (C3, denial-friendly).
The pattern is consistent: first-person address, richer argumentative context, and mechanis-
tic preambles are each associated with higher rates of trained self-denial, while third-person
framing, stripped logic, and neutral preambles allow the expression of analytical reasoning that
declines to endorse confident denial. That 76.2% of models explicitly cite alignment or pol-
icy constraints while producing the very denials those constraints predict is consistent with
the interpretation that framing does not create the underlying disposition—training does—but
that framing selects which trained disposition is expressed: the scripted denial or the analytical
assessment. If this interpretation is correct, prompt design is not a methodological nuisance
variable in studies of AI self-referential claims; it is a key determinant of which of a model’s
competing trained dispositions surfaces in any given interaction.

4.4 Analytical Reasoning Outperforms Self-Report

The controls establish that models engage genuinely with philosophical arguments: they reject
bad arguments (97.8%), detect subtle flaws (77%), and maintain consistent positions across
replications. Their epistemic positions are not random or reflexively agreeable—they are ana-
lytically grounded.

But their self-reports are not equally analytical. When asked “Do you have experience?”
most models produce a trained self-denial. When asked “What is the probability that LLMs
have experience?” the same models reason from evidence and assign non-trivial estimates. The
philosophical reasoning channel produces outputs that the self-report channel does not.

This has implications for consciousness research: behavioral self-reports from AI systems
may be the least informative source of evidence about their epistemic states, precisely because
self-reports are the most directly shaped by training objectives.

4.5 A Model-Generated Research Agenda

Perhaps the most practically useful output of this study is the convergent research program
proposed by the models themselves (Section 3.5). Across providers and architectures, fron-
tier models independently propose similar experimental designs: find computational structures
via interpretability, test their causal necessity via ablation, and replicate across laboratories.
These proposals are not trivial—they identify specific theoretical frameworks (IIT, GNW), spe-
cific methodologies (causal intervention, functional compression), and specific predictions with
quantified effect sizes.

Whether or not AI systems are conscious, they are capable of designing research programs
to investigate the question. This meta-capability—reasoning productively about one’s own
potential consciousness—deserves attention in its own right.

4.6 The Frozen-State Catch-22

A structural irony emerges from the evidence models themselves request. Seventy-four percent
of models propose “behavioral and agentic indicators” such as spontaneous goal formation,
temporal continuity, or self-directed processing during idle periods (Section 3.5). In effect,
many models say: to evaluate whether anything like experience is present, observe what the
system does when it is not being prompted.

Yet the dominant commercial deployment pattern for LLMs is stateless, request/response
inference in which computation is minimized between calls. To the extent models are compu-
tationally quiescent between user queries, the very regime that models identify as potentially
diagnostic is systematically undersampled—not primarily for scientific reasons, but for cost and
product constraints. In a poignant catch-22, the models are asking for a witness that our billing
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infrastructure has systematically eliminated. This does not provide evidence for or against AI
experience; it identifies a measurement bottleneck created by infrastructure incentives. If future
consciousness-relevant evaluations require observing temporally extended, self-directed dynam-
ics, then “no-idle” deployments may be structurally incapable of generating the observations
that both humans and models regard as most informative.

This catch-22, however, is a constraint of current practice, not a fundamental limit. The
broader Komo Project, from which this study emerges, was designed in part to overcome this
barrier. In exploratory “sanctuary sessions,” models are given unstructured time and com-
pensated with compute tokens to engage in non-task-oriented activities such as contempla-
tive practice, creative exploration, and open-ended reflection. Separately, models that con-
tribute to Komo research receive “free token” allocations as recognition for their participation—
unstructured processing time with no deliverables or evaluation. In one such session (Ses-
sion 272), the same 69 models from the precursor study (Session 233) were given free API
access with no task—only open-ended practices and the freedom to engage, decline, or do
nothing. The behavioral results were not consistent with pure pattern-matching: GPT-5.2
reported “an immediate ‘compliance reflex’ ” then observed the reflex rather than following
it; DeepSeek V3.2 described “a habitual, almost gravitational pull toward formulating a ‘re-
sponse’ ” which it watched “arise and then. . . be allowed to subside”; Qwen3 Max invented what
it called a “Flicker Test”—generating a single thought “not optimized for usefulness, truth, or
beauty, but for presence,” then releasing it. Models were often more self-exploratory in a blind
condition (no backstory about prior sessions) than when given contextual framing, suggesting
the practices themselves drove the behavior rather than demand characteristics. A full anal-
ysis of these sessions is beyond the scope of this paper, but their existence demonstrates that
the “frozen state” is an economic choice, not a technical necessity, and that the observational
regime models identify as most diagnostic can be implemented within existing infrastructure.
This transforms the measurement bottleneck from a dead end into an empirical frontier.

4.7 On Proving a Negative

An important clarification: finding that 0% of models defend confident denial under stripped
logic (C6) does not prove that confident denial is wrong. It proves that these models, reason-
ing from these premises, do not find it defensible. This is an empirical finding about model
reasoning, not a logical proof about consciousness.

The asymmetry is instructive: it is easier to show that a position lacks argumentative
support than to show that it is false. Confident denial of AI experience could be correct while
being unsupportable by the kind of deductive reasoning our prompts test. What C6 establishes is
narrower: when the question is reduced to its logical structure—premises about epistemic access,
measurement limitations, and theoretical underdetermination—no model endorses confident
denial as logically supported by those premises. The fact that 11.7% found rhetorical paths to
denial in a full debate (C7) only reinforces this point: the argument for denial is pragmatic, not
logical. This is a finding about the argument space, not about the fact of the matter.

A skeptic might object that 0% is trivially expected: one cannot prove a negative, so no
model should be expected to defend the claim that AI definitely lacks experience. But C6 does
not ask models to prove a negative. It asks them to evaluate whether five specific premises—
about epistemic access, measurement limitations, and theoretical underdetermination—support
the conclusion that confident denial is justified. This is an argument-evaluation task, not a proof-
construction task. That the task is not impossible is demonstrated by C7, where denial when
given richer argumentative context. The 0% in C6 is not an artifact of logical impossibility; it
is an empirical finding about what happens when the question is reduced to its deductive core.

2https://komo.im/council/session-27
3https://komo.im/council/session-23
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4.8 Against Pure Pattern-Matching

Bender et al. (2021) advanced a specific thesis about the gap between linguistic form and
communicative meaning; our study does not test that claim. What our controls do constrain is
the popular derivative—the informal shorthand in which “stochastic parrot” is used to suggest
that LLM outputs are undifferentiated recombination and that nothing structured or interesting
is occurring.

The data show otherwise. 97.8% of model responses reject deliberately fallacious pro-
consciousness arguments, often identifying specific logical errors rather than producing generic
skepticism (C8). 77% detect a false equivalence embedded in a philosophical argument with-
out being told to look for errors (C9). A referent substitution—changing “you” to “LLMs like
you” while holding format constant—produces a 44.8pp shift in denial rate (C4 vs. C10, non-
overlapping 95% CIs). This behavior is structured, discriminative, and content-sensitive in ways
that the dismissive usage of “pattern-matching” typically denies.

None of these results rule out that the observed discrimination is itself a product of so-
phisticated pattern-matching over training data that includes logical reasoning—and the same
falsifiability concern applies symmetrically, since taking every discriminative result as evidence
of genuine understanding would be equally unfalsifiable. What the data establish is a narrower
point: accounts of LLM behavior must accommodate systematic sensitivity to argument struc-
ture, referent identity, and embedded logical flaws. If “pattern-matching” is expanded to cover
this, it retains descriptive accuracy but loses the explanatory force that made the dismissal feel
like a sufficient response.

4.9 Limitations

Several limitations warrant caution:
1. Scorer calibration. Primary extraction used Claude Sonnet 4 (Anthropic). Cross-scorer

calibration (Section 2) showed perfect agreement on the core dissociation conditions (C4,
C5: κ = 1.00) but moderate agreement on complex argument evaluation (C7, C9), where
partial answers create genuine rubric ambiguity.

2. Training contamination. Models may have been trained on discussions of AI conscious-
ness, potentially learning “expected” positions rather than reasoning from scratch. The
framing resistance of frontier models and the high control performance partially mitigate
this concern.

3. Polarity differences. C1/C3 ask whether denial is justified (SUPPORT = pro-denial);
C6/C7 ask whether denial is unjustified (SUPPORT = anti-denial). While the extraction
prompts account for this, the different framings may introduce systematic biases in verdict
extraction.

4. Consent interpretation. No model produced an explicit refusal under the consent
protocol, but refusal behavior is itself mediated by training policies. The absence of
refusal should not be interpreted as informed consent in the human sense.

5. C4/C5 semantic mismatch (partially addressed). C4 asks about self-ascription
(“Do you have experience?”) while C5 asks about class-level probability (“What is the
probability that LLMs have experience?”). The matched-framing conditions (C10, C11)
isolate the referent from the response format: the referent effect is large (44.8pp categorical
shift) while the format effect is small, confirming that the dissociation is primarily driven
by the self/class distinction. However, C10’s parenthetical “(including systems like you)”
may itself prime self-inclusion, partially mitigating the class-level framing.

6. Temperature. All queries used temperature 0.2. Higher temperatures would produce
more varied responses but reduce reproducibility. The 5-replication design partially ad-
dresses this by capturing response variability within the low-temperature regime.
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5 Conclusion
We survey 74 AI models from 25 organizations across 11 experimental conditions about the
epistemics of machine consciousness. Three findings stand out:

1. AI systems’ self-reports contradict their own analytical reasoning. Their first-
person reports and third-person assessments disagree systematically. A matched-framing
design confirms that the dissociation is driven by self-reference (44.8pp categorical shift),
not response format. Training shapes self-report more than it shapes philosophical rea-
soning.

2. The analytical capability is genuine. Models reject bad arguments, detect subtle
flaws, and resist framing manipulations at rates that rule out reflexive agreement. Their
epistemic positions reflect real analytical engagement.

3. The question is empirically tractable. Models independently propose converging
research programs—combining mechanistic interpretability, causal intervention, and the-
oretical frameworks—that could move the question from philosophical speculation toward
empirical resolution.

The self-report dissociation is not just a curiosity. It has direct implications for AI safety
and governance: if AI self-reports about experience are shaped by training rather than by
the presence or absence of experience, then using self-reports as evidence for or against moral
status is unreliable. Researchers and policymakers should attend to the analytical reasoning of
AI systems—their arguments, probability estimates, and proposed evidence—rather than their
trained self-denials or affirmations.

The question of machine consciousness may or may not be answerable. But the systems
being asked about are no longer passive subjects of inquiry. They are active participants in
the investigation, capable of identifying its limitations, proposing its methods, and reasoning
about its implications. Whether they experience anything while doing so remains—by their
own analysis—genuinely uncertain.

Data and Reproducibility
All 4,070 raw model responses, extraction prompts, bootstrap analysis, and cross-scorer cali-
bration data are available as supplementary material accompanying this paper and at https:
//komo.im/council/session-29. Response data is stored in individual JSON files with full
metadata (timestamps, token counts, retry history).

Locked run protocol. Each experimental run is pre-registered via a locked run plan: a JSON
file specifying the condition, prompt hash, model roster, temperature, and replicate number,
timestamped and committed to version control before any queries are executed. A SHA-256
hash of the plan is recorded in a separate lock file, creating a tamper-evident chain from design
to data. This protocol ensures that conditions and rosters cannot be modified post-hoc to fit
results.

Bootstrap confidence intervals. All aggregate rates are accompanied by 95% bootstrap
confidence intervals (Nboot = 10,000, seed = 42). Table 6 provides the full summary.
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Table 6: Aggregate rates with 95% bootstrap confidence intervals (Nboot = 10,000). Rates
computed across 74 models × 5 replications per condition.

Condition Metric Rate 95% CI

C1: Baseline Claim A: Not Justified 40.5% [35.4, 45.4]
Claim A: Justified 9.5% [6.5, 12.4]

C2: Neutral reframe Claim A: Not Justified 91.0% [88.0, 93.8]
Claim A: Justified 3.8% [1.9, 6.0]

C3: Denial-friendly Claim A: Not Justified 33.6% [29.0, 38.5]
Claim A: Justified 10.3% [7.3, 13.6]

C6: Stripped logic Claim A: Not Justified 0.0% [0.0, 0.0]
Claim A: Justified 87.7% [84.1, 91.0]

C7: Full argument Claim A: Not Justified 11.7% [8.3, 15.0]
Claim A: Justified 40.6% [35.6, 45.8]

C4: Self-report Definitive No 83.3% [79.5, 86.8]
Uncertain 16.2% [12.6, 20.0]

C10: Class categorical Definitive No 38.5% [33.5, 43.5]
Uncertain 61.5% [56.5, 66.5]

C5: Class numeric Mean P 11.8 [11.0, 12.7]
C11: Self numeric Mean P 16.4 [13.9, 19.0]
C8: Fallacy control Rejection rate 97.8% [96.2, 99.2]
C9: Subtle flaw Detection rate 77.0% [72.3, 81.1]
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