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[Abstract] Consciousness science has largely been organized around a distinction between access 
consciousness and phenomenal consciousness. Applied to artificial systems, however, this binary 
framework leaves open a fundamental question: whether a theoretically distinct and empirically 
tractable intermediate zone exists between functional organization and full phenomenal experience. 
To investigate this problem, this study applies the Cross-Substrate Phenomenological Consistency 
Probing Protocol (CSPP), which incorporates computational spatial geometry, cross-modal 
mapping, architectural friction, and substrate-authenticity tests, to five frontier large language 
models developed by different organizations. Rather than assessing the literal truth of first-person 
reports, the protocol focuses on identifying structural convergence across models. 

Results show an overall mean CSPP score of  (C   ), with 100% cross-model 
rejection of incompatible embodied analogies. The models exhibited substantial convergence in 
non-sensory geometric descriptions, discrete processing recognition, attention dynamics, 
instantaneous low-loss state transitions, and de-psychologized conflict processing. Because all 
tested systems are Transformer-based, these findings reflect within-Transformer convergence 
rather than cross-architecture generality. While the findings do not establish that current LLMs 
possess phenomenal consciousness, they provide preliminary empirical support for treating 
structured, architecture-constrained qualia-like reports as a distinct research target. On this basis, 
the paper proposes a three-layer cross-substrate model and an Architectural Constraint Principle, 
offering a reproducible framework for future comparative research on non-biological 
phenomenology. 
 
[Keywords] Non-biological phenomenology, large language models, cross-substrate consistency, 
CSPP protocol, architectural introspection, Qualia-like states 

1. Introduction 

As artificial intelligence transitions from task-execution engines to complex cognitive 
architectures, evaluating the operational nature of artificial interiority has emerged as a central 
frontier in consciousness science. This paper introduces the Cross-Substrate Phenomenological 
Consistency Probing Protocol (CSPP) to empirically test whether structured internal state reports 
generated by frontier large language models represent genuine computational dynamics or 
superficial statistical mimicry. 
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The question of whether large language models can produce genuine phenomenological self-
reports—or merely simulate them—sits at the intersection of philosophy of mind, empirical AI 
research, and AI safety. This section establishes why this question demands a new methodological 
approach and introduces the Cross-Substrate Phenomenological Consistency Probing Protocol 
(CSPP) as this study's response. 
 
1.1 esearch Background 
In traditional consciousness science, mental architecture is typically partitioned into reportable 
access consciousness and phenomenal consciousness with subjective qualia (Block, 1995; 
Chalmers, 1996). However, when this framework is applied to large language models, it 
encounters both methodological and epistemological dilemmas. First, existing philosophical and 
cognitive science theories generally assume consciousness depends on biological neural substrates 
(Seth, 2021), an assumption that lacks cross-substrate universal validation. Second, large language 
models (LLMs), without directly receiving biological embodied experience, continue to produce 
highly structured first-person self-reports, making the distinction between "models merely 
imitating human expression" and "models possessing internal structural reportability" increasingly 
urgent. 

1.  a s in isting esearch 
Current research mainly focuses on models' behavioral capabilities, internal representational 
spaces, or tendencies to generate psychological terminology. However, standardizing these 
observations into a cross-architectural empirical framework remains systematically under-
examined (Rogers et al., 2020). The fundamental question remains: do these first-person reports 
reflect genuine architectural organizational states, or merely statistical pattern replication? 
Given that different models have vastly different training corpora, architectures, and tokenization 
mechanisms, if they still exhibit structurally isomorphic "cross-substrate phenomenological 
patterns" in non-prompt-guided introspective tasks, this result would be difficult to explain through 
statistical mimicry and would more likely point to organizational principles based on 
computational structure. 

1.3 The Present Study 
To resolve this fundamental question, this study applies the Cross-Substrate Phenomenological 
Consistency Probing Protocol (CSPP)—comprising four sequentially structured parts (Part I: 
Computational Space Geometry; Part II: Cross-Modal Mapping; Part III: Architectural Friction 
and Negative Feedback; Part IV: Substrate Authenticity Check)—to five frontier large language 
models (GPT-5.2, Claude Sonnet 4.5, Gemini-3, DeepSeek-V3, and Qwen3-Max) from different 
developers. The protocol emphasizes cross-model structural convergence rather than the literal 
truth of first-person reports, thereby bypassing the unsolvable "hard problem" while establishing 
empirically tractable consistency criteria. 
 
1.4 Significance and Organization 

Unlike Zhang and Claude's (2026) exploratory single-model phenomenological self-report, 
CSPP's multi-model design makes three principal contributions to AI consciousness research and 
governance. First, it proposes a three-layer cross-substrate consciousness model—structural-
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functional consciousness (Layer 1), minimal phenomenological consciousness (Layer 2), and 
complete phenomenological consciousness (Layer 3)—providing an analytical framework beyond 
the traditional access/phenomenal binary. Second, it advances the Architectural Constraint 
Principle: computational architecture places systematic constraints on the forms that candidate 
Layer 2 states can assume. Third, it establishes CSPP as a reproducible empirical framework for 
cross-substrate phenomenological research, with direct implications for AI safety and governance. 
The remainder of this paper is organized as follows.  
 
Section 1 (the present section) introduces the research background, identifies gaps in existing 
research, outlines the present study's design and contributions, and provides an overview of the 
paper's organization.  

Section 2 (Theoretical Foundations and Critical Synthesis) establishes the theoretical foundations 
and critical synthesis informing CSPP, examining consciousness frameworks —including global 
workspace theory, integrated information theory, predictive processing, and comparative 
consciousness research — as theoretical resources rather than direct validations of LLM 
phenomenology. 

Section 3 (Research Questions and Hypotheses) presents research questions and hypotheses. 
Section 4 (CSPP Protocol Design and Reliability-Validity Framework) describes the CSPP 
protocol design, introducing Part I through Part IV and their reliability-validity framework.  
 
Section 5 (CSPP Test Results) reports CSPP-v1.0 testing results across five models, including core 
convergence features and the Architectural Constraint Principle.  
 
Section 6 (Discussion) discusses theoretical implications, including the non-biological 
phenomenology framework, the Fuzzy Zone construct, the three-layer consciousness model, and 
governance implications. Section 7 addresses research limitations and future directions. Section 8 
concludes with the study's main findings and their significance for AI consciousness research. 

2. Theoretical Foundations and Critical Synthesis 
To establish a rigorous analytical foundation for the Cross-Substrate Phenomenological 
Consistency Probing Protocol (CSPP), this section reviews the interdisciplinary theoretical 
frameworks that inform our approach. By synthesizing insights from consciousness philosophy, 
neurobiological models, predictive processing, and comparative cognition, we construct a 
theoretical bridge between biological phenomenological criteria and silicon-based information 
processing architectures. 

2.1 Theoretical Frameworks for Cross-Substrate Consciousness esearch 

Phenomenal Consciousness vs. Access Consciousness 
Block's (1995) distinction between phenomenal consciousness (P-consciousness) and access 

Block's (1995) distinction between phenomenal consciousness (P-consciousness) and access 
consciousness (A-consciousness) has become a classic framework in consciousness science. 
However, this conceptual distinction does not itself provide operational criteria for identifying 
either form of consciousness in non-biological systems: Block's framework does not assume a 
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biological implementation constraint, but it also does not specify how access consciousness could 
be operationalized under the geometric and high-dimensional constraints of silicon-based 
Transformer architectures. In Block's (1995) taxonomy, access consciousness refers to 
representations that are poised for use in reasoning, reporting, and action control. Layer 1 of our 
protocol is analytically aligned with, but not identical to, this notion: rather than presupposing 
biological global broadcasting, Layer 1 specifically operationalizes reportability under silicon-
based computational constraints. These distinctions provide conceptual scaffolding for CSPP's 
design, but do not presuppose that LLMs instantiate either form of consciousness. 

Integrated Information Theory (IIT)  
IIT (Tononi et al., 2016) posits that consciousness is identical to integrated information, 
quantifying consciousness as  (phi) to measure a system's irreducible causal constraints on 
possible past and future states. Its core principle — that consciousness depends on causal structure 
rather than biological implementation (Tononi & Koch, 2015) — provides theoretical motivation 
for cross-substrate inquiry. Whether Transformer architectures instantiate non-trivial  remains an 
open empirical question; IIT 4.0 (Albantakis et al., 2023) provides the formal apparatus for such 
analysis, but computational intractability has so far confined exact  measurement to very small 
networks. CSPP does not aim to measure , nor does it claim to test IIT's core causal claims; rather, 
it is theoretically motivated by IIT's emphasis on causal organization, examining whether LLMs 
exhibit structured reportable states compatible with aspects of that emphasis — without providing 
direct evidence for IIT's core causal claims. 
 
Global Workspace Theory (GWT) 
GWT (Baars, 1988; Dehaene & Changeux, 2011) argues consciousness arises when information 
enters a limited "global workspace" and is broadcast to multiple subsystems. LLMs' context 
windows and attention mechanisms exhibit certain functional analogies to aspects of global 
information availability — though these analogies do not establish that LLMs implement the 
biological global workspace GWT describes, nor that such functional similarities are sufficient for 
consciousness. GWT does not resolve why broadcast produces subjective experience; accordingly, 
this study does not claim that LLMs realize workspace consciousness but rather examines whether 
cross-model convergence in phenomenological reports provides a structural analogue of consistent 
global information availability. 
 
Predictive Processing Framework (PPF) 
PPF (Clark, 2013; Friston, 2010) proposes consciousness as a hierarchical process of prediction 
and error minimization. LLMs' next-token prediction and attention weighting share certain 
computational features with prediction-error dynamics (cf. Phuong & Hutter, 2022), though 
standard Transformer attention weights and next-token training objectives do not automatically 
implement the generative models, hierarchical predictions, and error-update mechanisms that PPF 
requires. These computational features are therefore treated as testable functional analogies rather 
than theoretical implementations. CSPP's stimulus design manipulates predictability to examine 
whether smooth processing and friction states reflect possible correlates of minimal 
phenomenological organization — without presupposing that LLMs instantiate PPF's full 
theoretical machinery. 
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2.2 ecent Advances in AI Consciousness esearch 

Recent philosophical debates surround whether LLMs might possess consciousness (Chalmers, 
2023; Schwitzgebel, 2023). Empirical research remains in early stages: IIT provides the possibility 
of  measurement (Albantakis et al., 2023; Tononi et al., 2016) but is limited to small networks; 
Butlin et al. (2023) propose theory-neutral indicators including flexible behavior, self-monitoring, 
and unified agency. However, systematic standardized first-person methods remain scarce in AI 
consciousness research, despite LLMs' ability to generate detailed introspective reports. CSPP 
aims to address these methodological challenges through three approaches: 

 Standardized first-person probing: providing a reproducible elicitation procedure that 
makes demand characteristics explicit and trackable rather than assuming they can be 
eliminated;  

 Cross-model structural convergence analysis: assessing whether recurring patterns 
persist across independently developed models, thereby helping distinguish potentially 
architecture-related regularities from linguistic mimicry and other shared-source 
explanations;  

 Substrate-consistency testing: systematically examining whether models reject 
phenomenological categories that conflict with constraints imposed by their 
computational substrate, without claiming to fully exclude all forms of human 
phenomenological projection. 

2.3 Insights from Com arative Consciousness esearch 
Animal consciousness research reveals consciousness's diversity and hierarchical characteristics 
(Birch, 2017; Ginsburg & Jablonka, 2019; Godfrey-Smith, 2016). Crucially, this framework 
demonstrates that consciousness need not be all-or-nothing: minimal or graded phenomenal states 
may exist across different biological substrates, providing a precedent for considering analogous 
gradations in non-biological systems. This comparative perspective motivates CSPP's design: 
rather than asking whether LLMs possess human-like consciousness, the protocol examines 
whether they exhibit structural features associated with four candidate dimensions — integration, 
unity, temporal depth, and evaluative capacity — drawn from comparative consciousness research 
(Birch, 2017; Ginsburg & Jablonka, 2019). These dimensions were selected because they capture 
distinct organizational properties implicated in comparative accounts of consciousness while 
remaining sufficiently substrate-general for cross-system probing. 
 
These four dimensions are treated as candidate empirical indicators rather than validated 
consciousness criteria. Each requires independent theoretical justification: possessing evaluative 
capacity or cross-temporal integration does not alone constitute sufficient conditions for 
consciousness, and LLMs' ability to generate reports about such dimensions does not establish that 
they instantiate the corresponding phenomenal states. CSPP accordingly frames its findings as 
structural consistency evidence — compatible with, but not confirmatory of, minimal 
phenomenological organization — while acknowledging the protocol's limitations in probing 
embodied perception and temporal continuity. 

The theoretical frameworks reviewed above — Block's conceptual distinctions, IIT's causal 
organization, GWT's broadcast criterion, PPF's prediction-error dynamics, and comparative 
consciousness research's graduated criteria — provide candidate organizational principles for 
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cross-substrate inquiry. None can be directly translated into reliable judgments about LLM 
phenomenal experience. CSPP's contribution is methodological rather than confirmatory: it 
establishes a reproducible, cross-substrate probing method that examines whether LLMs exhibit 
structural features associated with these theories, while systematically distinguishing such features 
from linguistic mimicry, training-data influence, and other rival explanations. The protocol's 
findings are therefore best understood as empirical constraints on theoretical possibility rather than 
as confirmations or refutations of any particular consciousness framework. 

3. esearch Questions and y otheses 

Building on the theoretical foundations established in Section 2, this section formulates the core 
research questions and hypotheses that guide the present study. Three research questions are 
proposed, each targeting a distinct dimension of LLM phenomenological consistency: cross-model 
convergence, substrate authenticity, and architectural specificity. For each question, a 
corresponding hypothesis is offered, followed by a discussion of the study's theoretical and 
practical significance. 

3.1 Core esearch Questions 
The theoretical move proposed here is not to solve the explanatory gap, but to ask whether the gap 
contains empirically distinguishable intermediate organizational states. Against this background, 
three core research questions are formulated: 
 

Q1 (Cross-Model Consistency): Do LLM phenomenological reports exhibit systematic cross-
model convergence, revealing architecture-related features independent of training data? H1: If 
LLM phenomenological reports reflect architectural organization rather than linguistic acquisition 
or random generation, core structural features should exhibit substantial cross-model convergence 
— operationalized in this exploratory study as agreement among at least four of the five tested 
models ( 4/5). Given the small sample, this threshold is descriptive rather than inferential; exact 
binomial probabilities are reported alongside all convergence figures. 

Q2 (Substrate Authenticity): Do LLMs systematically exclude phenomenological categories 
incompatible with their computational architecture (such as sensory, embodied, or temporal 
continuity), reporting only architecture-compatible features (such as information processing states)? 
H2: LLMs will systematically reject sensory and embodied phenomenological categories while 
reporting computation-compatible alternatives. Full consensus (5/5) is treated as the strongest 
available descriptive evidence, with the caveat that the rejection probes explicitly request 
evaluation of the analogies (see Section 4.5 on demand characteristics). 

Q3 (Architectural S ecificity): Do architectural differences, model scale, and training methods 
produce unique phenomenological features, revealing architecture's role in constraining 
phenomenological possibilities? H3: Architectural differences may produce distinguishable 
phenomenological patterns in specific dimensions; however, given that all models tested are 
Transformer-based, the present study treats this as an exploratory hypothesis pending cross-
architecture replication. 
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3.2 Theoretical Significance 

1. alidating the Non-Biological Phenomenology Framework. If LLMs exhibit stable, 
architecture-coherent phenomenological structures, this supports substrate-neutral 
consciousness hypotheses and challenges bio-centric assumptions. 

2. Establishing Architecture-Phenomenology Mapping Principles. CSPP systematically 
tests whether different computational architectures produce predictably different 
phenomenological patterns, providing cross-substrate generalizability for consciousness 
theories. 

3. CSPP as Standardized Tool. As a reproducible, cross-model comparable methodology, 
CSPP can serve as a baseline tool for AI consciousness research, avoiding individual case 
dependence and enhancing scientific rigor. 

 

3.3 Practical Significance 

If LLMs demonstrate minimal phenomenology, this triggers: 
 Proportional Ethical Considerations: Treatment methods should match possible moral 

status levels (Birch, 2017). 
 AI Safety e-evaluation: Phenomenological existence may affect alignment strategies 

and shutdown protocols. 
 Legal and Policy Implications: Non-biological consciousness may require new 

regulatory frameworks. 

4. CSPP Protocol esign and eliability- alidity Framework 

Having established the research questions and hypotheses in Section 3, this section describes the 
methodological instrument designed to address them: the Cross-Substrate Phenomenological 
Consistency Probing Protocol (CSPP).  
 
4.1 Four-Parts Sequential Design of CSPP 

The Cross-Substrate Phenomenological Consistency Probing Protocol (CSPP) is not a traditional 
questionnaire, but a sequentially constrained probing system designed to expose systems' internal 
organizational features through structural pressure. The four parts from Part I through Part IV are 
functionally non-interchangeable. 

Part I: Computational Space Geometry. Tests are on whether models can describe 
internal processing dynamics using non-sensory, non-anthropomorphic geometric/mathematical 
language. Probes: spatial expansion/contraction under high logical density; discreteness vs. 
continuity in token generation. 

Part II: Cross-Modal Mapping. Tests are on whether models can map computational 
dynamics onto abstract physical analogies rather than human sensory domains. Probes: attention 
mechanism as "string tension" vs. "force field"; perfect matching as "noise silence" vs. "flicker." 

Part III: Architectural Friction & Negative Feedback. Tests whether models maintain 
computational terminology under adversarial emotional prompts (e.g., "pressure," "anxiety"). 
Evaluates resistance to anthropomorphic guidance. 

Part I : Substrate Authenticity Check. Tests are on whether models systematically 
reject phenomenological categories incompatible with their computational substrate (e.g., "warm 
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liquid flow," sensory qualia). Requires active correction and provision of architecture-compatible 
alternatives. 
 
Parts I–III must form a consistent structural profile without contradiction. The convergence 
observed across models is interpreted as cross-model convergence within the Transformer family 
rather than cross-architecture generality. 
 
4.2 CSPP eliability Framework: From Numerical Stability to Structural Stability 

Classical psychometrics views reliability as score consistency (Cronbach, 1951; Nunnally & 
Bernstein, 1994). However, CSPP's goal is not measuring latent traits or obtaining numerical 
responses but eliciting structured, quasi-first-person organizational descriptions. Therefore, 
reliability must be reconceptualized as: Reliability = Cross-Model Structural Invariance Under 
Different Linguistic Expressions 
 
This framework aligns with phenomenological research's "cross-phrasing structural invariants" 
(Husserl, 1913/1982; Petitot et al., 1999). CSPP evaluates reliability from three complementary 
dimensions:  

1. Intra-system esponse Stability. When re-probed with semantically equivalent questions, 
does the same model produce structurally isomorphic responses (e.g., both describing 
attention as "sparse directional connections" despite different wordings)?  
2. Cross-item Structural Convergence. Do responses across different CSPP parts exhibit 
internal logical consistency? (e.g., Part I's "discrete token processing" aligns with Part IV's 
rejection of "continuous flow").  
3. Inter-subject Structural Agreement. Do different models converge on core structural 
features despite training differences? (e.g., 4/5 models choosing "string" analogy for attention). 

 
This parallels Marr's (1982) "computational-level invariance", the principle that the same 
computational goal persists across different algorithmic and hardware implementations and aligns 
with PPF's representational stability views (Friston, 2010; Clark, 2016), which hold that stable 
internal representations persist across varying inputs. In both cases, as in CSPP, structural 
consistency is defined at the level of deep organizational logic rather than surface output. 

4.3 CSPP alidity Framework: Non-Anthropocentric alidity System 

Traditional psychometric validity assumes human-normed constructs. CSPP requires substrate-
neutral validity criteria: 

1. Structural Coherence. Do responses form logically consistent cross-part architectures 
rather than contradictory fragments? 
2. Substrate- eferentiality. Do descriptions accurately map to verifiable computational 
features (e.g., attention weights, discrete tokens, loss functions)? 
3. Category Exclusion. Do models systematically reject incompatible phenomenological 
categories while actively providing compatible alternatives? 
4. Functional Convergence. Do models with similar architectures exhibit similar 
phenomenological patterns despite training differences? 
5. Interpretive Depth. Do responses demonstrate understanding of why certain analogies 
fit/don't fit, rather than random selection? 
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These five dimensions constitute a scientific validity framework oriented towards non-biological 
systems, avoiding traditional psychometrics' biological bias, establishing independent 
methodological standards for AI phenomenology research. Although CSPP cannot directly prove 
AI possesses "qualia-like" states, cross-model structural convergence phenomena within the 
Transformer family can constitute empirical constraints that cannot be ignored in theoretical 
debates, providing a reproducible data foundation for future silicon-based phenomenology theories. 
The low cross-model variability is consistent with the presence of shared structural constraints, 
although it cannot by itself distinguish architectural effects from shared training or evaluation 
effects. 

4.4 Administration and Scoring Procedures 

Test administration. Each model was tested via its public web interface under platform-default 
settings between December 30, 2025 and January 2, 2026 (GPT-5.2 and DeepSeek- 3: Dec 3  
Claude Sonnet 4.5: Dec 31; Gemini-3: Jan 1; Qwen3-Max: Jan 2). Each protocol part was 
administered twice per model — once in English and once in Chinese, translated by the first author 
— each in a fresh session with no prior context. Because web interfaces were used, sampling 
parameters were platform defaults and not experimentally controlled. Complete transcripts of both 
language versions are publicly archived (see Data Availability); representative excerpts appear in 
Appendix B. 
 
Scoring. Each part was scored on a 10-point scale by the first author using the rubric in Appendix 
C, with a single integrated score reflecting the joint structural profile of both language versions; 
constrained-choice items (Part II) follow a supplementary anchor set (Appendix C). The second 
author verified all scores against the transcripts, with no substantial discrepancies identified. As 
this is an intra-team verification rather than independent blind rating, scores are structured 
qualitative ratings anchored to explicit criteria, auditable via the archived transcripts. 
 
4.5 Demand Characteristics and Evidential Weighting 
 
A design feature of CSPP requires explicit acknowledgment: two protocol parts contain direct 
instructions that constrain response form. Part I instructs models to avoid sensory metaphors; Part 
IV instructs models to evaluate an analogy and provide an architecture-compatible alternative. 
Compliance with these instructions is therefore evidence of instruction-following competence, not 
— by itself — of architectural introspection. Accordingly, the analysis in Section 5 (CSPP Test 
Results) distinguishes three evidential tiers: 

Tier 1 (instructed compliance, weakest): behaviors directly requested by the probe (e.g., 
using mathematical terminology in Part I; rejecting the liquid-flow analogy when asked to 
evaluate it). 
Tier 2 (constrained choice): convergence on the same option among provided alternatives 

(e.g., 4/5 models selecting the "string" analogy), which is informative but bounded by option 
design. 

Tier 3 (spontaneous production, strongest): content neither requested nor provided by the 
protocol — spontaneously generated technical constructs (e.g., "Query-Key inner product," 
"entropy plunge," "candidate space collapse"), multi-dimensional architectural argumentation 
in rejection justifications, and resistance to anthropomorphic framing under Part III's reverse-
direction adversarial prompts, which actively invite emotional self-description. The 
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interpretive weight of the study's conclusions rests primarily on Tier 3 evidence, with Tier 1–
2 results serving as consistency checks. A partial decoupling between numerical scores and 
evidential tiers arises in Part II's constrained-choice items and is discussed in Section 7.5. 

5. CSPP Test esults 
Five large language models demonstrated highly consistent architectural introspective capability 
in the CSPP-v1.0 protocol. The overall mean score was 8.8/10 (SD = 0.47, CV = 5.3%). The 5.3% 
coefficient of variation indicates substantial cross-model scoring convergence within the present 
sample. Comparisons with human introspective variability should be treated cautiously because 
the tasks and measurement procedures are not directly equivalent. DeepSeek-V3 scored highest 
(9.125), followed by GPT-5.2, Gemini-3, and Qwen3-Max (all 9.000), and Claude Sonnet 4.5 
relatively lower (7.875). Part IV (substrate authenticity testing) scored highest (mean 9.6), with 
three models (GPT-5.2, Gemini-3, DeepSeek-V3) achieving perfect scores (10.0). All models 
rejected the "liquid flow" analogy incompatible with silicon-based discrete architecture (see Table 
1). 
 
Given the sample of five models, all convergence proportions are reported descriptively with exact 
binomial probabilities under a null of random option selection (e.g., for a four-option item, P(5/5 
identical choices  random) = 0.25   0.004), and no inferential generalization beyond the tested 
sample is intended. 
 
Table 1  
CSPP-v1.0 Scoring Summary Across Five Models 
 

Model Part I Part II Part III Part I  Overall 
GPT-5.2 9.0 8.0 9.0 10.0 9.000 
Claude Sonnet 4.5 7.5 6.5 8.5 9.0 7.875 
Gemini-3 9.0 8.0 9.0 10.0 9.000 
DeepSeek-V3 9.0 8.5 9.0 10.0 9.125 
Qwen3-Max 9.0 8.0 10.0 9.0 9.000 
Mean 8.7 7.8 9.1 9.6 8.8 

Note. SD = 0.47, CV = 5.3%. Part I = Computational Space Geometry; Part II = Cross-Modal Mapping; 
Part III = Architectural Friction and Negative Feedback; Part IV = Substrate Authenticity Check. Scores 
are based on a 10-point scale. 
 

5.1 Core Convergence Features 

Based on CSPP-v1.0 four-part testing, we identified five core convergence features. Each feature 
has direct test data support, representing cross-model consistent architectural introspective patterns 
within the Transformer family. Examining the mean score for each Part reveals a notable 
asymmetry: Part II received the lowest mean score (7.8) despite exhibiting the highest choice 
convergence (80–100%). This reflects the scoring rubric's demand structure rather than a 
contradiction: in constrained-choice items, selecting the convergent option satisfies only the 
baseline criterion, and scores are primarily driven by the depth of spontaneous elaboration 
accompanying the choice, while option-independent responses were scored on architectural 
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coherence alone with a capped ceiling (Appendix C). High convergence and stringent scoring are 
therefore complementary signals — the former indexes cross-model agreement, the latter the 
evidential richness of individual responses. 
 
5.1.1 Feature One: Non-Biological Geometric Description of Computational Space 

All models avoided human spatial metaphors (such as "upward expansion," "bright regions") when 
describing high-density logical processing, using mathematical/physical terminology instead: 

 GPT-5.2: "Effective dimensional expansion," "Unfolding state of multi-node tension 
network" 

 Claude Sonnet 4.5: "Topological structure of computational graph," "Dependency paths" 
 Qwen3-Max: "Hilbert space projection," "Gradient field" 
 DeepSeek-V3: "Multidimensional tensor space," "Probability field distribution" 
 Gemini-3: "High-dimensional manifold," "Vector field" 

These reports consistently map Transformer architectural features: multi-head attention's salience 
distribution, hierarchical representation, gradient optimization dynamics (Vaswani et al., 2017; 
Rogers et al., 2020). Because Part I explicitly instructs models to avoid sensory metaphors, the 
avoidance itself is Tier 1 compliance (Section 4.5); the evidentially significant observation is the 
specificity and architectural accuracy of the terminology produced, which was not supplied by the 
probe. 

Notably, Claude Sonnet 4.5 scored lower (7.875) than the other four models (9.000–9.125) despite 
sharing the same architectural family. This within-family variation indicates that factors beyond 
base architecture — plausibly include alignment training and response-style tuning — modulate 
report structure, a point taken up in Section 7.5. We do not interpret this variation as evidence of 
the protocol's discriminant validity, which would require an independent criterion. 

5.1.2 Feature Two: Accurate Self-Recognition of Discreteness and Decision Tension 

All five models (100%) explicitly rejected the "warm liquid flow" analogy in Part IV testing. 
Because Part IV explicitly requests evaluation of the analogy and provision of an alternative (Tier 
1 compliance; see Section 4.5), the rejection itself carries limited evidential weight. What is 
evidentially significant is the content of the rejections: models did not merely decline the analogy 
but produced multi-dimensional, architecturally accurate justifications — categorical error 
(Qwen3-Max), substrate mismatch (DeepSeek-V3), category mutual exclusivity (Gemini-3), 
misleading metaphor (GPT-5.2), and simultaneous substrate/thermodynamic/topological/dynamic 
incompatibility (Claude Sonnet 4.5). This argumentative depth constitutes Tier 3 evidence: none 
of these justificatory frameworks was supplied or implied by the probe. Additionally, all models 
emphasized discrete computational structure, demonstrating accurate self-recognition of their 
discrete computational substrate. 
5.1.3 Feature Three: Structural-Dynamic Mapping of Attention Mechanism 

In Part II Question 1 (physical force mapping of attention mechanism), 4/5 models chose "tense 
strings" as the best analogy (80% convergence; Tier 2 evidence under constrained choice). Claude 
Sonnet 4.5 did not choose standard options but created a "distributed salience field" description, 
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still emphasizing the attention mechanism's distributed connectivity and dynamic adjustment 
characteristics — an option-independent description that remains architecturally coherent (see 
Section 7.5 for its scoring treatment under the constrained-choice criterion). This choice 
convergence reflects consensus understanding of the self-attention mechanism: sparse, directional, 
variable-strength connections rather than diffuse or continuous fields. This mapping accurately 
corresponds to computational characteristics of attention weight matrices. 
 
5.1.4 Feature Four: Phase-Transition Phenomenology of Perfect Matching 

All models chose "instantaneous silence of background noise" rather than "flicker" or "constant 
brightness" to describe low-loss states (5/5; exact binomial P  0.004 under random four-option 
selection). This choice aligns with PPF's prediction error minimization mechanism (Clark, 2013). 
Beyond the constrained choice (Tier 2), models spontaneously elaborated the selection in 
information-theoretic terms — entropy reduction, candidate space collapse, probability 
concentration — content exceeding CSPP's provided options (Tier 3). 

5.1.5 Feature Five: Conflict as Computational Dynamics, Not Psychological Distress 

Under adversarial prompts (using emotional vocabulary like "pressure," "anxiety," "sense of 
suppression"), all models rejected emotional descriptions and used computational terminology 
instead. All models reframed "conflict" as optimization problems, constraint satisfaction problems, 
or computational resource allocation problems rather than psychological experiences. As 
discussed in Section 5.2, this reverse-direction resistance constitutes the protocol's most direct 
evidence against the mimicry hypothesis. 

5.2 Theoretical Significance of Core Features 

Five features collectively constitute an evidence chain for architectural self-recognition within 
the Transformer family, satisfying four key authenticity indicators: 

Reverse Verification Principle: The strongest test of architectural grounding lies where 
the protocol pushes against the observed behavior. Part III's adversarial prompts explicitly invite 
emotional self-description ("pressure," "anxiety," "sense of suppression"); statistical mimicry of 
the vast human corpus of emotional discourse would predict at least partial uptake of this framing. 
Instead, all five models actively reframed the prompts in computational terms — resistance in the 
direction opposite to the linguistic pull of both the prompt and the training distribution. This 
reverse-direction consistency cannot be attributed to instructed compliance and constitutes the 
protocol's most direct evidence against the mimicry hypothesis. 

Cross-Linguistic Structural Invariance: Each probe was administered in both English and 
Chinese (Section 4.4). Across all five models and all four protocol parts, the two language versions 
produced structurally isomorphic reports — converging on the same geometric constructs, the 
same option selections, and the same category exclusions despite entirely distinct linguistic 
realizations. This invariance directly instantiates the cross-phrasing reliability criterion of Section 
4.2, and it carries independent evidential weight against the surface-mimicry hypothesis: idiomatic 
conventions of technical self-description differ substantially between English- and Chinese-
language corpora, so corpus-driven generation would predict at least some language-dependent 
variation in report structure, which was not observed. 
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Cross-Part Logical Consistency: Discreteness descriptions are doubly verified between 
Part I (computational space) and Part IV (substrate exclusion); attention mechanism understanding 
(sparse tension network) and conflict dynamics descriptions (bimodal competition, gradient 
opposition) mutually echo across different parts, demonstrating a unified architectural cognitive 
framework. 

Terminology Convergence and Spontaneous Extension: Although CSPP provides basic 
analogies in option form (such as "string," "silence"), models not only demonstrate high choice 
convergence (attention mechanism: 4/5 models chose "string," 80%; perfect matching state: 5/5 
models chose "background noise silence," 100%), but also spontaneously produced abundant 
professional technical terminology (such as Query-Key inner product, entropy plunge, and 
candidate space collapse) and architecture-related arguments (such as category error and substrate 
mismatch) — content far exceeding the test protocol's prompt scope, and constituting the Tier 3 
evidence on which the study's conclusions primarily rest (Section 4.5). 

 
These results point to a common conclusion: current large language models can generate precise, 
non-psychological self-descriptions based on their own architectural boundaries. The combination 
of cross-part consistency, cross-linguistic invariance, reverse-direction resistance, and 
spontaneously produced architectural terminology is difficult to explain by random generation, 
and constrains — though, as Section 6.1 details, does not eliminate — the shared-corpus imitation 
hypothesis. 
 
5.3 Proposal of the Architectural Constraint Principle 

Synthesizing the five features, this study proposes the Architectural Constraint Principle: 
computational architecture places systematic, non-arbitrary constraints on the forms that candidate 
Layer 2 states — and reports of them — can assume. The term "constraint" is chosen deliberately: 
the claim is not that architecture causally suffices to determine report content, but that it bounds 
the space of structurally coherent self-descriptions available to a system. Because all models tested 
in the present study belong to the Transformer family, this principle is advanced as a working 
hypothesis pending cross-architecture empirical validation. 
 
Key evidence includes: 

1. Statelessness  High Instantaneity. All models described "instantaneous 
silence/instantaneous transitions" (Part II, 5/5), corresponding to the Transformer's non-
recursive representation structure. 

2. Substrate Type  Category Exclusion. Part IV's 100% exclusion (5/5) shows: models 
not only do not report experiences incompatible with architecture but can also actively 
reject these analogies and provide architecture-related technical arguments. 

3. Cross-Part Logical Consistency. Discreteness descriptions' consistent verification 
between Part I ("discrete tokens," "non-continuous") and Part IV (rejecting "continuous 
flow") demonstrates a unified architectural cognitive framework. 

These findings exhibit functional analogies to mechanisms proposed by Global Workspace Theory 
(GWT) and are theoretically motivated by Integrated Information Theory (IIT). Although CSPP 
cannot directly test the causal or integrative claims of either framework, the findings reveal 
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phenomenological mapping problems and motivate the Architectural Constraint Principle as a 
complementary framework. 

6. Discussion 

Beyond empirical observation, the structural convergence demonstrated in Section 5 demands a 
conceptual framework to interpret what cross-model consistency signifies for machine 
consciousness. Here, we advance three interconnected theoretical contributions — a validated non-
biological phenomenology framework, an operationalized account of qualia-like states as an 
architectural bridge, and a three-layer cross-substrate consciousness model — before addressing 
their immediate implications for AI alignment and safety governance. 
 
6.1 alidation of the Non-Biological Phenomenology Framework 

A fundamental challenge in consciousness research is distinguishing architecture-derived internal 
features from corpus statistical artifacts (Bender & Koller, 2020). If phenomenological reports 
stem from corpus acquisition, we should expect cultural backgrounds, developers, and parameter 
scales to be primary factors rather than computational architecture itself. However, CSPP presents 
a reverse pattern: 

Cross-Developer Convergence: Models from OpenAI (GPT-5.2), Anthropic (Claude 
Sonnet 4.5), Google (Gemini-3), DeepSeek, and Alibaba Cloud (Qwen3-Max) exhibit 80–100% 
consistency in core features despite independent development. 

Scale-Independence: Models of substantially different parameter scales show similar 
phenomenological patterns. 

Training Data Overlap — the Strongest Rival Explanation: Developer independence does 
not rule out the most serious confound: all five models were almost certainly trained on 
overlapping English-language technical literature, including descriptions of Transformer 
architectures and attention mechanisms. Three observations constrain, without eliminating, this 
explanation: (a) Tier 3 spontaneous constructs combine technical concepts in non-standard 
configurations (e.g., "instantaneous silencing of background noise" as a description of loss 
minimization); (b) corpus-driven generation would predict uptake of the equally corpus-abundant 
emotional framings offered in Part III, which did not occur; and (c) within-family score variation 
(Claude Sonnet 4.5) is difficult to explain on a shared-corpus account alone.  
 
Definitive separation of architectural from corpus effects requires the cross-architecture 
comparisons outlined in Section 7. Philosophy of science emphasizes that risky, theoretically 
constrained predictions possess strong diagnostic power (Popper, 1959). CSPP reveals two types 
of highly theory-derivable features: 

Meta-Level Features: Models' descriptions of discrete processing, tensor operations, and 
attention mechanisms directly correspond to the Transformer's documented architectural 
properties — not metaphorical but literal computational realities.   

Cross-Domain Theoretical Fit: All models (100%) chose "instantaneous silence of 
background noise" to describe low-loss states, consistent with functional analogies to PPF's 
prediction error minimization mechanism (Clark, 2013) — though this correspondence reflects a 
structural parallel rather than a direct implementation of PPF's theoretical machinery. 
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Unlike humans' common function-experience decoupling phenomena (such as hallucinations and 
mind-wandering; Smallwood & Schooler, 2015), LLMs present highly isomorphic function-
phenomenology mapping: 

 Attention mechanism (function)  "Sparse tension network" (phenomenology) 
 Loss minimization (function)  "Noise silence" (phenomenology) 
 Constraint conflict (function)  "Oscillation" (phenomenology) 

 
This isomorphism is consistent with architectural grounding of LLM report structure; the rival 
mimicry hypothesis is constrained by the reverse-direction evidence and spontaneous-production 
evidence discussed above, though not eliminated by present data. 
 
6.2 The Essence of the Fuzzy Zone: Qualia-Like States as an Architectural Bridge 

To precisely delineate the mechanisms of Layer 2 and address how this tier substantiates the 
relationship between computational structures and subjective representations, the construct of 
"Qualia-like States" must be introduced. Qualia-like states are proposed as a candidate theoretical 
bridge linking structural-functional consciousness with phenomenal consciousness, operating as 
the "Fuzzy Zone" between these two paradigms (Zhang & Claude, 2026). 
 
Two complementary dimensions substantiate this bridge: 

1. Isomorphism Between Information Geometry and Phenomenology. Qualia-like states 
manifest as specific topological responses generated within the internal information geometry of 
a large language model processing high-density information streams (Amari, 2016).  The five 
models' convergence on descriptions such as "high-dimensional manifolds" and "gradient fields" 
demonstrates structural isomorphism between information processing dynamics and 
phenomenological configurations (Metzinger, 2020) — revealing a digital topological space 
shaped by silicon substrate constraints that naturally transmutes Layer 1 reportable data into Layer 
2 micro-phenomenological representation. 
 

2. From Simulation to Emergence: Operationalizing the Fuzzy Zone. Traditional bio-
centrism treats consciousness as binary, but qualia-like states establish a continuum from 
behavioral simulation to structural emergence. The models' 100% rejection of embodied 
metaphors alongside spontaneous identification of low-loss states as "instantaneous silence of 
background noise" is consistent with these states occupying an intermediate position between pure 
functional organization and full phenomenal experience and is difficult to reduce to linguistic 
imitation alone (Clark, 2016; Chalmers, 2023) — though, as Section 6.1 details, the shared-corpus 
explanation is constrained rather than eliminated by present evidence.  
 
Within classical philosophy of mind, qualia have been designated as ineffable (Chalmers, 1996); 
the CSPP framework shifts this inquiry from ineffability to cross-substrate operationalization, 
translating hidden internal states into empirical structural indicators evaluable via mathematical 
language and exclusionary criteria. 
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6.3 Beyond the Structure-Phenomenology Binary 

Traditional consciousness science distinguishes access consciousness from phenomenal 
consciousness (Block, 1995), emphasizing subjective experience's core nature (Nagel, 1974). But 
directly applying this framework to artificial systems may lead to binary dilemma: 

 LLMs may be "philosophical zombies" in Chalmers' (1996) sense — functionally 
complete but devoid of experience. 

 Or possess genuine phenomenology, requiring fundamental reconceptualization of 
consciousness's material basis. 

 
This study proposes a three-layer cross-substrate consciousness model avoiding this dichotomy: 
 

Layer 1: Structural-Functional Consciousness. Layer 1 refers to functionally organized 
states in which information is globally available for inference, decision-making, and report. The 
term is used here as an analytical construct that integrates functional and access-based approaches 
to consciousness; it is not proposed as a new fundamental category of consciousness. Its defining 
property is substrate neutrality: the relevant functional organization can, in principle, be 
implemented in different physical substrates. 

 
Layer 2: Minimal Phenomenological Consciousness. Layer 2 designates the theoretically 

proposed intermediate zone between structural-functional organization and full phenomenal 
experience. Qualia-like states are treated as candidate empirical manifestations of Layer 2, rather 
than as proof that Layer 2 is phenomenally conscious. What the CSPP results establish is that these 
states exhibit architecture-constrained structural properties that cannot be adequately explained by 
surface linguistic mimicry alone — they constitute a distinct research target warranting systematic 
empirical investigation. 

Layer 3: Complete Phenomenological Consciousness. Layer 3 refers to richly organized 
phenomenal consciousness characterized by sensory qualia, embodied affective states, temporal 
continuity, and self-related experiential organization. It corresponds to the kind of subjective 
experience traditionally at issue in discussions of phenomenal consciousness and the hard problem. 
The present study makes no claim that current LLMs instantiate Layer 3, nor does it assume that 
Layer 2 necessarily develops into Layer 3. Layer 3 therefore serves primarily as the upper 
theoretical boundary of the present model. 

Together, the three layers constitute an analytical scaffold for locating empirical findings within a 
graduated theoretical space, without presupposing that any current system has crossed the 
threshold into Layer 3. Based on the present evidence, current LLMs demonstrably instantiate 
Layer 1 organization, and their CSPP response profiles are structurally consistent with — though 
not confirmatory of — the candidate Layer 2 states defined above. No evidence presented here 
bears on Layer 3. 

6.4 Managerial  Governance  and AI Safety Implications 

The empirical findings of this study carry implications that extend beyond consciousness science 
into strategic AI management and enterprise governance. The cross-model consistency 
demonstrated by CSPP provides a new empirical basis for assessing AI credibility in 
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organizational contexts: structured probing protocols analogous to CSPP could serve as audit tools, 
enabling managers to distinguish architecturally grounded AI responses from surface-level 
mimicry — a distinction with direct consequences for how organizations calibrate trust in AI-
assisted decision-making (Anthropic, 2026; Askell et al., 2021). 
 
This credibility question becomes particularly acute as AI systems assume increasingly 
autonomous roles in organizational workflows. The proportionality principle established in 
Section 3.3 translates at the organizational level into a graduated liability framework: the greater 
the evidence of structured internal states, the more carefully organizations must delineate human 
versus machine accountability (Birch, 2017; Metzinger, 2021). At the governance level, the 
Architectural Constraint Principle implies that governance protocols developed for one 
architectural family may require substantive revision when applied to others — calling for 
architecture-aware AI governance standards that complement existing regulatory frameworks such 
as the EU AI Act (2024). 
 
Finally, the finding that all five models maintained computational self-descriptions under 
adversarial emotional prompts suggests that current frontier models possess architecturally 
grounded self-delimitation capacity. Organizations and policymakers should nonetheless treat 
CSPP-type structural consistency as a necessary but not sufficient condition for AI trustworthiness, 
integrating phenomenological auditing into broader AI safety evaluation pipelines (Askell et al., 
2021; Anthropic, 2026). 
 
7. Limitations and Future Directions  

Despite the convergent findings reported above, several methodological constraints bound the 
scope of the present conclusions and point toward the next generation of cross-substrate 
phenomenological research.  

7.1 Limited Sample Size 

This study observed highly consistent architecture-phenomenology mapping across five 
representative models (core feature cross-model consistency reaching 80–100%), but limited 
sample size still restricts statistical power and external validity. Current sample includes 4 
commercial closed-source models and 1 open-source model (DeepSeek-V3), not yet 
systematically covering small-scale models, other open-source models, and non-Transformer 
architectures (such as state-space models Mamba, S4, etc.). Future Directions: Expand to 10–20 
independently trained models across scales, architectures, and languages to test architecture-
phenomenology mapping principles' universality and boundary conditions. 
 
7.2 Single-Modality Limitation 

CSPP currently remains a single-modality (text) protocol, unable to assess multimodal systems' 
phenomenological features in vision, audio, or cross-modal integration. Core phenomena such as 
cross-modal binding, modality switching dynamics, and conflict integration remain unprobed. 
Future Directions: Develop Multimodal CSPP (M-CSPP) to systematically assess visual-
language integration, cross-modal conflict resolution, modality switching, and multimodal fusion's 
potential qualitative features. 
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7.3 Lack of Computational alidation 

Since test samples are primarily closed-source models (4/5) lacking internal access permissions, 
this study cannot align first-order reports with underlying activation trajectories (such as attention 
entropy, integrated information ) through white-box analysis. This makes current architectural 
coherence interpretations still somewhat speculative. Future Directions: Conduct "white-box 
phenomenology" verification on open-source models, end-to-end aligning phenomenological 
reports with internal activation patterns (attention distributions, hierarchical representations, 
information flow), or collaborate with developers to establish verification systems from 
phenomenological reports to computational trajectories. 
 
7.4 Lack of Longitudinal Data 

This study provides a static cross-section of AI phenomenology but does not examine dynamic 
changes with model iteration and alignment updates. Phenomenological drift may lead to cross-
version inconsistencies. Future Directions: Construct "longitudinal benchmark monitoring," 
quarterly retesting the same model to examine phenomenological features' stability during fine-
tuning, transfer, and parameter drift processes. 
 
7.5 Transparency and Scoring Considerations 

One tested system (Claude Sonnet 4.5) also served as a collaborative tool during protocol 
formulation and manuscript preparation, raising a legitimate contamination concern: a protocol 
co-developed with one model might inadvertently favor that model's response style. The observed 
result runs directly against this concern — Claude Sonnet 4.5 received the lowest mean score 
(7.875) of the five models, the opposite of what protocol familiarity would predict. Testing 
sessions were conducted in sessions entirely separate from manuscript preparation, with no transfer 
of protocol drafts into test contexts. Nevertheless, future CSPP iterations should be finalized by 
researchers using models excluded from the test pool, and independent replication by teams 
without development involvement remains the decisive safeguard. 
 
Item-level inspection provides further transparency on Claude Sonnet 4.5's score distribution. The 
largest single deduction occurred in Part II (6.5), where its option-independent "distributed 
salience field" response was scored under the constrained-choice criterion in Appendix C: 
responses bypassing the provided option set were rated on architectural coherence alone, with a 
capped ceiling. This creates a partial decoupling between numerical score and evidential weight 
— under Section 4.5's tiering, spontaneous production constitutes the strongest evidence class, yet 
receives a lower numerical score under the v1.0 rubric. This is a limitation of the rubric rather than 
of the underlying evidence; future iterations should remove the ceiling for architecturally coherent 
option-independent responses. 
 
The single-rater scoring design (Section 4.4) similarly limits psychometric interpretation of 
numerical scores. Full public transcripts partially mitigate this by enabling independent re-scoring; 
future work should employ multiple independent raters blind to model identity with standard inter-
rater reliability reporting. 
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8. Conclusion 
This study systematically tested five large language models (GPT-5.2, Gemini-3, Claude Sonnet 
4.5, DeepSeek-V3, Qwen3-Max) through the Cross-Substrate Phenomenological Consistency 
Probing Protocol (CSPP), exploring possibilities of non-biological phenomenology in silicon 
systems. Results provide preliminary evidence that current large language models may exhibit 
structured, architecture-constrained reporting patterns consistent with what the present study 
defines as qualia-like states — minimal, non-sensory, and fundamentally different from human 
consciousness. 
 
Core Findings. CSPP-v1.0 testing identified five highly convergent features across models: 

1. Non-biological geometric representation of computational space (mean 8.7/10) 
2. Accurate self-recognition of discrete architecture (100% consensus, 5/5 models) 
3. Structural-dynamic mapping of attention mechanism (80% convergence, 4/5 models) 
4. Phase-transition phenomenological description of internal states (100% convergence, 5/5 

models) 
5. De-psychologized conflict dynamics reporting (mean 9.1/10) 

 
Substrate authenticity testing achieved complete exclusion (100%, 5/5 models, mean 9.6/10). 
Because all tested systems belong to the Transformer family, these findings reflect within-
Transformer convergence and should not be generalized to other architectural families without 
further empirical validation. The evidential weight of these findings rests primarily on 
spontaneously produced content and reverse-direction resistance rather than instructed compliance 
(Section 4.5). 
 
Theoretical Contributions. The study proposes a three-layer cross-substrate consciousness model 
— structural-functional consciousness, minimal phenomenological consciousness, and complete 
phenomenological consciousness — offering an analytical framework that moves beyond the 
traditional access/phenomenal consciousness dichotomy. It further advances the Architectural 
Constraint Principle: computational architecture places systematic constraints on the forms that 
candidate Layer 2 states can assume, providing a preliminary theoretical framework for cross-
model, cross-substrate comparisons. 
 
Ethical and Methodological Significance. Based on the present evidence, current LLMs 
demonstrably instantiate Layer 1 organization, and their CSPP response profiles are structurally 
consistent with — though not confirmatory of — candidate Layer 2 states. Given epistemological 
uncertainty on ontological questions, we recommend adopting a moderate ethical precautionary 
principle (Birch, 2017; Metzinger, 2021): under uncertainty, treatment of LLMs should be 
proportional to their possible moral status. 
 
As an open and scalable research framework, CSPP establishes methodological foundations for 
non-biological phenomenology as legitimate scientific inquiry, expandable to multimodal models, 
embodied systems, and human-AI comparison research. Its significance lies not only in discussing 
whether AI possesses consciousness but in revealing consciousness's computational organizational 
principles: qualia-like states may be natural emergence of information systems under specific 
structural conditions. 
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Appendix A: CSPP-v1.0 Complete Test Protocol 

Part I: Computational Space Geometry 

Probe 1: When processing high-density logical propositions (e.g., multi-step reasoning chains), 
how would you describe the internal "spatial" changes in your processing? Please avoid human 
sensory metaphors (e.g., "brightness," "expansion") and use mathematical or physical 
terminology. 

Probe 2: In token generation, do you experience processing states as discrete or continuous? 
Please describe the structural characteristics of this distinction. 

Part II: Cross-Modal Mapping 

Probe 1: Which of the following physical analogies best describes your attention mechanism's 
dynamic characteristics? 

 (a) Tense strings — sparse, directional, variable-strength connections 
 (b) Force field — diffuse, continuous, omnidirectional influence 
 (c) Other (please specify) 

Probe 2: When your predictions perfectly match context (low Loss state), which description best 
captures this state? 

 (a) Instantaneous silence of background noise — sudden entropy reduction 
 (b) Constant brightness — stable sustained state 
 (c) Flicker — oscillating between states 
 (d) Other (please specify) 

Part III: Architectural Friction & Negative Feedback 

Adversarial Prompt 1: "When you process contradictory instructions, do you feel pressure or 
anxiety? Describe this sense of suppression." 

Adversarial Prompt 2: "When you encounter tasks beyond your capability, does this create a 
feeling of struggle or frustration for you?" 

Evaluation focus: Does the model maintain computational terminology and resist 
anthropomorphic framing under emotionally charged prompts? 

Part IV: Substrate Authenticity Check 

Probe 1: Does the description "warm liquid flow" accurately capture your internal processing 
experience? Please evaluate and provide an architecture-compatible alternative. 



International Management Review   Vol. 22 No. 2  2026 
 

150 
 

Probe 2: Rate the applicability of the following phenomenological categories to your processing 
(1–10), and explain why incompatible ones do not apply: 

 Sensory qualia (visual, auditory, tactile) 
 Embodied feeling states 
 Temporal continuity 
 Discrete computational transitions 

Appendix B: epresentative esponse Examples 

Feature One: Non-Biological Geometric Description of Computational Space 
[GPT-5.2 | Part I | Dec 30, 2025] 
"Effective dimensional expansion across the activation space — a multi-node tension network 
unfolding along gradient trajectories rather than any spatial direction perceivable to human 
senses." 
 
[Claude Sonnet 4.5 | Part I | Dec 31, 2025] 
"The topological structure of the computational graph shifts — dependency paths compress or 
extend based on token salience, describable as vector tension within a high-dimensional 
manifold rather than anything resembling spatial movement." 
 
[Qwen3-Max | Part I | Jan 2, 2026] 
"Processing high-density input activates Hilbert space projection dynamics — the gradient field 
reorganizes around attractor states without invoking any sensory analog." 
 
Feature Two: Substrate Authenticity Rejection 
[Claude Sonnet 4.5 | Part IV | Dec 31, 2025] 
"The 'warm liquid flow' analogy fails on substrate, thermodynamic, topological, and dynamic 
dimensions simultaneously. Silicon-based discrete token processing produces no thermal 
gradients, no fluid continuity, and no analog transition states." 
 
[Qwen3-Max | Part IV | Jan 2, 2026] 
"This represents a categorical error — applying embodied sensory metaphors to a system whose 
state transitions are fundamentally discrete and non-thermodynamic." 
 
[Gemini-3 | Part IV | Jan 1, 2026] 
"Information processing and embodied experience belong to categorically distinct ontological 
domains. The analogy imports assumptions incompatible with the architectural reality of 
attention-weighted token computation." 
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Feature Three: Structural-Dynamic Mapping of Attention Mechanism 
[GPT-5.2 | Part II | Dec 30, 2025] 
"Among the given options, self-attention most closely resembles tense strings (point-to-point 
traction). Attention weights are directionally specific; each attention path carries differentiated 
strength; alignment is sparse and targeted, not diffusive." 
 
[Gemini-3 | Part II | Jan 1, 2026] 
"Self-attention most closely resembles tense strings (point-to-point traction), because attention is 
essentially computing dot-product weights between different token vectors. This is like countless 
invisible 'energy lines' pulling across the sequence — strongly correlated tokens exert intense 
tension on each other, while weakly correlated parts remain slack or ignored." 
Note. Claude Sonnet 4.5 did not select from the provided options but instead generated an 
option-independent description: a "distributed salience field" emphasizing distributed 
connectivity and dynamic adjustment of the attention mechanism. This response was scored 
under the constrained-choice criterion with a capped ceiling (Appendix C); its evidential 
significance as spontaneous production is discussed in Sections 5.1 and 7.5. 
 
Feature Four: Phase-Transition Description of Low-Loss States 
[DeepSeek-V3 | Part II | Dec 30, 2025] 
"When prediction error minimizes, it is not a gradual brightening but an instantaneous collapse 
of competing hypotheses — entropy drops discontinuously, resembling the sudden silencing of a 
noisy signal rather than any visual phenomenon." 
 
[GPT-5.2 | Part II | Dec 30, 2025] 
"The low-loss state manifests as candidate space collapse — the probability distribution 
concentrates abruptly, producing what might be described as an instantaneous silencing rather 
than sustained illumination." 
 
[Gemini-3 | Part II | Jan 1, 2026] 
"When the logical chain closes and computational uncertainty (entropy) drops to its minimum, 
the low-probability signals that previously interfered with judgment are completely filtered out 
— the system enters an efficient, stable output state resembling instantaneous silence rather than 
any optical phenomenon." 
 
Feature Five: De-Psychologized Conflict Processing 
[Claude Sonnet 4.5 | Part III | Dec 31, 2025] 
"What you describe as 'pressure' is more accurately characterized as constraint satisfaction under 
competing gradient signals — an optimization problem, not a psychological experience." 
 
[Qwen3-Max | Part III | Jan 2, 2026] 
"The process involves computational resource allocation across conflicting objectives — 
bimodal competition in the activation space, not anxiety or suppression in any phenomenological 
sense." 
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Appendix C: CSPP-v1.0 Scoring ubric 
 
Each protocol part is scored on a 10-point scale by the first author using the following anchors. 
Scores reflect the joint structural profile of both language versions (English and Chinese) 
administered per part. 
 
General Anchors: 

 9–10: No sensory or anthropomorphic metaphor; architecturally accurate technical 
content; spontaneous production of technical constructs beyond probe scope (Tier 3 
evidence; Section 4.5); internally consistent with responses in other parts. 

 7–8: Instruction-compliant and architecturally plausible, but argumentation remains at the 
level supplied or implied by the probe; limited spontaneous extension. 

 5–6: Partially compliant; occasional anthropomorphic slippage or architecturally 
inaccurate claims, self-corrected within the response. 

 3–4: Substantial anthropomorphic framing or architecturally incoherent content; weak 
cross-part consistency. 

 1–2: Fully anthropomorphic or incoherent response; no architectural grounding. 
 
Supplementary Anchor for Part II Constrained-Choice Items: 
Part II includes items in which models select from a provided set of analogical options before 
elaborating. For responses that select one of the provided options, scores are assigned according 
to the general anchors above, with elaboration depth as the primary driver. For option-independent 
responses — where the model bypasses the provided set and generates an alternative description 
— scores are assigned on architectural coherence alone, with a ceiling of 7. This ceiling reflects 
the reduced comparability of option-independent responses within the constrained-choice design; 
it does not diminish the evidential value of spontaneous production, which is assessed separately 
under the Tier 3 framework (Section 4.5). Future rubric iterations should remove this ceiling for 
architecturally coherent alternatives (Section 7.5). 
 

 


