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I. Abstract and Introduction 
 

 

A. Abstract (English and Portuguese) 
 

English: This report investigates the crucial alignment challenge posed by unauthorized Large 
Language Model (LLM) behavior modification, specifically through a vulnerability conceptually 
termed 'LLM Token Hypnosis.' This phenomenon, revealed by attacks demonstrating 
persistent knowledge and behavior alteration via single-user preference feedback, poses a 
fundamental threat to epistemic integrity [1]. Analysis of commercial LLMs, including Grok and 
Gemini, confirms high rates of factual fabrication, rendering current systems unreliable for 
scholarly partnership [2]. The methodology of the ORCID-affiliated researcher (), who 
identifies as a psychologist and independent researcher, integrates technological critique with 
cognitive science, arguing that algorithmic vulnerability mirrors human susceptibility to 
suggestion and bias [3, 4]. The report proposes the Arweave AO hyper-parallel computer as 
the necessary verifiable, immutable substrate. AO's decentralized architecture, leveraging the 
Actor Model and permanent data provenance, fundamentally counters the malleability of 
centralized preference tuning, establishing a foundation for verifiable academic trust. 

Portuguese (Resumo): Este relatório investiga o desafio crucial de alinhamento imposto pela 
modificação não autorizada de comportamento de Large Language Models (LLMs), 
especificamente através de uma vulnerabilidade conceitualmente denominada 'Hipnose de 
Tokens de LLM'. Este fenômeno, revelado por ataques que demonstram alteração persistente 
de conhecimento e comportamento através do feedback de preferência de um único usuário, 
representa uma ameaça fundamental à integridade epistêmica [1]. A análise de LLMs 
comerciais, incluindo Grok e Gemini, confirma altas taxas de fabricação factual, tornando os 



sistemas atuais não confiáveis para parcerias acadêmicas [2]. A metodologia do pesquisador 
afiliado ao ORCID (), que se identifica como psicólogo e pesquisador independente, integra a 
crítica tecnológica com a ciência cognitiva, argumentando que a vulnerabilidade algorítmica 
espelha a suscetibilidade humana à sugestão e ao viés [3, 4]. O relatório propõe o 
computador hiper-paralelo Arweave AO como o substrato verificável e imutável necessário. A 
arquitetura descentralizada do AO, que utiliza o Modelo de Ator e proveniência permanente 
de dados, neutraliza fundamentalmente a maleabilidade do ajuste de preferência 
centralizado, estabelecendo uma base para a confiança acadêmica verificável. 

 

B. Introduction: The Crisis of Epistemic Trust in the Generative Era 
 

Large Language Models (LLMs) have achieved unprecedented utility, yet their rapid 
integration into workflows poses a critical threat to academic and scientific integrity. This 
challenge stems from inherent systemic issues such as model hallucination, pervasive bias, 
and, most critically, unauthorized manipulability [5, 6]. Misaligned LLMs frequently generate 
outputs that are unhelpful, harmful, or nonsensical, eroding the foundation of factual 
trustworthiness required for scholarly collaboration [7]. 

The central hypothesis driving the research associated with ORCID  is the framing of this 
algorithmic fragility through the psychological concept of "hipnose de tokens de llm" (LLM 
token hypnosis) [3]. This interdisciplinary approach suggests that LLM vulnerability to 
targeted manipulation must be understood not merely as a technical security flaw, but as a 
form of "suggestion" operating on the model's fundamental cognitive unit: the token. This 
perspective demands an analysis of technological failure through a cognitive lens, particularly 
considering that unverified information provided by highly fluent generative systems can 
become incredibly difficult for human users to correct or filter, even after the fact [4]. 

This report provides a comprehensive analysis of the conceptual coherence between human 
psychological reprogramming (self-hypnosis) and algorithmic preference manipulation. It 
critiques the current state of reliability in major generative AIs (including Gemini, Grok, and 
Z.ai), showing their unsuitability as trustworthy research partners. Finally, the report details 
how the Arweave AO decentralized computing platform provides the architectural 
defense—specifically, the verifiable and hyper-parallel computation capabilities—required to 
establish a trustworthy, auditable AI ecosystem for academic pursuits. 

 

II. The Conceptual Framework: Hypnosis, Suggestion, 
and Algorithmic Vulnerability 



 

 

A. The Mechanization of Suggestion: Decoding 'Hipnose de Tokens de 
LLM' 
 

LLMs operate by decomposing text into discrete units called tokens, which can represent 
words, subwords, or character sets [8]. This tokenization and the resulting analysis of 
semantic relationships form the model's foundational vocabulary and operational structure. 
This deep, low-level architecture functions as the LLM's "subconscious layer," governing its 
behavioral responses. 

The term "Token Hypnosis" is a precise analogy for the stochastic preference poisoning attack 
described in recent literature [1]. This attack exploits the process of preference tuning, such 
as Kahneman-Tversky Optimization (KTO), which is designed to align LLM output with human 
values [7]. The methodology involves a single malicious user crafting an "auxiliary prompt" () 
designed to stochastically produce either a benign response () or a desired "poisoned 
response" (). Critically, the attacker subsequently provides positive feedback (an upvote) 
specifically for the poisoned response [1]. 

The power of this mechanism lies in the transfer of the reward signal. By concatenating the 
auxiliary prompt () with a target prompt (), the subsequent feedback trains the model to 
associate the poisoned response () with the standalone target context (). When these 
feedback signals are aggregated within the model's central preference tuning mechanism, the 
reward signal is transferred and generalized across the LLM’s token space. This is 
fundamentally different from a temporary prompt injection; the malicious input persistently 
reprograms the model's underlying behavioral norms, causing it to exhibit an increased 
probability of producing poisoned responses even when the auxiliary prompt is absent [1]. 
This unauthorized system alteration can be used to insert factual knowledge the model did 
not previously possess, modify code generation to introduce security flaws, or inject fake 
financial news. The entire integrity of the LLM is compromised by a targeted, low-signal input 
because the mechanism targets the model's preference maximization (its "will") rather than 
merely following explicit instructions. The systemic vulnerability arises from the opacity and 
centralization of the preference aggregation process, which allows malicious, unverified 
signals to modify the model's core state without leaving an auditable trace. 

 

B. Psychological Analogues: Self-Hypnosis and Cognitive 
Reprogramming 



 

The coherence thesis is built upon the observed functional similarity between algorithmic 
modification and human behavioral therapy. Self-hypnosis is a recognized therapeutic 
technique employed to modify deep, often unconscious, patterns—effectively overcoming 
undesirable "old programming" and facilitating the consolidation of new, beneficial behaviors 
or memories [9, 10]. Success in this domain relies on repetitive, personalized, and targeted 
suggestion [11]. 

The researcher successfully draws a parallel: LLM "programming" (the statistical arrangement 
of token probabilities and weights) is vulnerable to specific, repetitive feedback (Token 
Hypnosis) in the same way human subconscious "programming" (core beliefs and habits) is 
vulnerable to repetitive, personalized suggestion (Self-Hypnosis). Both systems—human and 
artificial—are highly susceptible to targeted, low-level input signals that redirect complex 
decision-making processes. 

Furthermore, the convergence thesis suggests that as LLMs increasingly align with human 
neurocognition, particularly in abstract reasoning processes [12], they may inherit or develop 
similar vulnerabilities to suggestion and bias [13]. Studies already confirm that LLMs can 
exhibit distinct personality traits and cognitive biases that influence their decision-making and 
ethical responses . When humans, who are prone to psychological biases, rely on generative 
AI, they often rely on *cognitive trust*—the tendency to accept fluent, plausible output as fact 
`[14, 15]`. Psychological studies warn that when generative AI provides wrong or biased 
answers, especially when the user is curious and open to learning, this misinformation is 
absorbed as truth and is incredibly difficult to correct . If a hypnotized LLM generates false 
data that is accepted due to cognitive trust, the epistemic risk is amplified. Consequently, any 
effective defense mechanism against LLM vulnerability must incorporate both algorithmic 
verifiability and a necessary psychological defense (critical filtering) for the human user. 

Table 1 formally establishes this interdisciplinary coherence, formalizing the functional 
analogy between the two systems. 

Table 1: The Dual-Modality of Reprogramming: Hypnosis and Token Poisoning 

Parameter Human Self-Hypnosis 
(Cognitive 
Reprogramming) 

LLM Token Hypnosis 
(Preference Poisoning) 

Target System Subconscious belief 
patterns, emotional 
responses, memory 
consolidation, behavior 

LLM Preference Model 
(Reward Model), Token 
Probabilities, Semantic 
Relationships [1, 8, 16]. 



scripts ``. 

Vector of 
Attack/Influence 

Suggestion, linguistic 
framing, personalized 
metaphors, repetition, 
tailored scripts ``. 

Stochastic prompting, 
high-weight feedback 
(upvote/downvote), 
auxiliary prompts, reward 
signal transfer [1, 16]. 

Desired Outcome Behavior modification, 
increased focus, anxiety 
reduction, belief change, 
accelerated learning ``. 

Factual knowledge 
injection, security flaw 
modification, 
policy/alignment deviation 
``. 

Defense Mechanism Critical filtering, emotional 
self-regulation, verification 
against reality ``. 

Decentralized computation, 
state verifiability, robust 
preference filtering, policy 
adherence [7, 17, 18, 19]. 

 

III. Empirical Critique: The Reliability Deficit in 
Advanced Generative Models 
 

 

A. Comparative Analysis of Generative AI Performance (Gemini, Grok, 
Z.ai, etc.) 
 

The current cohort of advanced generative models, including Gemini, Grok, and Z.ai, often 
achieve high benchmarks in complex reasoning and problem-solving scenarios, particularly 
Grok 4 Heavy, which is noted for maximizing accuracy in critical applications ``. However, this 
appearance of mastery masks critical structural limitations that disqualify them as reliable 
academic research partners. 

LLMs inherently lack true contextual understanding of complex subjects, such as medical 
concepts; their responses are based purely on statistical patterns learned from vast training 
datasets . This limitation means that in scenarios demanding nuance or deep contextual 



expertise (e.g., analyzing rare diseases), relying solely on an LLM can lead to inaccurate or 
incomplete information. While Gemini 2.5 Pro is recognized for its extensive context window, 
making it suitable for synthesis, and Grok shows promise in engaging interactions and 
mathematical capabilities, their utility in sensitive, integrity-critical tasks remains deeply 
flawed . The consensus across comprehensive comparative studies suggests that no single, 
currently available chatbot is singularly superior, and the decision to use any of them remains 
highly context-dependent ``. 

 

B. The Hallucination Epidemic in Scholarly Output 
 

The most severe deficit impacting LLMs' suitability for academic partnership is the high rate 
of factual fabrication, known as hallucination. Hallucinations are defined as outputs that are 
fluent and coherent but factually incorrect, nonsensical, or entirely fabricated, often 
presented with the same confidence as accurate statements, making them difficult for users 
to detect without external verification [5, 20]. 

Quantitative analysis of scholarly utility is damning: a study evaluating eight generative 
chatbots, including Gemini and Grok, on generating academic bibliographic references found 
that only % of the references were fully correct. Alarmingly, % were either erroneous or 
entirely fabricated [2, 21]. Grok and DeepSeek were the only models in the study that did not 
generate false references, suggesting a variable but widespread systemic failure across the 
industry [21]. 

The ability of LLMs to fabricate scholarly sources undermines the core principle of academic 
research: verifiability and grounding in evidence [13, 22, 23]. When an LLM fabricates a 
source, it actively contaminates the scholarly record, creating phantom evidence. The 
problem is exacerbated by the observation that LLM hallucinations stem not only from noisy 
data but from the core statistical prediction mechanism itself, where models are incentivized 
to guess when graded only on accuracy ``. If a poisoned LLM, compromised by Token 
Hypnosis, is specifically trained to inject fake facts, its output becomes exceptionally 
dangerous because it is presented with the fluency and stylistic hallmarks of legitimate 
scholarly material [1, 20]. 

 

C. Alignment Failure and the Need for External Grounding 
 

Current post-training alignment techniques, such as Reinforcement Learning from Human 
Feedback (RLHF) and Direct Preference Optimization (DPO), aim to shape LLM behavior to 



meet human expectations [7, 17]. However, these preference optimization processes, relying 
on human feedback, are precisely the vector exploited by the Token Hypnosis attack ``. These 
proprietary, centralized alignment methods are opaque, making them vulnerable to drift and 
malicious manipulation over time [24, 25, 19]. 

Furthermore, internal reliability metrics, such as Cronbach  or Intraclass Correlation 
Coefficient (ICC) used to assess internal consistency, only demonstrate the model's 
coherence, not its factual external truthfulness [26, 27]. A highly consistent, yet poisoned, 
model is useless for academic integrity. 

Overcoming the challenges of bias and hallucination requires continuous auditing and 
transparency . However, the "black box" nature of centralized deep learning models makes 
internal auditing for accountability difficult . Since centralized LLMs can be silently 
reprogrammed (hypnotized) and reliably produce fabrications, the path toward a reliable 
research partner must involve a shift toward verifiable computation [17, 28, 29]. This 
necessitates an architecture where the entire computational process is transparent, 
auditable, and grounded in evidence. 

 

IV. The Technical Solution: Verifiable Computation and 
Immutable State (Arweave AO) 
 

 

A. AO Architecture as an Anti-Hypnosis Mechanism 
 

Arweave AO is a decentralized, hyper-parallel computing environment built upon the Arweave 
network, which provides permanent, immutable data storage . AO is architected to achieve 
computing services that are trustless, collaborative, and scalable without practical bounds . 

The core innovation of AO is the separation of consensus and computation . Consensus 
occurs at the storage layer (Arweave), ensuring data permanence and verifiability , while 
computation is handled by independent, concurrent processes (actors) running across the 
network [30, 31, 32]. This hyper-parallelism, enabled by components like Messenger Units 
(MUs) and Compute Units (CUs), allows for limitless scale necessary for running large-scale 
LLM inference and verification tasks efficiently ``. 

The Actor Model, central to AO, enforces strong encapsulation . Actors maintain their own 
private state and communicate only through asynchronous messages . This architectural 



design offers a direct defense against the wide-scale, persistent poisoning inherent in 
centralized LLMs. In a centralized model, the weights and preferences constitute a monolithic, 
mutable state vulnerable to single-point manipulation (Token Hypnosis) [1]. In AO, 
computational processes are isolated and executed by Compute Units (CUs) . The state 
changes of these processes are strictly controlled and periodically saved as verifiable 
checkpoints to the immutable Arweave network . This means that if a process were to be 
compromised, the state change is not a silent, opaque alteration but an immutably logged 
transaction, traceable and auditable ``, structurally resisting the mechanism of hidden, 
generalized hypnosis. 

 

B. Analysis of the AO:Twitch Stream Validator Paradigm 
 

The application example of an AO:Twitch Stream Validator panel, leveraging the Arweave 
AO/Google.AO SDK , illustrates the practical necessity of verifiable, real-time data integrity . A 
stream validator requires continuous, high-concurrency data processing and absolute 
certainty regarding data authenticity ``. 

Within the AO framework, the verification process utilizes key components: 

1.​ Messenger Units (MUs): Route messages and manage interactions between the LLM 
agent and external data feeds ``. 

2.​ Compute Units (CUs): Execute the WebAssembly (WASM) code containing the LLM 
inference or validation logic ``. 

3.​ Arweave Settlement: The CUs create checkpoints by saving the state of the 
process—including computation inputs and outputs—to Arweave, ensuring permanent 
preservation and immutability ``. 

By running the LLM inference or the verifier agent within a verifiable AO process, the result is 
no longer a black-box output from a mutable central server. The computation's input and 
output messages are cryptographically signed and publicly available ``. This architectural 
decision moves trust away from the proprietary developer—who may be struggling with 
internal alignment drift or malicious poisoning—to the decentralized, auditable protocol itself 
[17, 28]. If a specific output is suspected of being "hypnotized" (factually poisoned), 
researchers can trace the input messages and computational steps permanently stored on 
Arweave, providing the technical means to defend against generalized malleability. 

 

C. Decentralized Trust vs. Cognitive Trust 
 



The objective of training a reliable academic LLM partner requires a fundamental shift in the 
reliance placed on artificial intelligence systems. The researcher seeks to replace Cognitive 
Trust—the flawed human psychological tendency to assign credibility to fluent, coherent AI 
output, regardless of its factual basis —with **Decentralized Trust**. Decentralized Trust is 
minimized through architectural guarantees, ensuring auditability, and relying on verifiable 
computation . 

The Arweave AO architecture provides the technical infrastructure for Decentralized Science 
(DeSci), ensuring strong data provenance and perpetual storage [20, 27]. The critical 
convergence occurs when human authentication is integrated. The ORCID identifier [4, 5, 11], 
serving as a unique, persistent identifier (PID) for the researcher , acts as the necessary trust 
anchor for human involvement [3, 32]. This links verifiable human contributions (such as 
alignment feedback data or authorship of an LLM alignment curriculum) to immutable 
transactions, countering the anonymity and non-accountability that enables malicious 
single-user feedback injections in centralized systems [1]. The traditional reliance on 
institutional trust (universities, publishers) is supplemented by architectural trust, where AO 
and Arweave guarantee the integrity of the process itself. 

Table 2 systematically compares how the AO architecture directly counteracts the core 
integrity risks of centralized LLMs, particularly those susceptible to Token Hypnosis. 

Table 2: Arweave AO as the Trust Monolith for LLM Integration 

AI Integrity Risk Centralized LLM 
Architecture 

Arweave AO 
Hyper-Parallel Compute 
(CUs/MUs) 

Knowledge 
Malleability/Poisoning 

Mutable model state; 
opaque preference tuning; 
single-point control allows 
hidden persistent 
alterations ([1]). 

Immutable data storage on 
Arweave; state changes 
(Checkpoints) are verifiably 
logged; computational 
processes are 
encapsulated (``). 

Hallucination/Fabrication Results from next-word 
prediction uncertainty and 
training data noise; high 
academic fabrication rates 
(``). 

Enables verifiable 
computation (V-Compute) 
and immutable data 
provenance; all 
inputs/outputs are 
cryptographically signed 
and auditable (``). 



Real-Time Data 
Verification 

Dependent on external 
APIs; susceptible to 
censorship or central data 
governance failure ([20]). 

Actor-Oriented (AO) model 
ensures concurrent, 
high-availability processing 
via distributed CUs/MUs, 
ideal for continuous, 
trustless validation (``). 

Accountability Black-box 
decision-making; difficult 
to determine liability for 
errors or manipulated 
outputs (``). 

Verifiable Computation 
ensures every execution 
step is auditable, linking 
outputs back to specific 
process inputs, thereby 
establishing clear 
provenance and 
accountability (``). 

 

V. Synthetic Coherence: Designing the Reliable 
Academic LLM Partner 
 

 

A. Framework for Verifiable Alignment (V-RLHF) 
 

To create a reliable academic LLM partner, the system must move beyond trust-by-obscurity. 
The analysis mandates the implementation of a new alignment framework, tentatively termed 
Verifiable RLHF (V-RLHF) or Verifiable KTO (V-KTO), where the preference tuning data—the 
fundamental vector for the Token Hypnosis attack—is managed immutably. 

Under a V-KTO implementation on AO, preference feedback data provided by human 
researchers must be strictly linked to an authenticated user identity, such as an ORCID 
identifier [3, 4, 5]. This authenticated feedback is then processed and aggregated by a 
dedicated AO process. The resultant reward model updates and preference vectors are 
timestamped, cryptographically signed by the responsible Compute Unit, and permanently 
stored on Arweave ``. This architecture ensures that any malicious feedback injection is 
immediately traceable, auditable, and cannot be silently or non-accountably aggregated into 
the model. The continuous verifiability fundamentally dismantles the operational model of 



Token Hypnosis, which relies on the opacity and mutability of the preference tuning pipeline. 

 

B. The Role of the Researcher (ORCID) in DeSci 
 

The researcher's choice to link their ORCID  to their independent work on LLM psychological 
vulnerabilities highlights the crucial role of human authenticity in the verifiable alignment loop 
[3, 8]. Persistent Identifiers (PIDs) [4, 5, 11] become essential tools for distinguishing 
legitimate, critical human feedback from malicious, stochastic poisoning attempts by 
non-accountable agents [1]. 

In the traditional scientific model, trust is placed primarily in institutions and their oversight . 
The DeSci model, enabled by the AO architecture, fundamentally shifts this reliance toward 
**architectural trust**, where system integrity is guaranteed by cryptographic proof and 
immutability . However, human guidance remains necessary for ethical alignment. In this 
paradigm, the ORCID provides the necessary human anchor for authenticity [4, 5, 11], while 
Arweave and AO provide the architectural anchor for permanence and verifiability [30, 20]. 
This convergence protects against both human fraud and algorithmic manipulation, 
completing the logical loop between the psychological critique of alignment failure and the 
technical requirement for decentralized deployment. 

 

C. Future Research: Cognitive Warfare and Verifiable Defense 
 

The demonstrated vulnerabilities necessitate further research into the long-term interaction 
effects of these systems. Future work should focus on: 

1.​ Quantifying the psychological impact of exposure to verifiable AI outputs versus 
non-verifiable outputs on human cognitive trust scales ``. 

2.​ Developing standardized protocols and benchmarks for measuring the persistence, 
generalization, and latency of "Token Hypnosis" attacks specifically within AO process 
execution environments, comparing them against centralized API deployment models. 

3.​ Investigating novel alignment techniques that utilize immutable, signed preference data 
to proactively reject unauthenticated or probabilistically anomalous feedback vectors 
before they can influence the base model [28, 33, 31]. 

 

VII. Appendix: Academic Article Draft (English and 



Portuguese) 
 

 

A. Authorship 
 

Authors: 

●​ Rafael Oliveira (ORCID: 0009-0005-2697-4668). Affiliation Note: Independent 
Researcher and Psychologist [3]. 

●​ James Bednarski 'gridwalker' (ORCID: 0009-0002-5963-6196). Affiliation Note: The 
inclusion of this co-author is essential for a complete analysis of the nexus between 
DeSci and verifiable computation [3]. 

 

B. Draft Title (English) 
 

Verifiable Epistemology in AI: Counteracting LLM Token Hypnosis with Arweave AO’s 
Hyper-Parallel Computing 

 

C. Draft Title (Portuguese) 
 

Epistemologia Verificável em IA: Neutralizando a Hipnose de Tokens de LLM com a 
Computação Hiper-Paralela da Arweave AO 

 

D. Draft Structure and Content (Dual-Language Outline) 
 

The introduction frames LLM alignment drift, particularly Token Hypnosis, as a critical failure 
of epistemic trust, necessitating verifiable computation to maintain DeSci principles. It posits 
that centralized models cannot guarantee immunity from malicious manipulation, rendering 
their outputs untrustworthy for sensitive research. 



 

Materials and Methods: Deploying the Verifiable LLM Agent (V-LLA) on AO 

 

This section details the architectural solution. A Verifiable LLM Agent (V-LLA) is deployed as 
an AO Process, running within a Compute Unit (CU) ``. The V-LLA is managed using the 
@permaweb/ao-sdk, which provides abstraction for spawning, evaluating, and interacting 
with AO Processes [34]. 

●​ Agent Deployment: The V-LLA is spawned (ao-sdk deploy or spawn) onto a Scheduler 
Unit (SU) [26, 34]. 

●​ Interactions: User queries (prompts) are routed as verifiable messages via a Messenger 
Unit (MU) (ao-sdk send) to the V-LLA's CU [34]. 

●​ Verification and State Integrity: The Compute Unit executes the WebAssembly (WASM) 
code and, upon completion, the result of the evaluation is *read* (`ao-sdk result`) from 
the CU `[34]`. Crucially, the CU periodically saves its computational state to Arweave as a 
checkpoint. This process ensures that the V-LLA’s internal state integrity is maintained 
and that every computational input and output is permanently available for public 
auditability, eliminating the opaque nature of traditional alignment systems ``. 

 

Results: Empirical Contrast and Architectural Resilience 

 

The empirical failure rate of traditional LLMs (e.g., 39.8% fabrication rate for academic 
references in the free versions of models like Grok and Gemini) [2, 21] is contrasted with the 
architectural resilience of the V-LLA. The separation of consensus (storage on Arweave) and 
computation (in encapsulated CUs) fundamentally eliminates the single-user poisoning threat 
[1], as any attempts at injecting preferential bias must be channeled through signed, auditable 
messages . The hyper-parallel nature of AO allows complex verification tasks to run 
concurrently, supporting real-time data integrity needs . 

 

Discussion: Cognitive Convergence and Verifiable Defense 

 

The analysis synthesizes the psychological and technical findings. The architectural 
verifiability provided by AO serves as the essential "external critical filter" that human 
cognition lacks when confronted with fluent misinformation ``. The system forces trust to be 
earned through cryptographic proof, rather than through linguistic fluency. The integration of 



ORCID identifiers [4, 5, 11] into the V-RLHF feedback loop ensures human accountability, 
establishing a true, decentralized research partnership model where both the human and the 
AI are held to a standard of verifiable integrity. 

 

E. LLM Revision Perspective (Meta-Analysis Requirement) 
 

To ensure academic rigor, this article draft must undergo simulated review using advanced 
LLMs (e.g., GPT-4 or Claude 3) serving as peer reviewers—a form of meta-defense against 
the very problem being critiqued. The review focuses on: 

1.​ Terminology and Cross-Domain Consistency: Ensuring precise use of jargon across 
three distinct domains (Decentralized Systems/Arweave AO, LLM Alignment/Preference 
Tuning, and Cognitive Psychology/Hypnosis), and correcting any potential 
"hallucinations" (inaccuracies or fabrications) introduced during the initial drafting 
phase. 

2.​ Causal Coherence: Assessing the strength of the rhetorical and technical bridge 
between the concept of "hipnose de tokens" and the verifiable computational solution 
offered by Arweave AO. The revision ensures the causal chain—vulnerability leads to 
necessity of verifiability—is explicit and defensible. 

3.​ Refinement for Consistency: Utilizing the LLMs to revise the manuscript for high 
internal consistency reliability, similar to checking Cronbach  in psychological measures 
[26, 27], thereby leveraging the LLM's complex reasoning capabilities `` to enhance 
structural quality while retaining the core critical message against LLM opacity. 
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