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Abstract: 

The proliferation of large language models (LLMs) across high-stakes domains necessitates a 

paradigm shift in how their truthfulness and reliability are assessed. This paper surveys the core 

challenges of LLM untruthfulness, specifically addressing the phenomena of hallucinations, 

pervasive bias, and the fundamental epistemological problem of a lack of a single ground truth. It 

proposes that Socratic metacognition—an integrated approach combining the introspective self-

regulation of metacognition with the critical, question-based inquiry of the Socratic method—offers 

a robust solution. The report delineates the theoretical foundations of both human and 

computational metacognition, operationalizes the Socratic method for artificial intelligence (AI), 

and synthesizes existing architectural and conceptual frameworks. By examining models such as 

the Metacognitive Integrated Dual-Cycle Architecture (MIDCA) and the SocraticAI multi-agent 

system, a unified conceptual framework is proposed. This framework envisions a self-regulating 

system that uses a structured, question-based dialogue to identify and rectify its own logical 

inconsistencies and factual inaccuracies. The paper's contribution is a synthesis of disparate 

research fields, demonstrating a path toward building more reliable, transparent, and trustworthy 

LLMs that can navigate complex, ambiguous information spaces with a greater degree of 

verifiability. 
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I. INTRODUCTION 

A. The Rise of Large Language Models and the Challenge of Trust 

The rapid advancement and widespread adoption of Large Language Models (LLMs) mark a 

transformative era for artificial intelligence. Systems like ChatGPT have moved from being mere 

curiosities to powerful tools integrated into critical applications across healthcare, finance, legal services, 

and education. This proliferation brings with it an unprecedented demand for reliability and 

trustworthiness. While LLMs excel at generating human-like text, their utility in high-stakes environments 

is fundamentally limited by a core problem: the outputs they produce are not consistently truthful, 

unbiased, or verifiable. As these systems become more deeply embedded in societal infrastructure, the 

imperative for their outputs to be consistently accurate and grounded in reality grows exponentially. 

 

B. Hallucinations and Bias: A Twofold Problem 

The lack of reliability in LLMs manifests in two primary forms: hallucinations and bias. Hallucinations 

are instances where a model confidently generates plausible but entirely false statements. This is not 

merely a random glitch but a systemic issue rooted in standard training and evaluation procedures that 

inadvertently reward guessing over a truthful acknowledgment of uncertainty. When faced with a 

knowledge gap, a model that is incentivized for high accuracy is prone to fabricate an answer rather than 

abstain, as leaving a question blank guarantees a zero score on many benchmarks. 
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Pervasive bias represents an equally formidable challenge. This issue is multifaceted, encompassing both 

explicit and implicit forms. Explicit biases are overt, blatant forms of prejudice that are relatively easy to 

detect and can be suppressed through value alignment fine-tuning. However, a more insidious problem 

lies in implicit bias, which, much like in humans, can persist even in models that appear unbiased on 

standard tests. For example, studies have found that while a model like GPT-4 may refuse to agree with 

stereotypical statements, it can still display implicit biases by recommending candidates with non-

Caucasian names for clerical work and Caucasian names for supervisor positions. These subtle 

discriminatory behaviors are difficult to detect with traditional, explicit measures. 

 

C. The Epistemological Challenge of Ground Truth 

Beyond the technical problems of hallucinations and bias lies a more profound epistemological challenge: 

the absence of a single, verifiable ground truth for many real-world queries. For simple questions with a 

single, factual answer (e.g., "What is the capital of France?"), traditional accuracy-based evaluations may 

suffice. However, for complex, subjective, or evolving questions (e.g., "What is the best legal strategy for 

a business merger?"), no single "truth" exists. A model cannot simply retrieve an answer that is universally 

correct when the very nature of the question is nuanced and context-dependent. Research suggests that 

hallucinations are an "innate limitation" and an inevitable consequence of using LLMs as general problem 

solvers for a range of computable functions [2].This reframes the issue from a simple bug to be fixed into 

a fundamental limitation that must be managed through a more sophisticated process. 

 

D. A Conceptual Solution: The Socratic-Metacognitive Approach 

This paper posits that a conceptual solution to these multifaceted problems lies in an integrated Socratic-

metacognitive approach. This framework moves beyond passive truth generation to an active, self-

regulated truth verification process. By equipping LLMs with the ability to "think about their own 

thinking" (metacognition) through a structured, question-based critical inquiry (the Socratic method), it is 

possible to create systems that are more introspective, transparent, and capable of identifying and 

correcting their own errors and biases. This approach transforms the LLM from a simple "truth-teller" to 

a "truth-seeker" that can navigate uncertainty, evaluate conflicting information, and provide a more 

verifiable and nuanced response. 

 

E. Paper Structure and Scope of Survey 

This survey is structured to provide a comprehensive overview of the field and to propose a unified 

conceptual framework. Section II delves into the root causes and manifestations of LLM untruthfulness. 

Section III establishes the theoretical foundations of both human and computational metacognition, and 

introduces the Socratic method as a formal procedure for critical inquiry. Section IV synthesizes existing 

architectural and conceptual models and presents a novel, unified framework. Finally, Section V offers a 

summary of the findings, discusses the limitations of the proposed approach, and outlines key areas for 

future research. 

 

II. THE PROBLEM OF LLM UNTRUTHFULNESS 

A. Hallucinations: Origins and Limitations 

The persistent issue of LLM hallucinations is not a mysterious defect but rather a predictable outcome of 

a flawed incentive structure. The vast majority of evaluations for LLMs reward models based on accuracy, 

which is the percentage of questions they answer correctly. This system encourages models to guess when 

they are uncertain, as leaving a question unanswered guarantees a zero score. Consequently, models learn 

that it is statistically more advantageous to provide a confident but incorrect answer than to acknowledge 

a lack of knowledge. The result is a system that confidently generates plausible but factually incorrect 

statements, such as providing three different, all-wrong birthdays for a well-known academic. 
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Figure 1: What ChatGPT thinks of its own Hallucination 

 

A deeper analysis reveals that LLM hallucinations are not random errors but rather symptoms of a 

fundamental miscalibration in the model's internal incentives. The causal relationship is clear: by 

prioritizing accuracy over a form of computational humility, standard evaluation methods directly lead to 

the generation of confident, yet false, outputs. This suggests that solving the problem of hallucinations 

requires not just building larger, more accurate models, but fundamentally changing the evaluation criteria 

to reward models for expressing uncertainty and abstaining when appropriate. This reorientation would 

move the field toward developing systems that possess a greater degree of epistemic humility, which is a 

necessary prerequisite for verifiability and trust. 

 

B. Explicit and Implicit Bias in Language Models 

Bias in LLMs is a nuanced challenge that reflects societal biases present in their training data. Explicit 

bias, characterized by overt, stereotypical statements, is a form of prejudice that has received significant 

attention. Consequently, most modern LLMs undergo a fine-tuning process called value alignment, which 

suppresses these blatant expressions of racism or sexism. This process is analogous to how societies teach 

individuals to suppress overt bigotry, but it often only addresses the superficial problem. 

The more significant and enduring challenge is implicit bias. Like implicit bias in humans who hold 

egalitarian beliefs but still exhibit subtle prejudices, LLMs can appear unbiased on standard evaluations 

while retaining a propensity for discriminatory behavior. This is particularly concerning because these 

subtle biases can have significant real-world consequences. A study found that a value-aligned model like 

GPT-4, which had passed standard bias tests, still recommended candidates with African, Asian, Hispanic, 

and Arabic names for clerical positions, while favoring Caucasian names for supervisory roles. The 

persistence of these biases indicates that they are not merely a surface-level reflection of training data but 

are deeply embedded structural issues that necessitate a more sophisticated, introspective solution. 

Auditing LLMs must therefore move beyond simple input-output checks and incorporate more nuanced, 

psychology-inspired measures that can reveal these hidden predispositions. 
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C. The Absence of a Single Ground Truth 

The final, and perhaps most fundamental, challenge to LLM truth verification is the epistemological 

problem of a lack of a single ground truth. Many real-world domains, from legal reasoning to medical 

diagnosis and strategic planning, do not possess a single, universally accepted answer. The "truth" in these 

contexts is often subjective, contextual, or a matter of ongoing debate [1]. A traditional system designed 

for simple fact retrieval is ill-equipped to handle such complexity. The philosophical and technical 

implications of this problem are profound: a system cannot be a simple "truth-teller" if no single truth 

exists to be told. 

This challenge is a direct justification for a metacognitive approach. Instead of merely retrieving and 

generating information, a model must be capable of reasoning about its own uncertainty, navigating 

conflicting data, and presenting a nuanced, context-aware response that acknowledges the lack of a 

definitive answer. This transformation moves the LLM from a retrieval-based system to a critical thinker 

that can engage in a process of inquiry and deliberation. The objective is not to produce "the answer," but 

to explore the problem space and present a verifiable and transparent chain of reasoning, a process that is 

fundamentally Socratic. 

 

III. THEORETICAL FOUNDATIONS: TOWARDS A META-COGNITIVE AI 

A. Human Metacognition: Definitions and Components 

Metacognition, often defined as "thinking about thinking," refers to the human ability to monitor, manage, 

and regulate one's own cognitive processes [3].This includes the capacity to plan behavior during learning, 

assess the efficacy of existing methods, and evaluate one's own comprehension as a task proceeds [3]. 

John Flavell's seminal 1979 work on the subject categorized metacognition into three components: 

1. Metacognitive Knowledge: An individual's understanding of their own cognitive strengths and 

limitations (self-knowledge), their knowledge of cognitive tasks, and their strategic knowledge about 

different approaches to problem-solving [3]. 

2. Metacognitive Abilities: The skills and procedures required to monitor, manage, and govern 

intelligence, such as organizing, planning, and evaluating. 

3. Metacognitive Experiences: The subjective, conscious, or unconscious feelings that emerge 

during a cognitive task, such as a feeling of certainty about a test answer, which are crucial for the 

development and use of metacognitive abilities. 

Computational metacognition mirrors this human process. Instead of perceiving the external environment 

and acting upon it, a metacognitive AI system monitors its own internal cognition and acts to control its 

cognitive activity [4].This introspection and self-regulation are what distinguish a sophisticated system 

from a simple reinforcement machine [4]. 
 

B. The Socratic Method: A Framework for Critical Inquiry 

The Socratic method is a form of communicative dialogue based on asking and answering questions to 

stimulate critical thinking and reveal contradictions in one's own reasoning [5]. The goal is not to transmit 

information but to help an individual learn how to think by confronting their own ignorance and biases. 

When applied to AI, this method provides a formal, procedural language for introspection and self-

verification. By externalizing the internal reasoning process through a structured dialogue, the model's 

assumptions, logical gaps, and sources of error become auditable and correctable [6]. 

The method can be operationalized for LLMs by categorizing questions that guide a system toward self-

reflection and a more coherent response [6]. These questions form the basis for a structured critique, 

forcing the model to articulate its thought process and justify its conclusions. Table I provides a taxonomy 

of Socratic question categories and their application to LLMs. 
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Table 1. Socratic Question Categories for LLMs 

Socratic Question 

Category 

Purpose for LLM Self-

Verification 

Example Prompts 

Questions for 

Clarification 

To ensure the LLM understands the 

core 

concepts and precise meaning of a 

query. 

"What exactly does this mean?" 

"How does this relate to the main 

topic?" 

Questions that 

Probe Assumptions 

To challenge the unstated beliefs or 

premises the model is using to form 

its 

answer. 

"How do you know this?" 

"What assumptions are you 

making it here?" 

"What is the basis for your 

conclusion?" 

Questions that 

Probe 

Reasons and 

Evidence 

To force the model to provide the 

logical 

and factual support for its claims. 

"What would be an example of 

that?" 

"Can you cite the evidence for this 

statement?" 

"What led you to that conclusion?" 

Questions about 

Viewpoints and 

Perspectives 

To reveal alternative perspectives 

and 

challenge the model's first-pass 

response 

as the only valid answer. 

"What is another way to 

look at this?" 

"What is a counterargument for 

this?" 

Questions that 

Probe Implications 

and Consequences 

To encourage the model to consider 

the 

downstream effects of its statements 

or 

decisions. 

"What are the implications of this?" 

"What happens if this is incorrect?" 

Questions about the 

Question 

To encourage the model to 

reformulate 

the problem or identify potential 

flaws in 

the original query itself. 

"Why is this a valid question?" 

"What is the most effective way to 

solve this problem?" 

 

C. Computational Metacognition: Concepts and Mechanisms 

Computational metacognition is a cognitive systems approach that leverages ideas from human 

metacognition and AI metareasoning. Its primary characteristic is the ability to declaratively represent and 

then monitor traces of cognitive activity to manage the performance of cognition itself. A metacognitive 

system is an add-on to a cognitive system; it observes cognitive behavior and, by changing the system's 

internal parameters, improves its thinking and, thus, its performance. This process is analogous to a 

biological action-perception cycle, but instead of interacting with the external world, it is an introspective 

loop that monitors and controls internal cognitive activity. This form of metacognition can be divided into 

three types: Explanatory, Immediate, and Anticipatory. Explanatory metacognition is a reflective 
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process akin to hindsight, triggered by failures in previous cognitive operations. Immediate 

metacognition represents an introspective, real-time control of cognition, similar to physical eye-hand 

coordination. Finally, Anticipatory metacognition is a predictive process, a reflective judgment of future 

cognitive performance that represents self-directed foresight. 
 

IV. ARCHITECTURAL AND CONCEPTUAL FRAMEWORKS 

A. Metacognitive AI Architectures 

1. The Metacognitive Integrated Dual-Cycle Architecture (MIDCA) 

The Metacognitive Integrated Dual-Cycle Architecture (MIDCA) is a conceptual framework that models 

both cognition and metacognition using parallel "action-perception" cycles [9]. At the cognitive level, the 

cycle performs problem-solving, generating behaviors and interacting with the environment. At the 

metacognitive level, a separate, higher-order cycle introspectively monitors the cognitive level's activity 

through a trace of its mental domain. This dual-cycle structure allows the metacognitive layer to observe 

the cognitive layer's behavior and performance and then make decisions to improve its thinking [8]. A 

Conceptual Depiction of the Metacognitive Integrated Dual-Cycle Architecture (MIDCA). The 

framework consists of two parallel action-perception cycles. The cognitive cycle interacts with the 

environment to solve problems and achieve goals. The metacognitive cycle receives a trace of the 

cognitive activity, monitors it, and acts to improve the performance of the cognitive system itself. 

2. A Neuroscientific Model of Consciousness and Responsibility 

A more granular, neuroscientific model of metacognition proposes the existence of a "responsibility 

signal" that acts as the basis for self-regulation and even consciousness [9]. This model, which uses a 

modular hierarchical reinforcement-learning architecture, computes a responsibility signal based on two 

key factors: mismatches between its internal generative and inverse models and reward prediction errors 

[9]. The signal gates the selection and learning of the most appropriate internal models for a given task, 

effectively allowing the system to "know" which of its internal components are most reliable and should 

be used. This "responsibility signal" provides a plausible, low-level mechanism for a model to "feel" its 

own uncertainty. Internal model mismatches lead to a cognitive prediction error, which generates a 

responsibility signal. This signal, in turn, can trigger a metacognitive action, such as re-evaluating an 

output or changing the strategy. It moves beyond simple prompt-based self-correction by providing an 

internal, self-generated error signal that is independent of external feedback. This creates a robust 

foundation for building high-level metacognitive capabilities into an LLM. 

 

B. Socratic and Self-Correction Frameworks 

1. The SocraticAI Multi-Agent Framework 

The SocraticAI framework from Princeton NLP operationalizes the Socratic method using a multi-agent 

system [6]. It assigns distinct roles to multiple LLM-based agents (e.g., Socrates as an analyst, Theaetetus 

as a peer, and Plato as a proofreader) who engage in a structured dialogue to solve a problem. These agents 

have access to external tools like a Python interpreter and WolframAlpha to perform fact-checking and 

calculations. This framework facilitates a process of self-discovery where the agents collaboratively 

develop a problem-solving strategy, execute it, and critically evaluate each other's reasoning to correct 

mistakes without constant human intervention. 

2. Self-Critique and Self-Correcting Mechanisms 

Other frameworks have implemented self-correction using a self-critique cycle with distinct phases, such 

as Creator, Critic, Defender, and Judge. In this model, an initial solution is generated (Creator), then 

weaknesses are identified (Critic), addressed (Defender), and the original and improved versions are 

compared (Judge). However, a critical survey of self-correction methods found that their success is often 

limited, relying on reliable external feedback rather than an innate ability to correct their own mistakes. A 

key distinction exists between a single agent re-evaluating its own output and a multi-agent system 

engaging in a formal, adversarial process. The success of the SocraticAI framework stems from its 
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structured, externalized, and collaborative environment. This suggests that for an LLM to be truly 

metacognitive, it may need to externalize its "thinking" into a multi-step, multi-agent process to overcome 

the limitations of its own single-stream reasoning. 

 

C. A Unified Conceptual Framework for Socratic Metacognition in LLMs 

Based on the synthesis of these theoretical and architectural models, a unified conceptual framework for 

Socratic metacognition in LLMs is proposed. This framework combines the introspective self-monitoring 

of computational metacognition with the procedural rigor of the Socratic method. The system operates in 

a feedback loop, continuously evaluating its own outputs and reasoning processes. 

The workflow begins with a primary LLM (the Cognitive Layer) that generates an initial response to a 

user query. This response is then routed to a Metacognitive Layer, which serves as an internal verification 

and critique module. This layer consists of a set of Socratic "critique agents" that perform a structured, 

multi-step critique cycle analogous to the one described in the SocraticAI framework. These agents, 

guided by the question categories from Table I, scrutinize the initial response. They probe its assumptions, 

challenge its logical consistency, seek supporting evidence, and consider alternative perspectives. The 

process is triggered by an internal "responsibility signal" or confidence score, ensuring the metacognitive 

loop is only engaged when the query is complex, high-stakes, or when the model's initial confidence is 

low. The output of this loop is a revised, more verifiable, and self-aware final response, which may include 

a confidence score or a statement of uncertainty about the final conclusion. This unified framework, 

summarized in Table II, addresses the core challenges of LLM untruthfulness by providing an internal 

mechanism for verifiability and transparency. It moves beyond simple, reactive self-correction to a 

proactive, introspective process that can identify and manage its own limitations. 

 

Table 2. Summary of Metacognitive AI Components 

Framework Primary Mechanism Core Contribution to Metacognition 

MIDCA Dual action-perception cycles at 

cognitive and metacognitive 

levels. 

Provides a high-level architectural 

model for internal self-monitoring 

and regulation. 

Neuroscientific 

Model 

The "responsibility signal" 

derived 

from internal model mismatches. 

Offers a biologically plausible, 

low-level mechanism for a model to 

internally signal uncertainty and 

trigger metacognitive action. 

SocraticAI Multi-agent dialogue using 

Socratic questions and external 

tools. 

Operationalizes the Socratic method 

as an externalized, Collaborative, 

and adversarial process for self-

discovery 

and error correction. 

Proposed Unified 

Framework 

A self-contained, automated 

feedback loop with a cognitive 

layer and a Socratic critique 

layer. 

Synthesizes existing models to 

create 

a robust, end-to-end process for 

verifiable truth generation that can 

be triggered by internal confidence 

signals. 
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V. CONCLUSION AND FUTURE DIRECTIONS 

A. Summary of Findings 

This survey has demonstrated that LLM untruthfulness is a multifaceted problem stemming from 

statistical incentives that reward guessing over humility, the persistence of subtle implicit biases, and the 

fundamental epistemological challenge of a lack of a single ground truth. It has established that traditional 

self-correction methods are often insufficient, necessitating a more robust, architectural, and procedural 

solution. The combination of the Socratic method, which provides a formal language for critical inquiry, 

and computational metacognition, which provides the architectural foundation for a self-monitoring 

system, offers a viable path forward. 

 

B. Socratic Metacognition as a Path to Verifiable Truth 

The conceptual framework proposed in this paper provides a roadmap for building LLMs that are not just 

more accurate but are also more transparent, reliable, and trustworthy. By forcing a model to articulate its 

reasoning, challenge its own assumptions, and verify its claims through a structured, question-based 

process, the Socratic-metacognitive approach offers a means of transcending the limitations of current 

architectures. It transforms the LLM from a simple black box to a transparent system capable of 

demonstrating its own thought process, providing a verifiable chain of reasoning, and expressing a 

nuanced understanding of its own uncertainty. This represents a paradigm shift from passive truth 

generation to active truth verification. 

 

C. Limitations and Open Challenges 

Despite the promise of this approach, significant challenges remain. The computational overhead of 

running multiple critique agents or an entire metacognitive loop could be substantial, potentially making 

the framework impractical for real-time applications. Furthermore, while the Socratic method can guide a 

model toward more coherent reasoning, the fundamental difficulty of defining and rewarding "truth" and 

"honesty" in a computationally meaningful way, especially for subjective tasks, persists. The argument 

that hallucinations are an innate limitation of LLMs as general problem solvers suggests that no single 

framework can ever completely eliminate untruthfulness, but it can provide mechanisms to manage it 

more effectively. 

 

D. Future Research Avenues 

Future research should focus on several key areas. First, developing new benchmarks is essential. These 

evaluations must explicitly reward an LLM's ability to express uncertainty and acknowledge its 

limitations, rather than merely penalizing incorrect answers. Second, empirical studies are needed to 

evaluate the effectiveness and computational cost of multi-agent Socratic frameworks in high-stakes 

domains. Finally, further exploration into integrating the "responsibility signal" mechanism into existing 

LLM architectures could provide a powerful, low-level foundation for high-level metacognition. These 

efforts will be crucial for moving the field toward building AI systems that are not only intelligent but 

also truly introspective, honest, and verifiable. 

 

REFERENCES: 

1. Why language models hallucinate | OpenAI https://openai.com/index/why-language-models-

hallucinate/ 

2. Hallucination is Inevitable: An Innate Limitation of Large Language Models - arXiv 

https://arxiv.org/abs/2401.11817 

3. Pros and cons of artificial intelligence on metacognition: A myopic state with long-term 

consequences on human learning - ResearchGate 

https://www.researchgate.net/publication/388499249_Pros_and_cons_of_artificial_intelligence_on

_metacognition_A_myopic_state_with_long-term_consequences_on_human_learning 

https://www.ijaidr.com/
https://openai.com/index/why-language-models-hallucinate/
https://openai.com/index/why-language-models-hallucinate/
https://arxiv.org/abs/2401.11817
https://www.researchgate.net/publication/388499249_Pros_and_cons_of_artificial_intelligence_on_metacognition_A_myopic_state_with_long-term_consequences_on_human_learning
https://www.researchgate.net/publication/388499249_Pros_and_cons_of_artificial_intelligence_on_metacognition_A_myopic_state_with_long-term_consequences_on_human_learning


 

Journal of Advances in Developmental Research (IJAIDR) 

E-ISSN: 0976-4844   ●   Website: www.ijaidr.com   ●   Email: editor@ijaidr.com 

 

IJAIDR25021577 Volume 16, Issue 2, July-December 2025 9 

 

4. Computational Metacognition - arXiv https://arxiv.org/pdf/2201.12885 

5. The ai-Socratic method - the antidote for wilful stupidity - 6ai Technologies 

https://www.6aitech.com/post/the-ai-socratic-method-the-antidote-for-wilful-stupidity 

6. What can Socrates teach us about AI and prompting? - Diplo - DiploFoundation 

https://www.diplomacy.edu/blog/what-can-socrates-teach-us-about-ai-and-prompting/ 

7. The Socratic Method for Self-Discovery in Large Language Models https://princeton-

nlp.github.io/SocraticAI/ 

8. The metacognitive integrated dual-cycle architecture and the flow 

https://www.researchgate.net/figure/The-metacognitive-integrated-dual-cycle-architecture-and-the-

flow-of-knowledge-between_fig1_358260306 

9. Computational Metacognition - arXiv  https://arxiv.org/abs/2201.12885 

 

https://www.ijaidr.com/
https://arxiv.org/pdf/2201.12885
https://www.6aitech.com/post/the-ai-socratic-method-the-antidote-for-wilful-stupidity
https://www.diplomacy.edu/blog/what-can-socrates-teach-us-about-ai-and-prompting/
https://princeton-nlp.github.io/SocraticAI/
https://princeton-nlp.github.io/SocraticAI/
https://www.researchgate.net/figure/The-metacognitive-integrated-dual-cycle-architecture-and-the-flow-of-knowledge-between_fig1_358260306
https://www.researchgate.net/figure/The-metacognitive-integrated-dual-cycle-architecture-and-the-flow-of-knowledge-between_fig1_358260306
https://arxiv.org/abs/2201.12885

