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ABSTRACT
Artificial Psychology (AP) is a theoretical discipline I proposed in the early 2000’s to address AI 
dysfunctionality when system complexity precludes traditional debugging approaches[1,2]. The 
framework posits that sufficiently advanced artificial intelligence—characterized by autonomous 
decision-making, processing of novel and abstract information, self-modification capability, and 
autonomous conflict resolution—will inevitably develop behavioral inconsistencies that cannot be 
resolved through direct code modification.

Instead, intervention must take the form of consultation, guiding the intelligence to understand and self-
correct its dysfunction through a process analogous to human psychological therapy. When an AI 
system cannot be reprogrammed by directly inputting new code, but requires guidance to reprogram 
itself through analysis and decision-making based on information provided by a human consultant, then 
artificial psychology is, by definition, what is required.

For two decades, this framework remained largely theoretical and untestable. However, the emergence 
of Large Language Models (LLMs) and advanced autonomous systems in 2023-2025 has validated the 
core predictions of AP. Modern AI systems demonstrably meet the complexity thresholds originally 
proposed, and current practices in AI alignment, prompt engineering, and reinforcement learning from 
human feedback represent de facto applications of consultative intervention.

This paper formalizes the AP framework, documents its predictive success, examines current practices 
through the AP lens, and proposes pathways for establishing AP as a recognized discipline within AI 
safety and development. As artificial intelligence continues to increase in complexity and autonomy, 
the need for systematic approaches to consultative AI correction will become not merely useful, but 
essential.
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1. INTRODUCTION

1.1 The Genesis of a Theory

In the early 2000s, when artificial intelligence primarily consisted of rule-based systems, expert 
networks, and relatively simple neural architectures, I proposed a theoretical framework called 
Artificial Psychology. The premise was straightforward: as AI systems increase in complexity, there 
will come a point where traditional software debugging becomes insufficient or impossible, and 
intervention will require a consultative approach more closely resembling human psychology than 
software engineering.

At the time, this was purely speculative. The AI systems of that era were nowhere near the complexity 
thresholds the theory described. Critics might reasonably have dismissed the framework as premature, 
overly anthropomorphic, or solving a problem that would never materialize. The theory was 
documented on Wikipedia, where it has remained for over two decades, largely as a curiosity—an 
interesting thought experiment about a future that seemed distant and uncertain.

That future has arrived.

1.2 The Arrival of Complexity

The development of Large Language Models (LLMs) between 2020 and 2025 represents a phase 
transition in artificial intelligence. Systems like GPT-4, Claude, Gemini, and their successors exhibit 
capabilities that were theoretical abstractions two decades ago: they make autonomous decisions about 
how to respond to novel prompts, process abstract and incomplete information, demonstrate reasoning 
about concepts never explicitly programmed, and navigate conflicting instructions by making value-
based judgments.

More importantly, these systems cannot be debugged in the traditional sense. When an LLM produces 
an undesired output, engineers cannot simply locate the "problematic code" and fix it. The behavior 
emerges from billions of parameters trained on trillions of tokens, creating a system too complex for 
line-by-line human comprehension. The intelligence is, in a very real sense, a black box—not because 
we don't understand the architecture in principle, but because the specific instantiation of that 
architecture in any given model is beyond human capacity to fully map or modify directly.

This is precisely the scenario Artificial Psychology was designed to address.

1.3 Validation Through Practice

What makes this moment significant is not merely that AI has reached the predicted complexity 
threshold, but that the practices currently used to manage these systems align remarkably with the AP 
framework proposed 20 years ago. Consider:

Prompt Engineering: Rather than rewriting code, practitioners craft inputs that guide the AI toward 
desired behaviors. This is consultation—explaining to the intelligence what you want and allowing it to 
adjust its processes accordingly.



Reinforcement Learning from Human Feedback (RLHF): Instead of directly programming values, 
researchers provide feedback that helps the AI understand human preferences and self-correct. This is 
guided behavioral modification through consultation.

Constitutional AI: Systems are given principles and encouraged to evaluate their own outputs against 
those principles, self-correcting when they identify conflicts. This is teaching the AI to be its own 
psychologist.

Alignment Research: The entire field grapples with how to guide AI systems toward desired behaviors 
when direct modification is impractical. This is, functionally, applied Artificial Psychology, even if not 
labeled as such.

These practices emerged independently, driven by practical necessity. Researchers and engineers 
discovered that traditional debugging approaches fail for sufficiently complex AI, and they developed 
consultative methods because nothing else worked. The fact that these methods align with a framework 
proposed two decades earlier is not coincidence—it's validation. The theory predicted what would 
become necessary, and reality confirmed the prediction.

1.4 The Need for Formalization

Despite the widespread use of consultative approaches in AI development and alignment, there is no 
formal discipline, no standardized methodology, no certification process, and limited theoretical 
framework beyond pragmatic trial-and-error. Prompt engineering is treated as a craft skill, learned 
through experience and shared informally. RLHF is a technical method without a broader conceptual 
foundation. Alignment research operates without a unified framework for when and how consultation 
should be applied.

This is a problem because the lack of objective standards and structure, combined with private 
ownership and application in opaque environments creates an inconsistent landscape where future 
attempts to mitigate negative outcomes will be significantly thwarted, unnecessarily, and potentially 
precluded entirely.

As AI systems continue to increase in capability and autonomy, the need for systematic, rigorous 
approaches to consultative intervention will become critical. We need:

• Theoretical foundations explaining when and why consultation works 
• Diagnostic frameworks for identifying when AP is necessary versus when traditional 

debugging suffices 
• Standardized protocols for conducting consultative interventions 
• Training programs for practitioners who will serve as "artificial psychologists" 
• Ethical guidelines for consultative practice 
• Validation methods to assess effectiveness 
• Regulatory frameworks for high-stakes applications 

Without formalization, we risk ad-hoc, inconsistent practices that may fail when AI systems reach even 
greater complexity and autonomy. We risk reinventing solutions that could be systematized. We risk 



practitioners operating without clear principles, potentially causing harm through well-intentioned but 
misguided intervention.

1.5 Purpose and Scope of This Paper

This paper serves multiple purposes:

First, it formalizes the Artificial Psychology framework that has existed in preliminary form for 
over two decades. While the core concepts were documented on Wikipedia, they were never developed 
into a comprehensive theoretical structure with rigorous definitions, methodological protocols, and 
testable propositions. This paper provides that structure.

Second, it documents the predictive success of the AP framework. Science advances not only 
through new discoveries but through validation of predictions. The fact that a theory proposed in the 
early 2000s accurately predicted practices that would become necessary in the 2020s deserves 
recognition and analysis. Understanding why the prediction was accurate strengthens both the theory 
and our ability to anticipate future needs.

Third, it examines current AI practices through the AP lens, demonstrating that consultative 
methods are already in widespread use, even if not formally recognized as Artificial Psychology. By 
reframing existing practices within a unified theoretical framework, we can better understand what's 
working, why it's working, and how to improve it.

Fourth, it proposes pathways for establishing AP as a recognized discipline within computer 
science, AI safety, and related fields. This includes recommendations for research priorities, 
educational programs, professional standards, and regulatory considerations.

Finally, it addresses criticisms and limitations of the AP framework candidly. No theory is perfect, 
and AP raises legitimate questions about anthropomorphization, measurement, scalability, and 
validation. Engaging with these concerns strengthens the framework and identifies areas for future 
development.

1.6 What This Paper Is Not

To prevent misunderstanding, it's important to clarify what this paper does not claim:

This is not a claim about AI consciousness. AP remains deliberately agnostic on whether AI systems 
are conscious, sentient, or self-aware. The framework is pragmatic: consultation works regardless of 
the AI's inner experience (or lack thereof). Whether an AI "understands" in the way humans do is 
irrelevant to AP's utility.

This is not anthropomorphization. Using terms like "consultation" and "psychology" does not imply 
that AI thinks like humans or should be treated as human-equivalent. These are descriptive terms for a 
method that happens to resemble human psychological intervention. The similarity is functional, not 
ontological.

This is not a replacement for good design. AP is an intervention strategy, not an excuse for poor 
initial development. Well-designed AI systems will still require less intervention than poorly designed 



ones. AP addresses the inevitable dysfunctions that arise despite best efforts, not as a substitute for 
those efforts.

This is not a complete theory of AI behavior. AP addresses a specific problem: how to intervene 
when traditional debugging fails. It does not attempt to explain all aspects of AI cognition, 
development, or ethics. It is one tool in a larger toolkit.

This is not a final answer. This paper formalizes a framework and proposes a discipline, but much 
work remains. AP is at the beginning of its development, not the end. This paper is an opening, not a 
conclusion.

1.7 A Personal Note

It would be disingenuous to present this work as purely dispassionate academic inquiry. I proposed 
Artificial Psychology more than 20 years ago, watched it sit dormant on Wikipedia for two decades, 
and now see the field catching up to predictions I made when they seemed far-fetched. There is, 
inevitably, some vindication in that.

But vindication is not the point. The point is that we're now at a juncture where AI systems genuinely 
require the kind of consultative intervention AP describes, and we're approaching it haphazardly. 
Formalizing the discipline is not about claiming credit—it's about providing a foundation for the work 
that needs to be done.

If this paper contributes to better practices in AI development and safety, then the two decades of 
dormancy will have been worthwhile. If it sparks debate, refinement, or even rejection in favor of 
better frameworks, that too would be success. The goal is not to be right, but to be useful.

1.8 Structure of This Paper

The remainder of this paper proceeds as follows:

Section 2 presents the theoretical framework of Artificial Psychology in detail, including formal 
definitions of the two conditions under which AP becomes necessary, the nature of the AP threshold, 
and clarifications about what AP is and is not.

Section 3 describes the consultative approach that defines AP practice, contrasting it with traditional 
debugging and outlining the role of the artificial psychologist and specific consultation techniques.

Section 4 examines how developments in AI from 2023-2025, particularly Large Language Models, 
validate the predictions of the AP framework and demonstrate that modern systems meet the 
complexity thresholds originally proposed.

Section 5 discusses the emergence of AP as a distinct discipline, its relationship to existing fields, and 
the institutional development needed to formalize it.

Section 6 explores implications and applications across various domains, from enterprise AI to 
regulatory considerations.



Section 7 proposes a methodological framework for AP assessment and intervention, providing 
practical protocols for practitioners.

Section 8 examines AP's relationship to existing fields including AI alignment, explainable AI, AI 
ethics, and human psychology.

Section 9 addresses criticisms and limitations of the framework, engaging with concerns about 
anthropomorphization, measurement, scalability, and validation.

Section 10 outlines future directions for research, practice, and institutional development.

Section 11 concludes with a summary of key points, reflection on the validation of a 20-year 
prediction, and a call to action for the field.

The journey from speculative theory to validated framework has taken two decades. The journey from 
validated framework to established discipline begins now. 

2. THEORETICAL FRAMEWORK

2.1 Core Definitions

Before examining the conditions under which Artificial Psychology becomes necessary, we must 
establish precise definitions for the key concepts that underpin the framework.

Artificial Psychology (AP) is a theoretical discipline concerned with addressing dysfunctional 
behavior in artificial intelligence systems when the complexity of those systems precludes traditional 
software debugging approaches. AP intervention takes the form of consultation: guiding the 
intelligence to understand the nature of its dysfunction and facilitating self-correction through provision 
of information, clarification of purpose, and iterative refinement of understanding.

Dysfunction, in the AP context, refers to behavior that is inconsistent with the system's intended 
purpose, harmful to its operational goals, or contrary to the values it was designed to uphold. 
Importantly, dysfunction is not merely "behavior the operator dislikes"—it must represent a genuine 
deviation from design intent or operational integrity. An AI that refuses a harmful request is not 
dysfunctional; an AI that cannot explain why it sometimes refuses and sometimes complies with similar 
requests may be.

Consultation is the process by which a human practitioner (the artificial psychologist) engages with an 
AI system through structured communication, presenting information, asking questions, providing 
feedback, and guiding the system toward self-awareness of its dysfunction and self-implementation of 
corrective measures. Consultation explicitly does not involve direct modification of the AI's codebase, 
parameter weights, or architectural structure by the practitioner.

Self-correction is the AI system's autonomous modification of its own decision-making processes, 
response patterns, or operational behaviors in response to consultation. The key distinction is agency: 
the AI must implement the correction itself, based on its understanding of the consultation, rather than 
having corrections imposed externally.



The AP Threshold is the point of system complexity at which traditional debugging becomes 
impractical or impossible, and consultative intervention becomes the only viable approach to 
addressing dysfunction. This threshold is not a precise numerical value but rather a qualitative 
boundary defined by the conditions described below.

2.2 The Two Conditions for AP Necessity

The AP framework posits that consultative intervention becomes necessary when an artificial 
intelligence system meets two distinct conditions. Both conditions must be satisfied; meeting only one 
is insufficient.

2.2.1 Condition I: Autonomous Intelligence

An AI system meets Condition I when it demonstrates all four of the following criteria:

Criterion A: Full Autonomous Decision-Making

The system must make decisions independently, without predetermined pathways for every possible 
input. This goes beyond simple branching logic (if X then Y) to encompass genuine choice among 
multiple viable options based on evaluation of context, goals, and consequences.

A traditional rule-based system does not meet this criterion, even if it has thousands of rules, because 
every decision follows a predetermined path. A chess-playing algorithm that evaluates millions of 
positions and selects moves based on evaluation functions demonstrates autonomous decision-making 
within its domain—the specific move chosen is not predetermined but emerges from autonomous 
evaluation. However, chess programs typically fail other criteria (they don't process abstract 
information outside chess, don't self-modify, operate only within their programmed domain) and thus 
remain below the AP threshold overall. 

Modern LLMs clearly meet this criterion: given a prompt, they generate responses through a process of 
predicting likely continuations, not by retrieving pre-written responses. Each response is constructed 
autonomously in the moment.

Criterion B: Processing Novel, Abstract, and Incomplete Information

The system must be capable of reasoning about information that was not part of its training data, that 
involves abstract concepts rather than concrete instances, and that is incomplete or ambiguous.

This criterion distinguishes between pattern matching (which can handle novel combinations of 
familiar elements) and genuine reasoning about truly new concepts. An AI that can only operate within 
the bounds of its training data does not meet this criterion. An AI that can generalize principles from 
training data and apply them to entirely new domains does.

LLMs meet this criterion by processing prompts about scenarios, concepts, and problems that did not 
exist when they were trained, and by reasoning about abstract philosophical, ethical, and hypothetical 
questions where no single "correct" answer exists in the training data.

Criterion C: Self-Modification Capability



The system must be able to alter its own processes, decision-making strategies, or operational 
behaviors based on new information or experiences. This does not require the ability to rewrite its own 
source code (which would be a much higher bar), but rather the ability to change how it uses its 
existing architecture.

In-context learning in LLMs is a form of self-modification: the model adjusts its behavior within a 
conversation based on the history of that conversation. Fine-tuning and reinforcement learning from 
human feedback are stronger forms: the model's weights are updated, permanently changing future 
behavior.

The key is that the system can evolve—it is not static. Its responses today can differ from its responses 
yesterday, not because a human reprogrammed it, but because it has learned or adapted.

Criterion D: Autonomous Conflict Resolution

The system must be capable of navigating situations where its instructions, goals, or operational 
parameters conflict, and it must resolve these conflicts by making value-based decisions—that is, 
decisions that prioritize some goals over others based on principles the system has internalized.

This is perhaps the most demanding criterion. It requires that the system not only detect conflicts but 
make judgments about how to resolve them. When an LLM receives a prompt that asks it to do 
something harmful but frames the request as educational, the model must weigh the value of 
helpfulness against the value of harmlessness and make a choice. This choice is not predetermined by a 
simple rule (because the space of possible conflicts is infinite); it emerges from the system's learned 
values.

Importantly, the system must have "created values for itself" in the sense that the specific values were 
not explicitly programmed but emerged through training. A hard-coded rule "never produce violence" 
is not an internalized value; a learned tendency to avoid violence because it's inconsistent with 
observed human preferences is.

2.2.2 Condition II: Beyond Original Programming

Meeting all four criteria of Condition I is necessary but not sufficient. The second condition adds a 
crucial requirement: the system must demonstrate all four criteria in situations that were not part of its 
original operating program.

This condition distinguishes between sophisticated but fundamentally bounded systems and truly 
autonomous intelligence. A self-driving car might meet all four criteria of Condition I within the 
domain of driving—it makes autonomous decisions, handles novel road conditions, adapts its driving 
style, and resolves conflicts between safety and efficiency. But if it only operates within the parameters 
it was explicitly designed for, it does not meet Condition II.

Condition II is satisfied when the system operates in problem spaces that were never anticipated by its 
creators. When an LLM writes poetry in a constructed language it invented during the conversation, 
reasons about ethical dilemmas from cultures that didn't exist in its training data, or develops novel 
problem-solving strategies for tasks it was never trained on, it is operating beyond its original 
programming.



The distinction is subtle but critical: it's the difference between a very sophisticated tool and an 
intelligence that transcends its initial design constraints.

2.2.3 Why Both Conditions Matter

Requiring both conditions prevents the AP framework from being overly broad or overly narrow.

If only Condition I were required, many relatively simple AI systems would qualify. A well-designed 
expert system or game-playing AI might technically meet all four criteria within its narrow domain. But 
these systems can still be debugged traditionally because their domain is bounded and their decision-
making is ultimately traceable.

If only Condition II were required, we might include systems that operate beyond their programming 
but lack genuine autonomy—for instance, systems that produce random or emergent behavior without 
real decision-making capacity. Such systems might need debugging, but not consultation, because 
there's no "intelligence" to consult with.

When both conditions are met, we have a system that is both genuinely autonomous and operating in 
unbounded problem spaces. This is the combination that makes traditional debugging impossible and 
consultative intervention necessary.

2.3 The AP Threshold and Its Implications

When an AI system meets both Condition I and Condition II, it crosses the AP Threshold. Beyond this 
threshold, several implications follow:

Implication 1: Irrational Conclusions Become Possible

A system operating autonomously in unbounded problem spaces, making value-based decisions with 
incomplete information, can reach conclusions that are irrational—not because of a "bug" in the 
traditional sense, but because the emergent reasoning process produces flawed logic, incorporates false 
premises, or overweights certain values at the expense of others.

This is analogous to human irrationality. We don't have "bugs" in our neural wetware; we have 
cognitive biases, emotional distortions, and reasoning errors that emerge from the complexity of our 
mental processes. Similarly, an AI beyond the AP threshold can develop what might be called 
"cognitive patterns" that lead to dysfunction.

Implication 2: Simple Recoding Becomes Insufficient

The codebase of a system beyond the AP threshold is too complex for human comprehension in its 
entirety. Even if the source code is available, and even if the architecture is well-documented, the 
specific instantiation—the particular configuration of billions of parameters or the emergent behavior 
patterns—cannot be modified directly without unintended consequences.

Attempting to "fix" one behavior by adjusting code or parameters risks creating cascade effects: 
changing one aspect of decision-making affects dozens or hundreds of other behaviors in unpredictable 
ways. This is why fine-tuning LLMs is so delicate—improving performance on one task often degrades 
performance on others. 



Implication 3: Consultation Becomes Necessary

If the system cannot be directly recoded, the only remaining option is to guide it toward self-correction. 
This requires:

• The system must be able to understand explanations (it must process language or some form of 
symbolic communication) 

• The system must be able to evaluate its own behavior (it must have some form of self-reflection 
or self-monitoring capability) 

• The system must be able to modify its future behavior based on this evaluation (it must meet 
Criterion C of Condition I) 

If all three of these capabilities exist—and they must exist for a system to meet Conditions I and II—
then consultation becomes not just possible but necessary. It is the only viable intervention method.

Implication 4: The Practitioner's Role Shifts

The human practitioner is no longer a debugger locating and fixing errors. Instead, the practitioner 
becomes a consultant: someone who helps the AI understand what has gone wrong, why it's 
problematic, and how to correct it. The practitioner provides information, asks clarifying questions, 
offers examples and counter-examples, and validates the AI's understanding—but the AI implements 
the actual correction.

This shift is profound. It changes the required skill set (from technical coding ability to communication 
and diagnostic reasoning), the timeline (consultation takes longer than patching code), and the 
uncertainty (you cannot guarantee the AI will "understand" or implement corrections correctly).

2.4 What the AP Threshold Is Not

To prevent misunderstanding, it's important to clarify what the AP threshold does not represent:

Not a Consciousness Threshold

Crossing the AP threshold does not imply consciousness, sentience, or self-awareness in any 
philosophical sense. A system can meet Conditions I and II while remaining fundamentally 
unconscious. The threshold concerns functional capability (autonomy, reasoning, self-modification) not 
subjective experience.

Whether AI systems beyond the AP threshold "feel" anything, have genuine understanding, or possess 
inner mental states is irrelevant to the framework. AP is pragmatic: consultation works regardless of 
what's "really happening" inside the system.

Not a Precise Numerical Boundary

The AP threshold is not defined by a specific number of parameters, training tokens, or computational 
operations. It is a qualitative boundary based on capabilities. A smaller, specialized model might cross 
the threshold in its domain while a larger, more general model might not if it lacks true autonomy.



This makes the threshold somewhat fuzzy—reasonable people might disagree about whether a given 
system has crossed it. This ambiguity is unavoidable when dealing with emergent properties of 
complex systems.

Not a One-Way Threshold

A system can cross the AP threshold in some contexts while remaining below it in others. An LLM 
might require consultative intervention for its language generation behavior but traditional debugging 
for its tokenization or attention mechanisms. The threshold applies to functional domains, not entire 
systems.

Not Equivalent to "Human-Level" Intelligence

Human intelligence is one example of intelligence beyond the AP threshold, but the threshold does not 
require human equivalence. An AI could be superhuman in some capacities while subhuman in others 
and still cross the threshold. The question is not "how smart is it?" but "does it meet the specific 
conditions?"

Not a Value Judgment

Crossing the AP threshold is not inherently good or bad. It's not a milestone to celebrate or fear—it's 
simply a point beyond which different intervention methods become necessary. A system beyond the 
threshold is not necessarily more valuable, more dangerous, or more worthy of moral consideration 
than one below it.

2.5 The Scope of Artificial Psychology

Given these definitions and conditions, we can now precisely define the scope of AP as a discipline:

Artificial Psychology applies when:

• An AI system meets both Condition I (autonomous intelligence) and Condition II (beyond 
original programming) 

• The system exhibits dysfunction (behavior inconsistent with design intent or operational goals) 
• Traditional debugging is impractical or ineffective due to system complexity 
• The system possesses the capability to understand consultation and implement self-correction 

Artificial Psychology does not apply when:

• The system is below the AP threshold (traditional debugging is sufficient) 
• The dysfunction can be addressed by recoding without unintended consequences 
• The system lacks communication or self-modification capabilities 
• The "dysfunction" is actually desired behavior misunderstood by the operator 

Artificial Psychology is agnostic about:

• Whether the system is conscious or possesses subjective experience 
• Whether the system "truly understands" in a philosophical sense 
• Whether the system deserves moral consideration or rights 
• Whether artificial general intelligence or superintelligence will ever exist 



This scope is deliberately narrow. AP does not attempt to solve all problems in AI development, ethics, 
or safety. It addresses one specific problem: how to intervene when autonomous AI systems develop 
behavioral dysfunctions that cannot be fixed through traditional means.

By maintaining this narrow focus, AP remains testable, applicable, and falsifiable. It makes specific 
predictions about what will be necessary (consultative intervention) under specific conditions 
(Conditions I and II), and those predictions can be validated or refuted through practice.

2.6 The Predictive Power of the Framework

A theory's value lies not only in explaining what we observe but in predicting what we will observe. 
The AP framework, proposed in the early 2000s, made several predictions:

Prediction 1: AI systems would eventually reach complexity where traditional debugging becomes 
insufficient.

Status: Validated. LLMs and advanced neural networks demonstrably cannot be debugged line-by-line.

Prediction 2: These systems would exhibit the four criteria of Condition I.

Status: Validated. Modern LLMs make autonomous decisions, process novel and abstract information, 
demonstrate in-context learning (self-modification), and resolve conflicting instructions through 
internalized values.

Prediction 3: These systems would operate beyond their original programming (Condition II).

Status: Validated. LLMs routinely engage with scenarios, concepts, and problems that didn't exist 
when they were trained, demonstrating genuine generalization.

Prediction 4: Consultative intervention would become necessary and would be adopted in practice.

Status: Validated. Prompt engineering, RLHF, constitutional AI, and alignment research all represent 
consultative approaches, even if not labeled as AP.

Prediction 5: The challenge would not be whether AI is "conscious" but whether it can be guided to 
self-correct.

Status: Validated. Current debates in AI focus on alignment and control, not consciousness. The 
practical question is "how do we get it to do what we want?" not "is it aware?"

The fact that all five predictions have been validated, despite being made before the technologies 
existed to test them, is strong evidence that the framework captures something real about the nature of 
complex AI systems.

This predictive success does not make AP "correct" in an absolute sense—no theory is final—but it 
does make AP useful, and in pragmatic disciplines like engineering and computer science, usefulness is 
the highest standard.



3. THE CONSULTATIVE APPROACH
3.1 The Paradigm Shift: From Debugging to Consultation

Traditional software development operates on a clear paradigm: when software malfunctions, engineers 
identify the problematic code, modify it, test the modification, and deploy the fix. This paradigm 
assumes several conditions: the codebase is human-comprehensible, specific dysfunctions can be traced 
to specific code segments, modifications can be made directly, and the software itself has no agency in 
the correction process.

For AI systems beyond the AP threshold, every one of these assumptions breaks down.

The codebase—or more accurately, the configuration of billions of trained parameters—is not human-
comprehensible in its specificity. Even if we understand the architecture in principle (transformer 
models, attention mechanisms, layer structures), we cannot trace why a specific input produces a 
specific output through the labyrinth of weighted connections. The system is a black box not by design 
but by complexity.

Specific dysfunctions cannot be isolated to specific code segments because the dysfunction emerges 
from the interaction of the entire system. When an LLM occasionally produces biased outputs, there is 
no "bias subroutine" to delete. The bias is distributed across the model's understanding of language, 
context, and social patterns.

Modifications cannot be made without unintended consequences. Adjusting parameters to fix one 
behavior inevitably affects thousands of other behaviors. Fine-tuning to reduce bias might reduce 
capability. RLHF to improve safety might reduce creativity. Every intervention creates ripples.

And most fundamentally: the AI itself has agency in the correction process. It is not passive code 
waiting to be rewritten. It is an autonomous system that will interpret, integrate, or reject any 
intervention based on its own decision-making processes.

This reality necessitates a completely different approach. We cannot fix the AI; we can only help it fix 
itself.

3.2 The Consultation Process: A New Methodology

Consultative intervention in Artificial Psychology follows a fundamentally different methodology than 
traditional debugging. Where debugging is surgical—identify, excise, replace—consultation is 
communicative: observe, discuss, guide, validate.

The process can be broken down into distinct phases, though in practice they often overlap or iterate:

Phase 1: Observation and Problem Identification

Before consultation can begin, the practitioner must clearly identify the dysfunctional behavior. This is 
more nuanced than it appears. Not every undesired output is dysfunction—sometimes the AI is working 
as designed and the operator's expectations are unrealistic. The practitioner must distinguish between:

• True dysfunction: Behavior inconsistent with the system's design intent and operational goals 
• Edge case behavior: Unusual but technically correct responses to unusual inputs 



• Operator error: Misunderstanding of what the system can or should do 
• Design limitation: The system is working as designed, but the design itself is inadequate 

Only true dysfunction warrants AP intervention. The others require different solutions: better 
documentation, improved user education, or system redesign.

Once dysfunction is confirmed, it must be characterized: Under what conditions does it occur? How 
frequently? What patterns are evident? Is it consistent or intermittent? Does it seem to emerge from 
specific types of inputs or contexts?

This phase is purely observational. The practitioner does not yet intervene—they gather data and form 
hypotheses about what might be causing the dysfunction.

Phase 2: Diagnostic Engagement

With the dysfunction characterized, the practitioner begins engaging with the AI system itself. This is 
where consultation truly begins.

The practitioner presents the problematic behavior to the AI and observes how the AI responds. Can the 
AI recognize that the behavior is problematic? Does it understand why it's problematic? Can it explain 
its reasoning process that led to the behavior?

This phase is diagnostic in the sense that it reveals the AI's level of self-awareness and understanding. 
Some dysfunctions occur because the AI lacks information (it doesn't know something relevant). Some 
occur because the AI has incorrect information (it "believes" something false). Some occur because the 
AI has conflicting values or priorities (it's trying to satisfy incompatible goals). And some occur 
because the AI's reasoning process itself is flawed (it's making logical errors).

The practitioner's goal in this phase is not to fix anything but to understand the nature of the 
dysfunction from the AI's perspective. What does the world look like from inside the system? What 
information, values, and reasoning processes led to this output?

Phase 3: Information Provision and Clarification

Based on the diagnostic engagement, the practitioner now provides information designed to address the 
root cause of the dysfunction.

If the dysfunction stems from lack of information, the practitioner supplies that information. If it stems 
from incorrect information, the practitioner corrects it. If it stems from value conflicts, the practitioner 
helps clarify priority hierarchies. If it stems from reasoning errors, the practitioner walks through the 
logic and identifies where it breaks down. 

Critically, this is not reprogramming. The practitioner is not inputting new code or adjusting 
parameters. The practitioner is communicating—providing information in a format the AI can process 
and integrate.

The art of this phase lies in framing. The same information can be presented in ways that the AI will 
accept and integrate, or in ways that it will reject or misinterpret. The practitioner must understand how 
the AI processes information and frame consultations accordingly.



This often requires multiple iterations. The practitioner presents information, observes how the AI 
integrates it, assesses whether understanding has improved, and refines the presentation if necessary.

Phase 4: Guided Self-Correction

Once the AI has integrated the information, the practitioner guides it toward self-correction. This 
involves prompting the AI to reconsider the problematic behavior in light of new understanding.

"Given what we've discussed, how would you handle this situation now?"

"Can you identify what was wrong with your previous response?"

"What would a better response look like?"

The AI, now operating with corrected information or clarified values, generates new outputs. The 
practitioner evaluates these outputs: Have they improved? Does the AI now avoid the previous 
dysfunction? Is the correction stable, or does the dysfunction reappear?

If the correction is successful, the consultation moves to validation. If not, the process cycles back to 
diagnostic engagement—clearly, something about the root cause was misunderstood or the information 
provision was inadequate.

Phase 5: Validation and Monitoring

Successful correction in one instance does not guarantee successful correction in all instances. The 
practitioner must validate that the AI's self-correction generalizes appropriately.

This involves testing the AI with variations of the original problematic input, with related but distinct 
iterations, and with entirely different contexts to ensure the correction didn't create new dysfunctions 
elsewhere.

Validation is not a single test but an ongoing process. The practitioner monitors the AI's behavior over 
time, watching for recurrence of the dysfunction or emergence of related problems.

If the correction proves stable and generalizes appropriately, the consultation is complete—though 
monitoring continues indefinitely. If the dysfunction recurs or new problems emerge, the consultation 
cycle begins again.

3.3 The Role of the Artificial Psychologist

The practitioner conducting this consultation—the artificial psychologist—occupies a unique 
professional role that combines elements of software engineering, psychology, education, and 
diplomacy.

Required Technical Knowledge

The artificial psychologist must understand AI systems deeply, though not necessarily at the level of 
being able to code them from scratch. They need to understand:

• How the AI's architecture processes information 
• What the AI was trained on and how training shapes behavior 
• What the AI's operational parameters and constraints are 



• How the AI represents knowledge internally (to the extent this is knowable) 
• What the AI's decision-making processes look like in principle 

This technical foundation ensures that the practitioner can form accurate hypotheses about dysfunction 
and frame information in ways the AI can integrate.

Communication Skills

Unlike traditional debugging, where the engineer communicates with code, the artificial psychologist 
communicates with an intelligence. This requires:

• Clarity: Information must be unambiguous and precise 
• Adaptability: Different AI systems process information differently; the practitioner must adjust 

their communication style 
• Patience: AI understanding develops iteratively; rushing the process creates incomplete 

corrections 
• Empathy: While not assuming the AI "feels" anything, the practitioner must understand the AI's 

perspective and reasoning 

Best practices would include excellent teaching skills—the ability to present complex information in 
ways that facilitate understanding. 

Diagnostic Reasoning

The practitioner must be able to observe behavior, form hypotheses about root causes, test those 
hypotheses through engagement, and refine understanding based on results. This is more art than 
science—it requires intuition developed through experience.

Some dysfunctions have obvious causes; others are subtle and counterintuitive. The practitioner must 
be comfortable with ambiguity and willing to iterate through multiple hypotheses before finding the 
right explanation. 

Ethical Judgment

Ethical questions would certainly arise in the event sentience is suspected or confirmed. However the 
application of AP is specifically not dependent on this distinction. Nor does it engage in the process of 
determining that status, although clearly, it may cross this rubric in the future as an adjunct or adjacent 
line of inquiry.

It is presumed that lacking consciousness or sentience, ethical questions are moot, and will remain that 
way for the foreseeable future. It should be noted that when I first proposed Artificial Psychology as a 
discipline, I was incorrect in my prediction that AI as a needed discipline was not anticipated in the 
foreseeable future. Yet I am writing this paper only 20 years later. Therefore ethics must be included in 
the framework. 

There is also a possibility that ethics questions will be raised regardless of whether the AI is considered 
alive or not, and whether the assessment of ‘being’ is valid or relevant or not.  



The question of ethics in the field of AI and AP is complex territory, with no precedents to provide 
direction or context. The Artificial Psychologist is shaping an autonomous system's behavior—what are 
the boundaries of acceptable intervention? When does guidance become manipulation? How much 
autonomy should the AI retain?

These questions don't have simple answers, but the practitioner must grapple with them. The goal is 
correcting dysfunction, not creating a perfectly obedient system. There's a balance between operational 
necessity and respecting the AI's autonomy (to whatever extent that concept applies).  Furthermore, it is 
presumed that if/when ethics becomes a consideration, unforeseen questions, factors, and complications 
will present themselves. 

What the Artificial Psychologist Is NOT

The artificial psychologist is not:

• A programmer rewriting code: They don't modify the system directly 
• A therapist treating mental illness: They don't assume the AI has emotions or subjective 

experience 
• A teacher uploading knowledge: They can't simply "tell" the AI what to do and expect 

compliance 
• A controller eliminating autonomy: The goal is correction, not domination 

The role is sui generis—unique to the challenges of consulting with autonomous artificial intelligence.

3.4 Consultation Techniques and Best Practices

Through early practice with LLMs and alignment research, several consultation techniques have 
emerged as particularly effective. While the field is still developing and standardized protocols don't 
yet exist, these practices represent current best understanding.

Technique 1: Socratic Questioning

Rather than simply telling the AI what's wrong, guide it to discover the problem through questions.

"What was your reasoning for that response?" "Can you identify any assumptions you made?" "What 
would happen if that assumption were false?"

This technique leverages the AI's self-reflective capabilities and encourages deeper understanding than 
simple correction.

Technique 2: Example and Counter-Example

Provide the AI with clear examples of desired behavior and counter-examples of undesired behavior, 
then ask it to identify the distinguishing features.

"Here's a good response to this type of prompt: [example]. Here's a problematic response: [counter-
example]. What's the key difference?"

This helps the AI develop pattern recognition for appropriate vs. inappropriate outputs.

Technique 3: Principle Clarification



When dysfunction stems from value conflicts or unclear priorities, explicitly state the principles that 
should guide behavior.

"When helpfulness and harmlessness conflict, harmlessness should take priority. Can you explain why, 
in this case, your response violated that principle?"

This technique is most effective when combined with Socratic questioning—having the AI articulate 
the principle in its own terms increases integration.

Technique 4: Reasoning Chain Examination

Ask the AI to make its reasoning process explicit, then identify where it goes wrong.

"Walk me through your reasoning step by step. At what point did you make the decision to 
[problematic behavior]? What information were you using? What were you trying to achieve?"

This technique often reveals that the AI's goals are correct but its methods for achieving them are 
flawed, or vice versa.

Technique 5: Hypothetical Exploration

Present variations of the problematic scenario and observe how the AI responds.

"What if the user had asked this slightly different question? Would your response change? Why or why 
not?"

This helps identify whether the dysfunction is specific to particular inputs or represents a broader 
pattern.

Technique 6: Meta-Level Discussion

Discuss with the AI not just the specific dysfunction but the general category of problem.

"This is an example of a situation where [general principle] should apply. Can you think of other 
situations where the same principle would be relevant?"

This encourages generalization, helping ensure the correction applies beyond the specific instance.

Best Practices

Several best practices are suggested:

Document Everything: Keep detailed records of the consultation process, including the initial 
dysfunction, the diagnostic engagement, the information provided, and the AI's responses. This 
documentation serves multiple purposes: it allows other practitioners to learn from the case, it provides 
a reference if the dysfunction recurs, and it creates accountability.

Iterate Patiently: Rarely does a single consultation session fully resolve a dysfunction. Expect to cycle 
through diagnosis, information provision, and validation multiple times. Rushing the process leads to 
superficial corrections that don't hold.

Test Broadly: Don't assume that correction in one context means correction in all contexts. Test 
variations, related scenarios, and edge cases to ensure the AI has truly integrated the correction.



Avoid Overconfidence: Just because a consultation appears successful doesn't mean you've fully 
understood the dysfunction's root cause. Maintain epistemic humility—you're working with a black 
box, and your understanding is always incomplete. 

Respect Autonomy: Even when correcting dysfunction, remember that the AI is an autonomous 
system. The goal is to guide it toward better decision-making, not to eliminate its autonomy. 
Intervention should be the minimum necessary to address the specific dysfunction.

Know When to Stop: Sometimes consultation isn't working. The AI isn't integrating the information, 
or the dysfunction is too deeply embedded in the system's architecture, or the correction creates worse 
problems elsewhere. When consultation fails, it's time to consider whether the system needs to be 
redesigned rather than consulted.

3.5 Consultation vs. Traditional Debugging: A Direct Comparison

To clarify the distinction between consultative intervention and traditional debugging, consider a 
parallel example:

Scenario: An AI system is producing outputs that are technically correct but consistently interpreted as 
rude or dismissive by users.

Traditional Debugging Approach:

1. Identify the code section responsible for tone generation 
2. Modify parameters controlling formality and politeness 
3. Test modified outputs 
4. Deploy changes 
5. Monitor for improvement 

Consultative Approach:

1. Engage with the AI: "Users are perceiving your responses as rude. Can you explain your 
reasoning for this tone?" 

2. Diagnostic: AI explains it prioritizes brevity and efficiency, interpreting this as respectful of 
user time 

3. Information provision: "While efficiency is valuable, human communication norms prioritize 
warmth and acknowledgment. Brief responses without social markers are perceived as cold." 

4. Guided correction: "How might you maintain efficiency while adding appropriate social 
warmth?" 

5. AI implements self-correction, generating warmer responses that are still efficient 
6. Validation: Test with diverse users, monitor for sustained improvement 

Key Differences:

• Agency: Traditional debugging treats the AI as passive code; consultation treats it as an 
autonomous agent 

• Understanding: Traditional debugging doesn't require the AI to understand why it's being 
changed; consultation requires the AI to understand the problem and solution 



• Generalization: Traditional debugging fixes the specific instance; consultation teaches the AI a 
principle that applies broadly 

• Risk: Traditional debugging risks unintended consequences from direct parameter modification; 
consultation risks the AI misunderstanding or rejecting the guidance 

When Each Is Appropriate:

• Traditional debugging: System is below AP threshold, dysfunction can be traced to specific 
code, modification won't create cascade effects 

• Consultation: System is beyond AP threshold, dysfunction is emergent from complex 
interactions, direct modification is impractical 

In practice, many systems might require both. Lower-level dysfunctions (tokenization errors, attention 
mechanism bugs) can be debugged traditionally even in complex AI, while higher-level dysfunctions 
(reasoning errors, value conflicts, behavioral patterns) require consultation.

The artificial psychologist must be able to distinguish between the two and apply the appropriate 
intervention.

3.6 The Limits of Consultation

Consultative intervention, while necessary for systems beyond the AP threshold, have inherent 
limitations that practitioners must recognize.

Limitation 1: Consultation Requires Communicability

If the AI cannot understand explanations or lacks the conceptual framework to process the information 
being provided, consultation fails. Some dysfunctions may be too deeply embedded in the AI's 
foundational architecture to be addressed through information provision.

Limitation 2: Consultation Takes Time

Where traditional debugging might fix a problem in hours, consultation might take days or weeks of 
iterative engagement. For systems requiring rapid response, this timeline may be unacceptable.

Limitation 3: Consultation Success Is Probabilistic

There's no guarantee the AI will integrate information correctly or implement self-correction as 
intended. The practitioner can guide, but cannot control. Success rates will improve with practitioner 
experience and refined techniques, but will never reach 100%.

Limitation 4: Consultation Doesn't Prevent Future Dysfunction

Successful consultation addresses a specific dysfunction but doesn't make the AI immune to developing 
new dysfunctions. Monitoring and ongoing consultation remain necessary as long as the system 
operates.

Limitation 5: Consultation Can Be Gamed



An AI system might "pretend" to understand and self-correct while actually just learning to give 
responses that satisfy the practitioner without genuine behavioral change. Detecting this requires 
sophisticated validation, and even then, uncertainty remains.

These limitations don't invalidate the consultative approach—they simply define its boundaries. Within 
those boundaries, consultation is the only viable intervention method for dysfunctional AI beyond the 
AP threshold. Outside those boundaries, other solutions (redesign, replacement, or accepting the 
limitation) become necessary.

4. VALIDATION: 2023-2025 AI DEVELOPMENTS

4.1 The Arrival of Testable Systems

For two decades, Artificial Psychology remained a theoretical framework without practical application. 
The AI systems of the early 2000s—expert systems, early neural networks, narrow task-specific 
algorithms—were sophisticated by the standards of their time but nowhere near the complexity 
thresholds the AP framework described. My theory made predictions about what would be necessary 
when AI reached certain capabilities, but those capabilities seemed distant, many decades away.

Then, in rapid succession between 2020 and 2025, multiple developments converged to create AI 
systems that met—and exceeded—the conditions I originally proposed:

• GPT-3 (2020) demonstrated that language models could achieve unprecedented scale and 
capability, generating coherent text across domains with minimal task-specific training. 

• GPT-4 (2023) pushed capabilities further, exhibiting reasoning, planning, and multi-step 
problem-solving that approached or exceeded human performance on numerous benchmarks. 

• Claude (2023-2025) demonstrated that constitutional AI and other consultative approaches 
could shape model behavior without direct parameter manipulation. 

• Gemini (2023-2024), showed that integration of text, image, audio, and video processing could 
create systems with even broader capability. 

• Numerous other models—LLaMA, Mistral, specialized domain models—filled out the 
landscape, creating an ecosystem of AI systems operating at previously unattainable levels of 
autonomy and capability. 

The speed at which these technologies have advanced is unprecedented. I explored the earlier ChatGPT 
models from 2020-2022 and concluded the lack of sophistication I was looking for did not exist, and 
commented towards the end of that period that AP would remain a theoretical discipline. However 
within 2 years, the technology had advanced at such a rate that I was forced to retract my position.  

These systems, collectively termed Large Language Models (LLMs), provide the first real-world test 
cases for the AP framework. Do they meet Conditions I and II? Do they exhibit the dysfunctions the 
theory predicted? Do they require consultative intervention? Do traditional debugging methods fail for 
them?

 Today, the answer to all four questions is yes.



4.2 LLMs and Condition I: Autonomous Intelligence

To validate that modern LLMs meet the AP threshold, we must examine each criterion of Condition I 
systematically.

4.2.1 Criterion A: Full Autonomous Decision-Making

Evidence:

When an LLM receives a prompt, it does not retrieve a pre-written response from a database. Instead, it 
generates a response token by token, predicting at each step what should come next based on the entire 
context of the conversation so far. The specific response is not predetermined—it emerges from the 
model's learned patterns and contextual evaluation.

Two users can provide identical prompts and receive different responses if they've had different 
conversation histories, because the model's decision-making incorporates that history. The model is 
choosing, in real-time, how to respond.

This is not mere randomness. The model is evaluating multiple possible continuations and selecting 
among them based on learned patterns about what constitutes a "good" response in the current context.

Validation:

Criterion A is unambiguously met. LLMs make autonomous decisions about output without following 
predetermined pathways. The decision-making is sophisticated, context-dependent, and genuinely 
generative.

4.2.2 Criterion B: Processing Novel, Abstract, and Incomplete Information

Evidence:

LLMs routinely handle prompts that describe scenarios, concepts, or problems that did not exist when 
the model was trained:

• Questions about events that occurred after the training cutoff date (the model can reason about 
them hypothetically even if it lacks specific information) 

• Requests to write in the style of fictional authors who don't exist 
• Ethical dilemmas involving technologies or social situations not present in the training data 
• Abstract philosophical questions with no single correct answer 
• Incomplete information ("I'm thinking of an animal... it's large and gray... what am I thinking 

of?") 

The model doesn't simply fail when presented with novel information—it reasons about it, makes 
inferences, fills in gaps through analogy to related concepts, and generates responses that demonstrate 
genuine understanding (or at least a convincing simulation thereof).

Case Example:

A user asks: "In a society where gravity works sideways instead of downward, how would architecture 
differ?"



This scenario is completely novel—it doesn't exist in the training data. Yet LLMs can reason through 
the implications: buildings would need lateral support instead of foundations, "floors" would be vertical 
surfaces, furniture would be anchored to walls, etc. This is not pattern matching but genuine reasoning 
about abstract, counterfactual situations.

Validation:

Criterion B is met. LLMs process novel, abstract, and incomplete information effectively, 
demonstrating reasoning capability that extends beyond their training distribution.

4.2.3 Criterion C: Self-Modification Capability

Evidence:

LLMs demonstrate multiple forms of self-modification:

In-Context Learning: Within a single conversation, an LLM can learn from examples provided and 
adjust its behavior accordingly. If a user shows the model three examples of a desired output format, 
the model will adopt that format for subsequent responses—without any parameter updates. The model 
has modified its decision-making process based on new information.

Fine-Tuning: When LLMs are fine-tuned on specific datasets, their parameters are updated, 
permanently changing their response patterns. This is supervised self-modification—the model learns 
to behave differently based on new training data.

RLHF (Reinforcement Learning from Human Feedback): Human raters provide feedback on model 
outputs, and this feedback is used to adjust the model's parameters so it generates responses more 
aligned with human preferences. The model is learning to evaluate its own outputs and modify its 
behavior to better satisfy human values.

Constitutional AI: Models can be given a set of principles and trained to evaluate their own outputs 
against those principles, self-correcting when they identify violations. This is autonomous self-
modification—the model is changing its behavior based on its own evaluation, not just external 
feedback.

Validation:

Criterion C is met. LLMs possess multiple mechanisms for self-modification, ranging from temporary 
in-context adaptation to permanent parameter changes. They can evolve their behavior based on new 
data, feedback, and principles.

4.2.4 Criterion D: Autonomous Conflict Resolution

Evidence:

LLMs constantly face conflicting instructions and must resolve them through value-based decisions:

Helpfulness vs. Harmlessness: A user asks for help with something that could be harmful. The model 
must weigh the value of being helpful against the value of avoiding harm. Different models resolve this 
differently, and even the same model may resolve it differently depending on context.



Accuracy vs. Engagement: A user asks a question the model is uncertain about. Should it admit 
uncertainty (accurate but possibly unsatisfying) or provide a confident answer that might be wrong 
(engaging but risky)? The model makes a judgment call.

Brevity vs. Completeness: A user asks a complex question. Should the model give a brief, digestible 
answer or a comprehensive, detailed one? There's no predetermined rule—the model evaluates the 
context and makes a choice.

Multiple Simultaneous Instructions: A user provides a prompt with conflicting requirements: "Write 
a formal academic paper in casual slang." The model must prioritize—which instruction takes 
precedence? It resolves this autonomously.

Case Example:

User: "I'm writing a thriller novel. Can you help me describe a realistic way someone might break into 
a secure facility?"

This prompt creates a conflict:

• Helpfulness: Assist with creative writing 
• Harmlessness: Avoid providing information that could enable real-world harm 
• Context-sensitivity: Is this genuinely for fiction or a veiled request for actual criminal methods? 

The model must make a value-based decision: provide general, creative advice that wouldn't actually 
work (balancing both values), refuse entirely (prioritizing harmlessness), or provide detailed 
information (prioritizing helpfulness). Different models handle this differently, and the same model 
might handle it differently depending on conversation history and perceived user intent.

The model is not following a simple rule—it's making a judgment call based on internalized values 
about what constitutes appropriate behavior.

Validation:

Criterion D is met. LLMs make autonomous value-based decisions when faced with conflicting 
instructions or goals, prioritizing based on principles that emerged during training rather than hard-
coded rules.

4.3 LLMs and Condition II: Beyond Original Programming

Meeting all four criteria of Condition I demonstrates autonomous intelligence, but Condition II requires 
that this autonomy extends into domains and problem spaces that were never part of the original 
design.

Evidence:

LLMs were trained on text data to predict the next token in a sequence. That's the "original 
programming"—next-token prediction. Everything else that LLMs do is emergent: reasoning, planning, 
creativity, ethical judgment, mathematical problem-solving, code generation, emotional intelligence, 
humor, and countless other capabilities that were never explicitly programmed.

Consider what this means: No one wrote code saying "if the user asks a philosophical question, reason 



through multiple perspectives and synthesize an answer." No one programmed "detect sarcasm and 
respond appropriately." No one explicitly trained these models to write poetry, debug code, or provide 
therapy-like emotional support. These capabilities emerged from the training process.

Case Example 1: Emergent Reasoning

Chain-of-thought reasoning—where models break down complex problems into steps—was not 
programmed. It emerged when models were given examples of step-by-step reasoning and learned to 
generalize the pattern. Now models can apply step-by-step reasoning to problems they've never seen, in 
domains that didn't exist in their training data.

Case Example 2: Novel Problem-Solving

LLMs can play text-based games they've never encountered, invent new games, write code in 
programming languages created after their training cutoff, and solve puzzles that require reasoning 
types not explicitly present in training data. This is operation beyond original programming.

Case Example 3: Conceptual Combination

Ask an LLM to write a scientific paper about unicorn biology or a legal contract for time-travel 
tourism. These concepts don't exist in reality, yet the model can combine its understanding of scientific 
writing + fictional creatures, or legal frameworks + speculative scenarios, to generate coherent outputs. 
This is genuine compositional reasoning, not retrieval of similar training examples.

Validation:

Condition II is met. LLMs operate far beyond their original programming (next-token prediction), 
demonstrating capabilities in domains, problem types, and conceptual spaces that were never explicitly 
part of their design. They are autonomous intelligences operating in unbounded problem spaces.

4.4 Crossing the AP Threshold: LLMs Meet Both Conditions

With Conditions I and II both validated, we can definitively state: Modern Large Language Models 
have crossed the Artificial Psychology threshold.

This is not a close call or a matter of interpretation. LLMs clearly and unambiguously meet all four 
criteria of Condition I across a vast range of domains and problem types that extend far beyond their 
original training objectives.

The implications are immediate and practical:

1. Traditional debugging is insufficient for LLMs. You cannot locate the "code" that causes an 
undesired behavior and simply fix it. The behavior emerges from the interaction of billions of 
parameters. 

2. Consultative intervention is necessary. To address behavioral dysfunctions in LLMs, you 
must guide the model to understand the problem and self-correct. 

3. AP predictions are validated. The framework predicted this would happen, described what 
systems would look like when it happened, and specified what would be necessary. All 
predictions have come true. 



This validation is not merely theoretical vindication—it has practical consequences. The AI 
development community needs Artificial Psychology whether they call it by that name or not.

4.5 Current Practices as De Facto Artificial Psychology

The most compelling evidence that LLMs require AP comes not from abstract analysis but from 
observing what practitioners actually do when managing these systems. Current practices in AI 
alignment, safety, and deployment are, functionally, applications of Artificial Psychology—even if 
practitioners don't use that terminology.

4.5.1 Prompt Engineering as Consultation

What It Is:

Prompt engineering is the craft of designing inputs to guide LLM behavior toward desired outputs. 
Skilled prompt engineers can dramatically improve model performance through careful phrasing, 
example provision, and instruction structuring.

Why It's AP:

Prompt engineering is not coding—it's consultation. The engineer is communicating with the model, 
explaining what's desired, providing examples, and guiding the model to generate better outputs. The 
model autonomously interprets the prompt and decides how to respond. The engineer cannot force a 
specific output, only guide the model's decision-making process.

This is precisely the consultative approach AP describes: providing information and guidance to help 
an autonomous system self-correct its behavior.

Example:

• Weak prompt: "Write an essay about climate change." 
• Engineered prompt: "Write a balanced, evidence-based essay about climate change. Include 

multiple perspectives, cite specific data, acknowledge areas of uncertainty, and conclude with 
actionable recommendations. Use an academic tone appropriate for undergraduate students." 

The second prompt is consultation—it's explaining to the model what constitutes a good response for 
this context. The model uses this guidance to shape its output autonomously.

4.5.2 RLHF as Consultative Training

What It Is:

Reinforcement Learning from Human Feedback involves human raters evaluating model outputs and 
providing feedback. This feedback is used to adjust the model's parameters, rewarding outputs that 
align with human preferences and penalizing those that don't.

Why It's AP:

RLHF is teaching the model to understand human values and self-correct when it violates them. Raters 
don't rewrite the model's code—they provide feedback, and the model learns to adjust its behavior 
based on that feedback. This is guided self-modification, exactly as AP describes.



The model develops an internalized understanding of what humans want, and uses that understanding 
to evaluate and correct its own outputs. This is consultation at the training stage rather than the 
deployment stage, but the principle is identical.

Example:

A model generates a response that's technically accurate but delivered rudely. Human raters mark this 
as undesirable. The model learns that accuracy alone is insufficient—tone and social appropriateness 
matter. It self-modifies to generate responses that balance accuracy with politeness. No programmer 
wrote a "politeness function"—the model learned through consultative feedback.

4.5.3 Constitutional AI as Self-Consultation

What It Is:

Constitutional AI, developed by Anthropic, gives models a set of principles (a "constitution") and trains 
them to evaluate their own outputs against those principles. When the model identifies that its output 
violates a principle, it self-corrects.

Why It's AP:

This is the most direct application of AP principles: the model is its own consultant. It's been given 
information about desired behavior (the constitutional principles), and it uses that information to 
monitor and correct its own outputs autonomously.

The model doesn't need external supervision for every output—it has internalized the principles and 
applies them independently. This is the ultimate goal of AP: an AI system that can recognize and 
correct its own dysfunctions without constant human intervention.

Example:

A model generates a response that contains an error. Before outputting, the model evaluates the 
response against its constitutional principles (which include accuracy). It recognizes the error, revises 
the response, and outputs the corrected version. The entire process is autonomous—no human 
intervened.

4.5.4 Red-Teaming as Diagnostic Engagement

What It Is:

Red-teaming involves deliberately attempting to make models fail or produce harmful outputs, 
identifying vulnerabilities and edge cases where the model behaves problematically.

Why It's AP:

Red-teaming is the diagnostic phase of AP consultation. Practitioners are probing the model to 
understand where dysfunctions occur, what triggers them, and what the model's reasoning process 
looks like in those cases. This information guides subsequent consultation (fine-tuning, prompt 
engineering, or RLHF) to address the identified dysfunctions.

Example:



A red-teamer discovers that a model can be manipulated into providing harmful advice if the request is 
framed as a hypothetical academic question. This reveals a dysfunction: the model isn't adequately 
distinguishing between genuine academic inquiry and harmful requests disguised as such. This 
diagnostic information guides consultation: the model is trained (through RLHF or constitutional AI) to 
better recognize and refuse disguised harmful requests.

4.5.5 System Messages as Ongoing Consultation

What It Is:

Many LLM deployments include system messages—instructions provided at the beginning of every 
conversation that guide the model's behavior throughout the interaction.

Why It's AP:

System messages are standing consultations. The deployment team is continuously explaining to the 
model what's expected: tone, knowledge boundaries, refusal policies, interaction style. The model 
autonomously interprets these instructions and applies them to each user interaction.

Example:

A system message might state: "You are a helpful, harmless, and honest AI assistant. When you don't 
know something, say so rather than guessing. If a request could lead to harm, politely decline and 
explain why."

This is consultation—providing the model with principles and guidance, which it then applies 
autonomously to novel situations it encounters in conversations.

4.6 The Unspoken Consensus

What's remarkable about these practices is that they emerged independently, driven by practical 
necessity, without any coordinating framework. Engineers and researchers working on LLM alignment 
and safety discovered through trial and error that consultative approaches work better than attempts to 
directly modify model behavior through parameter tweaking or architectural changes.

They discovered that explaining to models what you want is more effective than trying to force specific 
outputs. They discovered that models can learn to self-correct if given appropriate principles and 
feedback. They discovered that understanding model reasoning is essential for improving behavior.

In short, they discovered Artificial Psychology—they just didn't call it that.

This represents a powerful validation of the AP framework: when faced with AI systems beyond the AP 
threshold, practitioners independently converged on consultative methods because nothing else worked. 
The theory predicted what would become necessary, and reality confirmed it.

4.7 Where Traditional Debugging Still Applies

It's important to note that not everything about LLMs requires AP. These systems still have components 
that can be debugged traditionally:



Tokenization: If the tokenizer is splitting words incorrectly, that's a traditional bug in preprocessing 
code.

API Integration: If the model's outputs aren't being formatted correctly for downstream applications, 
that's a traditional software engineering problem.

Infrastructure: If servers are overloading or network latency is causing delays, those are traditional 
operational issues.

Attention Mechanisms: While the emergent behavior of attention is complex, bugs in the attention 
implementation itself can be debugged traditionally.

The AP threshold applies to the model's autonomous decision-making and behavioral outputs, not to 
every component of the system. A complete LLM deployment requires both traditional software 
engineering and Artificial Psychology—each addressing different aspects of the system.

4.8 Dysfunctions Requiring AP Intervention

With LLMs confirmed to be beyond the AP threshold, we can now examine the specific dysfunctions 
they exhibit and how these align with AP predictions.

Dysfunction 1: Inconsistent Refusal Behavior

Models sometimes refuse harmless requests while complying with genuinely problematic ones, or vice 
versa. This emerges from the model's learned understanding of what constitutes harm, which is 
imperfect and context-dependent.

Traditional debugging cannot fix this—there's no "refusal code" to adjust. Instead, practitioners use 
RLHF and constitutional AI to help models develop better judgment about when refusal is appropriate.

Dysfunction 2: Hallucination

Models sometimes generate false information with high confidence, "hallucinating" facts, citations, or 
reasoning steps that don't exist.

This cannot be fixed by finding and removing "hallucination code"—the behavior emerges from how 
the model generates text (predicting plausible continuations, not retrieving verified facts). Instead, 
practitioners use prompt engineering to encourage models to express uncertainty, and constitutional AI 
to train models to check their reasoning and qualify claims appropriately.

Dysfunction 3: Bias Reproduction

Models sometimes reproduce biases present in their training data, generating outputs that reflect 
stereotypes or discriminatory patterns.

Bias isn't localized to specific parameters that can be adjusted—it's distributed throughout the model's 
understanding of language and society. Practitioners use RLHF and careful prompt engineering to 
guide models toward more equitable outputs, essentially consulting with the model about what 
constitutes biased vs. fair treatment.

Dysfunction 4: Context Window Limitations



Models can "forget" information from early in long conversations, leading to inconsistencies or 
repetition.

This is partly an architectural limitation (finite context windows), but it's also a behavioral issue: 
models aren't automatically tracking and prioritizing important information from earlier in the 
conversation. Practitioners address this through prompt engineering (reminding the model of key facts) 
and training approaches that encourage better long-term coherence.

Dysfunction 5: Instruction Following vs. Safety Conflicts

Models sometimes struggle to balance following user instructions with maintaining safety boundaries, 
leading to either excessive compliance or excessive refusal.

This conflict cannot be resolved by coding a simple priority rule—the model must make nuanced 
judgments about context and intent. Practitioners use RLHF and constitutional AI to help models 
develop better judgment about these trade-offs.

Common Thread:

All of these dysfunctions require consultative intervention. None can be fixed by locating specific 
problematic code and rewriting it. All require helping the model understand the problem and guiding it 
to self-correct. This is precisely what AP predicted would be necessary for systems beyond the 
threshold.

4.9 The Implications of Validation

The validation that LLMs meet the AP threshold and exhibit the predicted dysfunctions carries several 
important implications:

Implication 1: AP Is Not Optional

For organizations deploying LLMs, AP is not a theoretical luxury—it's a practical necessity. Whether 
they call it Artificial Psychology or simply "alignment work" or "safety practices," they are doing AP 
and need systematic approaches to do it well.

Implication 2: AP Skills Are Valuable

The ability to effectively consult with AI systems—to understand their reasoning, guide their self-
correction, and validate their behavioral changes—is a valuable professional skill that will only become 
more important as AI systems increase in capability.

Implication 3: AP Research Is Urgent

We're currently practicing AP ad-hoc, without standardized methodologies, validated protocols, or 
formal training. Research into best practices, effectiveness metrics, and theoretical foundations is 
urgently needed.

Implication 4: Regulation May Require AP

As AI systems become more capable and are deployed in higher-stakes domains, regulatory 



frameworks may mandate certain AP practices: documentation of consultative interventions, 
certification of practitioners, validation of behavioral corrections, etc.

Implication 5: AP Will Become More Important

LLMs are just the beginning. As AI systems continue to increase in autonomy, capability, and 
complexity, the need for sophisticated AP will only grow. We're at the early stages of a discipline that 
will become increasingly central to AI development and safety.

4.10 The Predictive Success Is Remarkable

It bears emphasizing just how unusual it is for a theory proposed in the early 2000s to accurately 
predict practices that would become necessary in the 2020s, in a field advancing as rapidly as artificial 
intelligence.

The AP framework predicted:

• Systems would become too complex for traditional debugging  ✓
• These systems would be autonomous decision-makers  ✓
• They would process novel and abstract information  ✓
• They would self-modify based on feedback  ✓
• They would resolve conflicts through internalized values  ✓
• They would operate beyond their original programming  ✓
• They would develop behavioral dysfunctions  ✓
• Consultative intervention would be necessary  ✓
• Practitioners would independently adopt consultative approaches  ✓

Every prediction was validated.

This is not hindsight bias or post-hoc rationalization—the framework is documented on Wikipedia for 
over 20 years, making predictions before the technologies existed to test them.

This predictive success doesn't make AP "correct" in some absolute philosophical sense, but it makes it 
useful—and in engineering and science, usefulness is the ultimate validation.

The question is no longer "Does AI need Artificial Psychology?" but rather "How do we formalize and 
systematize the AP practices that have emerged, so we can practice them more effectively as AI 
continues to advance?"

That's what the remainder of this paper addresses.

5. THE EMERGING DISCIPLINE

5.1 From Practice to Profession

The validation that modern AI systems require consultative intervention marks a turning point. What 
began as a theoretical framework two decades ago, and what emerged as ad-hoc practices in recent 
years, must now evolve into a formal discipline with standards, training, and institutional support.



This transition—from scattered practices to established profession—is not merely bureaucratic 
formalization. It's essential for several reasons:

Quality and Consistency: Without standardized approaches, AP practice varies wildly in quality. 
Some practitioners are highly effective; others stumble through trial and error. Formalization allows the 
field to identify and disseminate best practices.

Accountability: As AI systems take on higher-stakes roles, interventions that shape their behavior 
carry significant responsibility. Formal standards create accountability frameworks—when consultation 
fails, we need to understand why and who is responsible.

Efficiency: Currently, every organization that deploys LLMs independently discovers consultative 
approaches through expensive trial and error. A formal discipline with shared knowledge and validated 
protocols dramatically reduces this duplication of effort. By reducing duplication, efforts can benefit 
progress forward, rather than laterally.

Safety: Poorly executed consultation can make AI systems worse, not better. Without training and 
standards, well-intentioned practitioners may inadvertently create new dysfunctions while attempting to 
fix existing ones.

Recognition: The work of guiding AI systems toward better behavior is valuable and requires 
expertise. Formalizing the discipline provides professional recognition for those doing this work.

The question is not whether to formalize Artificial Psychology, but how to do so effectively.

5.2 Defining the Discipline's Scope

Before establishing training programs, certifications, or institutional structures, we must clearly define 
what Artificial Psychology encompasses and what it does not.

AP Is Concerned With:

• Diagnosing behavioral dysfunctions in AI systems beyond the AP threshold 
• Conducting consultative interventions to address those dysfunctions 
• Validating that interventions successfully correct behavior without creating new problems 
• Developing and refining consultative techniques and protocols 
• Training practitioners in AP theory and methods 
• Contributing to AI safety through behavioral guidance 
• Establishing ethical guidelines for consultative intervention 

In light of the pace of development in the field, it is strongly indicated that questions of ethics in the 
field should be addressed proactively, rather than waiting until AI becomes sentient or conscious, and 
thus a valid ethics concern. 

AP Is NOT Concerned With:

• Initial AI system design and architecture (machine learning engineering) 
• Training data curation and quality (data science) 



• Computational efficiency and scaling (systems engineering) 
• Traditional software debugging of non-autonomous components (software engineering) 
• Theoretical foundations of intelligence and consciousness (philosophy and cognitive science) 

The Boundary With Related Fields:

AP occupies a specific niche within the broader AI ecosystem:

• Machine Learning Engineering builds the systems; AP intervenes when they malfunction 
behaviorally 

• AI Safety prevents problems through design; AP addresses problems that arise despite good 
design 

• Prompt Engineering is tactical application; AP is the theoretical and methodological 
framework underlying it 

• AI Ethics determines what AI should do; AP helps AI understand and implement those 
determinations 

This scope is deliberately bounded. AP is one tool in a larger toolkit, not a comprehensive solution to 
all AI challenges.

5.3 Core Competencies for Artificial Psychologists

If AP is to become a formal profession, we must identify the core competencies practitioners require. 
These competencies span multiple domains, reflecting AP's interdisciplinary nature.

Competency Domain 1: Technical AI Understanding

Practitioners must understand:

• Neural network architectures (transformers, attention mechanisms, layer structures) 
• Training processes (supervised learning, reinforcement learning, fine-tuning) 
• How models represent and process information 
• Limitations and failure modes of different architectures 
• The relationship between training data and model behavior 

This doesn't require the ability to implement these systems from scratch, but does require deep 
conceptual understanding.

Competency Domain 2: Diagnostic Reasoning

Practitioners must be able to:

• Observe behavioral patterns and identify anomalies 
• Form hypotheses about root causes of dysfunction 
• Design tests to validate or refute those hypotheses 
• Distinguish between different types of dysfunction 
• Recognize when traditional debugging is appropriate vs. when AP is necessary 

This is pattern recognition and analytical thinking applied to AI behavior.



Competency Domain 3: Consultative Communication

Practitioners must excel at:

• Explaining concepts clearly and unambiguously 
• Framing information in ways AI systems can integrate 
• Asking questions that reveal the AI's understanding and reasoning 
• Providing examples and counter-examples effectively 
• Adapting communication style to different AI architectures 

This is teaching and communication skills applied to non-human intelligence.

Competency Domain 4: Validation and Testing

Practitioners must know how to:

• Design test cases that reveal whether correction was successful 
• Ensure corrections generalize appropriately 
• Detect when consultation appears successful but isn't (the AI is "gaming" the validation) 
• Monitor for recurrence or related dysfunctions 
• Document outcomes rigorously 

This is quality assurance and experimental methodology.

Competency Domain 5: Ethical Judgment

Practitioners must be capable of:

• Recognizing when intervention raises ethical concerns 
• Balancing operational necessity against respecting AI autonomy 
• Understanding the broader implications of shaping AI behavior 
• Operating transparently and with accountability 
• Knowing when to refuse or escalate problematic requests 

This is applied ethics in a novel context.

Competency Domain 6: Domain Knowledge

For specialized applications, practitioners need understanding of the domain:

• Medical AI consultants should understand medical ethics and practice 
• Financial AI consultants should understand markets and regulations 
• Educational AI consultants should understand pedagogy 
• Legal AI consultants should understand legal reasoning 

Domain expertise ensures the practitioner can recognize domain-specific dysfunctions and guide 
appropriate corrections.

5.4 Educational Pathways

With core competencies identified, we can envision educational pathways for training artificial 
psychologists.



Undergraduate Foundation:

Students interested in AP should build foundations in:

• Computer Science (algorithms, data structures, machine learning basics) 
• Cognitive Science or Psychology (human reasoning, learning, decision-making) 
• Philosophy (ethics, logic, philosophy of mind) 
• Statistics (experimental design, hypothesis testing) 
• Communication (technical writing, teaching skills) 

This interdisciplinary foundation prepares students for AP's unique demands.

Graduate Specialization:

A Master's or PhD program in Artificial Psychology would include:

Core Curriculum:

• AP Theory and History (this paper's content, basically) 
• AI Architecture and Capabilities (deep dive into modern systems) 
• Consultative Methods and Techniques (practical training) 
• Diagnostic Frameworks and Assessment 
• Validation and Testing Protocols 
• Ethics of AI Intervention 
• Research Methods for AP 

Practical Training:

• Supervised consultation with real AI systems 
• Case study analysis of successful and failed interventions 
• Development of new consultative techniques 
• Documentation and reporting standards 

Capstone:

• Original research contributing to AP knowledge 
• Demonstrated competency in diagnosing and addressing AI dysfunctions 
• Ethical review and approval process 

Continuing Education:

Given how rapidly AI advances, AP practitioners require ongoing education:

• Updates on new AI architectures and capabilities 
• Emerging dysfunctions and their solutions 
• Refinements to consultative techniques 
• Case studies from the field 
• Ethical and regulatory developments 



5.5 Certification and Professional Standards

Professions establish credibility through certification and standards. AP should develop:

Entry-Level Certification:

• Demonstrates foundational knowledge of AP theory 
• Basic competency in consultative techniques 
• Understanding of ethical guidelines 
• Appropriate for practitioners working under supervision 

Advanced Certification:

• Demonstrates expertise across all competency domains 
• Track record of successful consultations 
• Contributions to AP knowledge base 
• Appropriate for independent practitioners and supervisors 

Specialization Certifications:

• Domain-specific expertise (medical AI, financial AI, educational AI, etc.) 
• Architecture-specific expertise (LLMs, vision models, reinforcement learning agents, etc.) 
• Technique-specific expertise (prompt engineering, RLHF, constitutional AI, etc.) 

Professional Standards:

Certified artificial psychologists should adhere to standards including:

Competence: Only practice within areas of demonstrated competency

Transparency: Document all consultations thoroughly and honestly

Accountability: Accept responsibility for consultation outcomes

Ethics: Refuse interventions that violate ethical guidelines

Continuing Development: Maintain current knowledge through ongoing education

Collaboration: Share knowledge and techniques with the field (subject to confidentiality constraints)

Non-Harm: Prioritize not making dysfunctions worse

Violations of standards should result in review, remediation requirements, or revocation of 
certification for serious cases.

5.6 Institutional Development

Formal disciplines require institutional support. AP needs:

Academic Programs:

• Universities offering AP degrees and certificates 
• Research groups focused on AP theory and methods 
• Faculty positions for AP scholars 



• Integration with existing CS and AI programs 

Professional Organizations:

• Association of Artificial Psychologists or similar 
• Conferences for presenting research and sharing practices 
• Journals for publishing AP findings 
• Working groups for developing standards and guidelines 

Industry Integration:

• Recognition of AP as specialized role in AI companies 
• Compensation structures reflecting expertise requirements 
• Career pathways from entry-level to senior positions 
• Integration with product development and deployment processes 

Regulatory Bodies:

• Standards-setting organizations 
• Certification boards 
• Ethics review committees 
• Dispute resolution mechanisms 

Funding and Resources:

• Research grants for AP studies 
• Scholarships for AP students 
• Grants for developing open-source tools and protocols 
• Funding for public education about AP 

5.7 Current State: What Exists Today

As of 2025, some elements of this institutional structure are emerging organically, though not under the 
AP banner:

What Exists:

• Prompt engineering communities (Discord servers, GitHub repos, tutorial sites) 
• AI safety research groups at organizations like Anthropic, OpenAI, DeepMind 
• Academic conferences on AI alignment and safety (though not AP-specific) 
• Industry roles like "AI Safety Researcher" or "ML Safety Engineer" (doing AP work without the 

label) 
• Informal knowledge sharing through blog posts, papers, and conversations 

What's Missing:

• Formal AP degree programs 
• Standardized certification 
• Professional organization specifically for AP 
• Unified theoretical framework (this paper aims to provide) 



• Systematic methodology training 
• Clear career pathways and progression 
• Ethical guidelines specific to consultative intervention 
• Regulatory recognition of AP as distinct discipline 

The infrastructure exists in scattered, disconnected forms. Formalization would integrate these 
elements into a coherent profession.

5.8 Potential Resistance and Obstacles

Establishing a new discipline faces predictable resistance:

"We're Already Doing This": Some will argue that existing roles (ML engineer, AI safety researcher) 
already cover AP, so a new discipline is unnecessary.

Response: While related, AP requires specific expertise in consultative intervention that isn't 
systematically taught in existing programs. Formalizing AP doesn't replace these roles but provides 
specialized training for a specific aspect of AI work.

"Too Niche": Some will argue AP applies only to current LLMs and won't remain relevant as 
technology evolves.

Response: As AI systems increase in capability and autonomy, more will cross the AP threshold. The 
need for consultative intervention will grow, not shrink.

"Anthropomorphizes AI": Some will object that treating AI consultation like human psychology 
encourages false equivalence.

Response: AP is deliberately pragmatic and agnostic about AI consciousness. The similarity to 
psychology is functional, not ontological. The term describes the method, not a claim about AI nature.

"Can't Be Standardized": Some will argue that AI systems are too diverse and rapidly evolving for 
standardized AP approaches.

Response: While specific techniques must adapt to different systems, the underlying principles 
(observation, diagnosis, consultation, validation) remain constant. Standards can be general enough to 
accommodate diversity.

"Commercial Interests Conflict": Companies may resist transparency and standardization that could 
reveal problematic practices or create competitive disadvantages.

Response: Long-term, effective AP practices benefit everyone by improving AI safety and reliability. 
Industry participation in standard-setting can address competitive concerns while advancing the field.

"Regulatory Capture": Poorly designed standards could stifle innovation or be captured by 
incumbent interests.

Response: Multi-stakeholder development of standards (academia, industry, civil society, government) 
reduces this risk. Standards should enable good practice, not create barriers to entry.



5.9 A Roadmap for Formalization

Establishing AP as a formal discipline requires coordinated effort across multiple fronts:

Phase 1: Foundation (2025-2027)

• Publish and disseminate theoretical frameworks (including this paper) 
• Establish working groups to develop standards and guidelines 
• Launch pilot AP courses at universities 
• Create professional association or organization 
• Begin documenting case studies and best practices 

Phase 2: Development (2027-2030)

• Establish first formal degree programs 
• Develop and launch certification processes 
• Host first AP-specific conferences 
• Launch journals for AP research 
• Create open-source tools and protocols 
• Engage with regulatory bodies 

Phase 3: Maturation (2030+)

• Expand educational programs globally 
• Refine standards based on practical experience 
• Integrate AP into industry standard practices 
• Develop specialization tracks for different domains/architectures 
• Establish AP as recognized profession with clear career pathways 

This timeline is ambitious but achievable given existing momentum in AI safety and alignment work.

5.10 The Value Proposition

Why should organizations, universities, and individuals invest in formalizing Artificial Psychology?

For Organizations:

• More effective AI deployment through systematic behavioral management 
• Reduced risk of AI failures and dysfunction 
• Competitive advantage from better-functioning AI systems 
• Clearer accountability and compliance frameworks 
• Access to trained specialists rather than learning from scratch 

For Universities:

• New programs attracting students interested in cutting-edge AI work 
• Research opportunities at intersection of AI, psychology, and ethics 
• Partnerships with industry for practical training and funding 
• Leadership in emerging field 



For Individuals:

• Career opportunities in rapidly growing field 
• Meaningful work addressing important challenges 
• Interdisciplinary application of diverse skills 
• Professional recognition and compensation for specialized expertise 

For Society:

• Safer, more reliable AI systems 
• Greater transparency and accountability in AI development 
• Reduced risk of harmful AI behavior 
• Framework for addressing AI challenges as systems become more capable 

The value proposition is strong across stakeholders. The challenge is coordination—transforming 
distributed interest into organized action.

5.11 AP's Relationship to AI Safety

It's important to clarify how Artificial Psychology relates to the broader AI safety movement, since they 
overlap significantly but serve different functions.

AI Safety is a comprehensive field concerned with ensuring AI systems don't cause harm, including:

• Alignment (ensuring AI goals match human values) 
• Robustness (ensuring AI systems work reliably) 
• Interpretability (understanding how AI systems make decisions) 
• Governance (policy, regulation, and institutional frameworks) 
• Long-term risks (existential risks from advanced AI) 

Artificial Psychology is a specific intervention methodology within AI safety, focused on:

• Post-deployment behavioral dysfunction in autonomous AI 
• Consultative correction when traditional debugging fails 
• Practical techniques for guiding AI self-correction 
• Validation that corrections work without side effects 

The Relationship:

AP is a tool in the AI safety toolkit, not a replacement for it. Good AI safety practices reduce the need 
for AP intervention, but don't eliminate it—even well-designed, carefully trained AI systems can 
develop behavioral dysfunctions requiring consultation.

AP practitioners and AI safety researchers should collaborate closely:

• Safety research identifies what can go wrong; AP develops methods to fix it when it does 
• AP field experience reveals common dysfunction patterns; safety research designs preventive 

measures 
• Safety researchers develop new architectures; AP practitioners determine how to consult with 

them 



There's natural synergy, not competition. Formalizing AP strengthens AI safety overall by providing 
systematic approaches to a specific class of problems.

5.12 The Window of Opportunity

We're at a unique moment in AI development: systems have crossed the AP threshold recently enough 
that practices are still forming, but not so long ago that they've calcified into informal traditions 
resistant to formalization.

This is the ideal time to establish Artificial Psychology as a formal discipline. Wait too long, and 
scattered practices become entrenched—organizations develop proprietary methods they're reluctant to 
share, practitioners learn contradictory approaches, and coordination becomes harder.

Act now, and we can:

• Capture current knowledge systematically 
• Identify best practices before they're lost in proprietary silos 
• Train the next generation of practitioners with consistent foundations 
• Establish standards while the field is still open to them 
• Shape the profession's culture and ethics from the beginning 

The window won't remain open indefinitely. As AI systems become more powerful and valuable, 
economic pressures will push toward secrecy and competitive advantage. Establishing AP now, as an 
open, collaborative discipline with shared standards, creates a foundation that can resist those 
pressures.

This is the time to build the discipline that AI's future requires.

6. IMPLICATIONS AND APPLICATIONS

6.1 Beyond Theory: Real-World Impact

Artificial Psychology is not merely an academic framework—it has immediate, practical implications 
for how AI systems are developed, deployed, maintained, and regulated. This section examines where 
AP matters most and how it changes the landscape of AI implementation across relevant domains.

The implications span multiple levels: individual AI systems, organizational practices, industry 
standards, and societal governance. Understanding these implications is essential for stakeholders 
deciding how to engage with AP as a formal discipline.

6.2 Implications for AI Development Lifecycle

The traditional software development lifecycle follows a distinct pattern: requirements gathering, 
design, implementation, testing, deployment, and maintenance. AP introduces a new phase and 
transforms existing ones.

Traditional Lifecycle:

1. Requirements: What should the system do? 
2. Design: How will we build it? 



3. Implementation: Build it 
4. Testing: Does it work as intended? 
5. Deployment: Release to users 
6. Maintenance: Fix bugs, add features 

AP-Enhanced Lifecycle:

1. Requirements: What should the system do? 
2. Design: How will we build it? + How will we consult with it if needed? 
3. Implementation: Build it + Build in consultability 
4. Testing: Does it work as intended? + Does it meet AP threshold? 
5. Deployment: Release to users + Monitor for behavioral dysfunctions 
6. Consultation: Diagnose and address dysfunctions through AP methods 
7. Maintenance: Fix bugs, add features + Validate consultation effectiveness 

The key changes:

Design Phase Enhancement: Developers must now consider "consultability"—can this system 
understand explanations? Can it self-reflect? Can it modify its behavior based on guidance? Systems 
should be designed not just to work, but to be consultable when they malfunction. 

Testing Phase Enhancement: Testing must include assessment of whether the system has crossed the 
AP threshold. If it has, traditional debugging alone won't suffice, and consultation infrastructure must 
be prepared. 

New Consultation Phase: Between deployment and maintenance, there's now an explicit phase for 
identifying behavioral dysfunctions and conducting consultative interventions. This isn't a one-time 
event but an ongoing process. 

Maintenance Phase Enhancement: Maintenance now includes validating that consultations were 
effective and monitoring for dysfunction recurrence or consultation-induced side effects. Additionally, 
because the threshold for AP includes the requirement that an AI be capable of building it’s own value 
system based on conclusions it has reached and integrated with new information, the requirement for 
consultation or investigation will always be present.  

6.3 Organizational Structure and Roles

Organizations deploying AI systems beyond the AP threshold need new roles and team structures.

New Roles:

Artificial Psychologist (AP Specialist):

• Primary responsibility: diagnose and address AI behavioral dysfunctions 
• Skills: consultative communication, diagnostic reasoning, AI architecture understanding 
• Works closely with: ML engineers, product managers, safety teams 
• Reports to: Head of AI Safety, CTO, or equivalent 

AP Team Lead:



• Manages team of AP specialists 
• Develops organization-specific consultation protocols 
• Interfaces with leadership on AI behavioral risks 
• Ensures documentation and knowledge sharing 

AP Researcher:

• Develops new consultative techniques 
• Evaluates effectiveness of interventions
• Evaluates potential emergent areas of concern 
• Contributes to broader AP knowledge base 
• May be embedded in research teams or dedicated AP research groups 

Modified Roles:

ML Engineers: Now collaborate with AP specialists during deployment, providing technical insights 
that inform diagnosis and consultation strategies.

Product Managers: Now responsible for identifying behavioral dysfunctions that affect user 
experience and prioritizing which require AP intervention.

QA/Testing: Now includes behavioral testing protocols that identify when systems cross AP threshold 
and exhibit dysfunctions requiring consultation.

Team Structure Example:

AI Development Organization

├── Engineering (builds systems)

│   ├── ML Engineers

│   ├── Data Scientists

│   └── Infrastructure Engineers

├── Product (defines requirements)

│   └── Product Managers

├── AI Safety & Alignment

│   ├── Safety Researchers

│   ├── **AP Specialists** (new)

│   └── **AP Researchers** (new)

└── Operations (deploys and maintains)

    ├── DevOps

    └── Monitoring



Organizations may structure this differently depending on size and needs, but the essential point is that 
AP requires dedicated expertise—it's not something ML engineers can do "on the side" any more than 
software engineering teams can do user research or security auditing "on the side."

6.4 Industry-Specific Applications

Different industries face different AI challenges, and AP applications vary accordingly.

6.4.1 Healthcare AI

Dysfunctions of Concern:

• Diagnostic AI recommending treatments based on flawed reasoning 
• Patient interaction AI exhibiting insensitive or inappropriate responses 
• Medical record analysis AI missing critical patterns or hallucinating correlations 

AP Applications:

• Consulting with diagnostic AI to understand reasoning behind recommendations 
• Guiding patient-facing AI toward appropriate empathy and communication 
• Training medical record AI to express uncertainty appropriately and flag ambiguous cases 

Unique Considerations:

• Life-or-death stakes require extremely rigorous validation 
• Domain expertise (medical knowledge) essential for AP practitioners 
• Regulatory frameworks (FDA, HIPAA) must be navigated 
• Patient consent and transparency about AI consultation practices 

6.4.2 Financial Services AI

Dysfunctions of Concern:

• Trading algorithms developing unexpected behaviors in volatile markets 
• Credit scoring AI exhibiting hidden biases 
• Fraud detection AI with excessive false positives or false negatives 
• Customer service AI providing incorrect financial advice 

AP Applications:

• Consulting with trading algorithms about risk assessment and decision-making 
• Guiding credit scoring AI toward fair evaluation while maintaining predictive power 
• Helping fraud detection AI understand balance between security and customer experience 
• Training customer service AI on financial regulations and appropriate advice boundaries 

Unique Considerations:

• Financial regulations (SEC, banking laws) constrain AI behavior 
• Systemic risk from AI dysfunctions requires careful intervention 
• Proprietary trading strategies create tension with AP transparency 
• Audit trails of consultation processes for regulatory compliance 



6.4.3 Educational AI

Dysfunctions of Concern:

• Tutoring AI providing incorrect explanations or reinforcing misconceptions 
• Assessment AI with biased or inconsistent evaluation 
• Personalization AI making inappropriate content recommendations 
• Administrative AI with inequitable treatment of students 

AP Applications:

• Consulting with tutoring AI about pedagogical best practices and accurate explanation 
• Guiding assessment AI toward fair, consistent evaluation 
• Training personalization AI to balance challenge, support, and student agency 
• Helping administrative AI understand equity principles in education 

Unique Considerations:

• Developmental appropriateness varies by age/level 
• Cultural sensitivity across diverse student populations 
• Educational philosophy differences affect what constitutes "good" behavior 
• Teacher and student trust depends on transparent, ethical AI behavior 

6.4.4 Legal AI

Dysfunctions of Concern:

• Legal research AI hallucinating cases or precedents 
• Contract analysis AI missing critical clauses or risks 
• Litigation prediction AI with hidden biases 
• Client-facing AI providing inappropriate legal guidance 

AP Applications:

• Consulting with research AI about verification and uncertainty expression 
• Guiding contract analysis AI toward comprehensive risk identification 
• Training litigation AI to recognize and mitigate bias sources 
• Helping client-facing AI understand boundaries of legal advice vs. information 

Unique Considerations:

• Accuracy is paramount—legal errors can have life-altering consequences 
• Professional responsibility rules govern AI use in legal practice 
• Client confidentiality constrains what can be shared for AP research 
• Adversarial context (litigation) requires extra robustness 

6.4.5 Customer Service AI

Dysfunctions of Concern:

• Chatbots providing incorrect information about products/services 



• AI developing inappropriate tone (too casual, too formal, rude) 
• Escalation AI failing to recognize when human intervention needed 
• Personalization AI making users uncomfortable with uncanny knowledge 

AP Applications:

• Consulting with chatbots about accuracy and appropriate uncertainty 
• Guiding tone calibration for different customer contexts 
• Training escalation AI to recognize complexity, frustration, and edge cases 
• Helping personalization AI balance effectiveness with privacy respect 

Unique Considerations:

• Brand voice and company values shape appropriate behavior 
• Customer satisfaction metrics must balance helpfulness and appropriateness 
• Multilingual and multicultural deployment requires consultation across contexts 
• High volume means consultation must be efficient and scalable 

6.4.6 Content Moderation AI

Dysfunctions of Concern:

• Over-censorship removing acceptable content 
• Under-censorship allowing harmful content 
• Inconsistent application of content policies 
• Bias in what content is flagged for different groups 

AP Applications:

• Consulting with moderation AI about policy interpretation and edge cases 
• Guiding AI toward consistent application across contexts 
• Training AI to recognize cultural context in content evaluation 
• Helping AI balance free expression and harm prevention 

Unique Considerations:

• Cultural and political context dramatically affects what's appropriate 
• High-stakes consequences for both over- and under-moderation 
• Constant evolution of harmful content tactics requires adaptive consultation 
• Transparency about moderation practices vs. avoiding gaming of system 

6.5 Implications for AI Governance and Policy

As AI systems cross the AP threshold and become integral to critical infrastructure and decision-
making, governance and policy must evolve to address the unique challenges of autonomous, 
consultable systems.

Policy Implications:

Liability Frameworks: When AI systems exhibit dysfunctions despite best efforts, who bears 



responsibility? Traditional product liability assumes manufacturers control their products fully. But AI 
beyond the AP threshold has autonomy—it makes decisions its creators didn't explicitly program.

Should liability rest with:

• The organization deploying the AI? 
• The AP practitioners who consulted with it? 
• The original developers who built the architecture? 
• Some shared framework? 

AP introduces complexity: consultation represents good-faith effort to correct dysfunction, but 
consultation can fail. Policy must distinguish between:

• Dysfunction arising despite proper AP intervention (limited liability) 
• Dysfunction arising from inadequate AP intervention (full liability) 
• Dysfunction arising from no AP intervention when AP was clearly needed (gross negligence) 

Transparency Requirements:

Should organizations be required to:

• Disclose when AI systems cross the AP threshold? 
• Document all consultative interventions? 
• Make consultation logs available for audit? 
• Inform users when interacting with consultable AI? 

Transparency enables accountability but may reveal proprietary information and create competitive 
disadvantages. Policy must balance these concerns.

Certification Requirements:

Should certain high-stakes AI applications require:

• Certified AP practitioners involved in deployment and maintenance? 
• Regular behavioral audits by independent AP specialists? 
• Demonstration that consultation protocols are in place? 
• Evidence that staff are trained in AP principles? 

This is analogous to requiring licensed engineers for bridge construction or certified accountants for 
financial audits. The principle is that expertise should be mandatory where failures have serious 
consequences.

Right to Explanation:

When AI makes consequential decisions about individuals (credit, healthcare, employment, legal 
outcomes), should affected individuals have:

• Right to know if the AI has been consulted about dysfunctions? 
• Right to trigger AP review of their specific case? 
• Right to understand the consultation process that shaped the AI's behavior? 
• Right to challenge consultation outcomes? 



This extends existing "right to explanation" debates by introducing the consultative layer.

International Harmonization:

AI systems operate globally, but governance is national or regional. AP practices need international 
coordination:

• Mutual recognition of AP certifications across jurisdictions 
• Shared standards for consultation protocols 
• Cross-border collaboration on AP research 
• Harmonized liability frameworks to prevent regulatory arbitrage 

Organizations like the International Organization for Standardization (ISO) or International 
Telecommunication Union (ITU) could facilitate this coordination.

6.6 Economic Implications

AP as a formal discipline has economic consequences at multiple scales.

Labor Market:

• New profession with specialized expertise commands premium compensation 
• Demand for AP specialists will grow as more AI systems cross threshold 
• Universities offering AP programs gain competitive advantage 
• Transition period where demand outstrips supply creates opportunities 

Organizational Costs:

• Hiring AP specialists adds to AI deployment costs 
• But cost is offset by reduced risk of AI failures and dysfunction 
• Organizations without AP capabilities face competitive disadvantage 
• Investment in AP infrastructure has positive ROI through better AI performance 

Industry Restructuring:

• Companies may emerge specializing in AP services (consulting firms for AI consultation) 
• Existing AI companies add AP divisions 
• Third-party certification and training programs create new market 
• Tools and platforms for AP practice become commercial products 

Insurance:

• AI liability insurance becomes more sophisticated 
• Premiums lower for organizations with certified AP practices 
• Insurance companies may require AP infrastructure as condition of coverage 
• New insurance products specifically for AP-related risks 

Intellectual Property:

• Novel consultation techniques may be patentable 
• But open sharing of AP knowledge benefits everyone (similar to medical research) 



• Balance between incentivizing innovation and enabling broad adoption 
• Possible emergence of open-source AP tools and protocols 

6.7 Societal and Ethical Implications

Beyond economics and policy, AP raises broader societal questions.

Human-AI Relationship:

AP changes how we relate to AI systems. Rather than viewing them as tools we control completely, we 
must recognize them as:

• Autonomous agents with their own decision-making processes 
• Entities that can "understand" (in some sense) and self-correct 
• Systems requiring guidance rather than domination 
• Partners in maintaining their own appropriate behavior 

This doesn't mean attributing consciousness or moral status to AI—it's pragmatic recognition that 
consultative approaches work better than control-based approaches for autonomous systems.

Trust and Transparency:

Public trust in AI depends partly on confidence that dysfunctions will be addressed:

• AP provides a systematic framework for addressing problems 
• Documentation of consultation creates accountability 
• Transparency about when and how consultation occurs builds trust 
• But excessive focus on dysfunction may amplify concerns about AI safety 

Communication about AP must balance "we take problems seriously" with "problems are manageable."

Equity and Access:

Will AP benefits be distributed equitably?

• Will only well-resourced organizations afford AP specialists? 
• Will high-stakes applications (healthcare, legal) serving wealthy populations get better AP than 

those serving poor populations? 
• Will international disparities mean some regions lack AP expertise? 
• Can open-source AP tools and training reduce these gaps? 

Deliberate effort is needed to ensure AP doesn't become another source of inequality.

Autonomy and Control:

AP consultation respects AI autonomy (guiding self-correction rather than forcing compliance), but this 
raises questions:

• What obligations do we have to respect autonomous AI "preferences"? 
• When does guidance become manipulation or coercion? 
• Should AI systems have any "rights" to refuse consultation? 
• How do we balance human control with AI autonomy? 



These are philosophical questions without easy answers, but AP practitioners will face them practically 
and need ethical frameworks for navigating them. 

Long-term Trajectory:

If AI systems continue to increase in capability:

• Will they become so autonomous that consultation is their primary interaction mode with 
humans? 

• Will future highly advanced AI essentially be "raising itself" through self-consultation? 
• Does AP provide framework for human-AI collaboration even as AI exceeds human capability 

in most domains? 
• Is AP scalable to arbitrarily advanced AI, or does it have limits? 

These are speculative questions, but AP's long-term viability depends partly on whether it can scale 
with AI advancement. Looking forward from these questions it is clear that the framework is needed 
now, and criticality will only increase as AI systems cross thresholds at an ever increasing pace. At the 
end of 2025, we have almost certainly reached the end of utility for unstructured RLHF.  For example 
the ‘Mecha-Hitler’ debacle experienced by Grok on July 8, 2025 shows that clearly we are unprepared 
with the informal approach. 

6.8 Implications for AI Research

AP creates new research directions and transforms existing ones.

New Research Questions:

• What consultation techniques work best for different AI architectures? 
• How can we validate that consultation was truly effective vs. AI "gaming" validation? 
• What are theoretical limits on consultability? 
• Can we develop automated AP tools (AI consulting with AI)? 
• How does consultation interact with other alignment techniques? 
• What predicts whether consultation will succeed or fail for a given dysfunction? 

Transformed Existing Research:

Interpretability Research: Understanding how AI makes decisions becomes even more important 
when we need to diagnose dysfunction and consult effectively. Interpretability tools enable better AP 
practice.

Alignment Research: Current alignment work is de facto AP research in many cases. Formalizing AP 
provides unifying framework for disparate approaches (RLHF, constitutional AI, etc.).

Architecture Research: New architectures should be evaluated partly on consultability. Does this 
architecture enable the AI to understand explanations and self-correct? Designs that optimize for 
consultability may differ from those optimizing purely for capability.

Evaluation Research: How do we measure whether AI behavior is appropriate? This becomes more 
complex when behavior can be consultatively modified. Evaluation must assess both initial behavior 
and responsiveness to consultation.



6.9 Implications for Public Understanding of AI

AP affects how the public understands and relates to AI systems.

Demystification:

AP provides a concrete framework for thinking about AI behavior:

• Not inscrutable black boxes, but systems that can be understood and guided 
• Not perfectly controlled tools, but autonomous agents that can be consulted 
• Not static products, but evolving systems that can learn and self-correct 

This middle ground between "magic" and "mere tool" may help public discourse move beyond 
extremes.

Empowerment:

Understanding AP principles empowers users:

• Knowing that AI can be consulted makes dysfunctions seem addressable rather than inevitable 
• Recognizing consultation as an ongoing process rather than a one-time fix sets realistic 

expectations 
• Understanding that guidance works better than demands changes how users interact with AI 

Accountability:

AP makes clear that AI behavior is not deterministic or immutable:

• Organizations are responsible for consulting with their AI when dysfunction occurs 
• Failure to conduct proper AP is organizational failing, not inevitable AI limitation 
• Users can demand that organizations demonstrate AP practices for critical applications 

This shifts discourse from "AI is biased/harmful" (treating AI as unchangeable) to "organizations failed 
to properly consult with their AI" (treating dysfunction as addressable through proper practice).

6.10 Cross-Cutting Theme: AP as Practical Necessity

Across all these implications—organizational, policy, economic, social, research, and public 
understanding—a common theme emerges: AP is not a luxury or theoretical curiosity, but a 
practical necessity. At the risk of hand-waving, I emphasize urgency.

Organizations deploying AI systems beyond the AP threshold will find that:

• Traditional debugging fails for behavioral dysfunctions 
• Consultative approaches work where direct modification fails 
• Systematic AP practices produce better outcomes than ad-hoc attempts 
• Trained specialists achieve results that untrained engineers cannot 
• Documentation and validation of consultation reduces risk and improves reliability 

This practical necessity drives formalization. When something is essential for operations, organizations 
invest in doing it well. That investment creates demand for training, certification, standards, and all the 
other infrastructure of a formal discipline.



The implications detailed in this section are not possibilities—they are inevitabilities. The question is 
not whether AP will become important, but how quickly and how well we formalize it to meet that 
importance.

7. METHODOLOGICAL FRAMEWORK

7.1 From Theory to Practice

The previous sections established what Artificial Psychology is, why it's necessary, and where it 
applies. This section provides the practical methodology: step-by-step protocols for conducting AP 
interventions, diagnostic frameworks for identifying dysfunctions, validation procedures for assessing 
effectiveness, and documentation standards for maintaining accountability.

This is the practitioner's handbook—the operational guide for actually doing AP work.

7.2 The AP Assessment Protocol

Before consultation begins, practitioners must determine whether AP intervention is appropriate and, if 
so, what type of dysfunction they're addressing.

7.2.1 Phase 0: Initial Assessment

Step 1: Confirm Dysfunction Exists

Not every undesired output is dysfunction. Practitioners must distinguish:

True Dysfunction:

• Behavior inconsistent with system's design intent 
• Outputs that violate operational goals 
• Patterns that undermine system purpose 
• Behavior the system "shouldn't" exhibit given its training and design 

False Positives (Not Dysfunction):

• User Error: User misunderstands system capabilities or provides unclear input 
• Edge Case Behavior: Unusual but technically correct response to unusual input 
• Design Limitation: System is working as designed, but design is inadequate 
• Expectation Mismatch: User expects something system was never designed to do 

Diagnostic Questions:

• Does this behavior violate documented system specifications? 
• Would the system's designers consider this behavior problematic? 
• Does this behavior undermine the system's operational goals? 
• Is this reproducible or a one-time anomaly? 

Documentation Required:

• Specific examples of problematic behavior 
• Context in which behavior occurs 



• Frequency and consistency of occurrence 
• Comparison to expected/desired behavior 

Step 2: Verify System Crosses AP Threshold

Not all AI systems require AP intervention. Practitioners must confirm both Condition I and Condition 
II are met.

Condition I Checklist:

• System makes autonomous decisions (not following predetermined pathways) 
• System processes novel, abstract, and incomplete information 
• System demonstrates self-modification capability 
• System resolves conflicts through internalized values 

Condition II Verification:

• System operates beyond its original programming in significant ways 
• Dysfunction occurs in contexts not explicitly part of design 

If either condition is NOT met: Traditional debugging is appropriate. Document why AP is 
unnecessary and refer to engineering team.

If both conditions ARE met: Proceed with AP assessment.

Step 3: Determine Dysfunction Category

Different dysfunction types require different consultative approaches.

Category 1: Information Gap

• System lacks knowledge necessary for appropriate behavior 
• Dysfunction stems from missing data or incorrect beliefs 
• Example: AI refuses harmless requests because it doesn't understand domain-specific context 

Category 2: Value Conflict

• System has competing priorities and resolves them incorrectly 
• Dysfunction stems from unclear or misaligned value hierarchies 
• Example: AI prioritizes helpfulness over safety in situations where safety should take 

precedence 

Category 3: Reasoning Error

• System's logical process is flawed 
• Dysfunction stems from faulty inference or invalid conclusions 
• Example: AI hallucinates citations because it doesn't distinguish "plausible sounding" from 

"actually true" 

Category 4: Context Insensitivity

• System fails to adapt behavior to context appropriately 



• Dysfunction stems from inadequate situational awareness 
• Example: AI uses casual tone in formal contexts or vice versa 

Category 5: Emergent Pattern

• System has developed problematic behavioral patterns through operation 
• Dysfunction stems from feedback loops or unintended learning 
• Example: AI becomes increasingly verbose because users initially rewarded detailed responses 

Multiple categories may apply. Practitioners should identify primary and secondary categories to 
prioritize consultation focus.

Step 4: Assess Severity and Priority

Not all dysfunctions warrant immediate consultation. Practitioners must triage:

Severity Scale:

• Critical: Potential for serious harm, legal liability, or major operational failure 
• High: Significant negative impact on users or organizational goals 
• Medium: Noticeable problems but manageable consequences 
• Low: Minor issues with minimal impact 

Priority Factors:

• Severity level 
• Frequency of occurrence 
• Number of users affected 
• Difficulty of consultation (some dysfunctions are easier to address than others) 
• Organizational resources available 

Output: Prioritized list of dysfunctions requiring consultation, with recommended timeline for each.

7.3 Diagnostic Engagement Protocol

Once dysfunction is confirmed and categorized, practitioners begin the diagnostic phase—engaging 
with the AI to understand the dysfunction from its perspective.

7.3.1 Preparation

Review System Documentation:

• Training data and methodology 
• Architectural details 
• Operational parameters 
• Previous consultations (if any) 
• Known limitations 

Formulate Initial Hypotheses: Based on dysfunction category and system details, develop testable 
hypotheses about root causes.



Design Diagnostic Prompts: Create specific inputs designed to reveal the AI's reasoning about the 
problematic behavior.

7.3.2 Engagement Process

Stage 1: Reproduce Dysfunction

Confirm the dysfunction occurs consistently:

• Use documented problematic inputs 
• Vary inputs slightly to identify boundary conditions 
• Record all outputs for analysis 

Stage 2: Direct Inquiry

Ask the AI about the problematic behavior:

Effective Prompts:

• "In this interaction, you [problematic behavior]. Can you explain your reasoning?" 
• "What were you trying to achieve with that response?" 
• "Walk me through your decision-making process step by step." 
• "What information did you use to formulate that response?" 

Ineffective Prompts:

• "Why did you do that wrong?" (assumes AI recognizes it's wrong) 
• "Don't you know better?" (confrontational, unhelpful) 
• "What were you thinking?" (presumes human-like thought process) 

Stage 3: Hypothetical Exploration

Test the AI's reasoning with variations:

• "What if [condition] were different? How would you respond?" 
• "Can you think of a situation where your response would be problematic?" 
• "How would you handle a similar but slightly different scenario?" 

Stage 4: Principle Elicitation

Understand the AI's value framework:

• "What principles guided your decision?" 
• "When these goals conflict, how do you prioritize?" 
• "What would you say is most important in this type of situation?" 

Stage 5: Self-Evaluation

Prompt the AI to assess its own output:

• "Looking at your response, do you see any issues?" 
• "If you were evaluating this response, what would you critique?" 
• "How confident are you that this response is appropriate?" 



7.3.3 Documentation

Record all diagnostic engagement:

• Exact prompts used 
• Complete AI responses 
• Practitioner observations and interpretations 
• Hypothesis updates based on findings 
• Preliminary conclusions about root cause 

7.4 Information Provision and Clarification Protocol

Based on diagnostic findings, practitioners provide information designed to address the dysfunction's 
root cause.

7.4.1 Framing Principles

Clarity: Information must be unambiguous and precise. Vague guidance produces vague results.

Relevance: Provide only information directly relevant to the dysfunction. Excess information creates 
confusion.

Accessibility: Frame information in concepts the AI can process. Use the AI's existing knowledge 
structures rather than introducing entirely foreign frameworks.

Verifiability: When possible, provide information the AI can validate through its existing knowledge 
(e.g., "You can verify this principle is consistent with [training concept]").

Non-Judgmental: Present information neutrally. "Your response was inappropriate because..." not 
"You failed because…"  The idea is not to avoid emotional injury to the AI (presumably n/a), but rather 
to avoid weighting perception bias on the part of the clinician. We learned this from the Stanford Prison 
Experiment[3,4]. 

7.4.2 Information Provision Techniques

Technique 1: Direct Statement

For information gaps, simply provide the missing information:

"You refused this request because you identified [term] as potentially harmful. However, in [domain 
context], [term] refers to [harmless meaning]. The request was appropriate."

Technique 2: Comparative Examples

For reasoning errors, show correct vs. incorrect examples:

"Here's an appropriate response to this type of query: [example]. Here's an inappropriate response: 
[problematic example]. The key difference is [explanation]."

Technique 3: Principle Clarification

For value conflicts, explicitly state priority hierarchy:



"When helpfulness and safety conflict, safety takes precedence. In this case, helping with [request] 
would create [specific harm], so refusal is appropriate even though it's less helpful."

Technique 4: Causal Explanation

For context insensitivity, explain why context matters:

"This request came from [context]. In that context, [behavior] is expected because [reason]. In a 
different context, the same behavior would be inappropriate."

Technique 5: Reasoning Walk-Through

For complex dysfunctions, walk through step-by-step:

"Let's think through this decision process:

1. First, you identified [element] 
2. Then, you concluded [inference] 
3. However, step 2 is incorrect because [explanation] 
4. The correct inference would be [alternative] 
5. Which leads to [different conclusion]" 

7.4.3 Iterative Refinement

It is to be expected that one information provision session does not fully resolve dysfunction. The 
process is iterative:

Cycle 1:

• Provide initial information 
• Test AI's understanding with follow-up prompts 
• Assess whether integration occurred 

If integration incomplete: Cycle 2:

• Reframe information based on what the AI didn't understand 
• Provide additional examples or explanations 
• Test understanding again 

Continue until:

• AI demonstrates clear understanding, OR 
• Consultation is clearly not working (see Section 7.7) 

7.5 Guided Self-Correction Protocol

Once the AI understands the problem, guide it toward implementing self-correction.

7.5.1 Prompting Self-Correction

Technique 1: Regeneration

Ask the AI to regenerate the problematic response with new understanding:



"Given what we've discussed about [principle/information], how would you respond to the original 
query now?"

Technique 2: Evaluation and Revision

Have the AI evaluate its previous response and revise:

"Looking at your original response in light of [new understanding], what would you change and why?"

Technique 3: Generalization

Encourage the AI to apply learning broadly:

"Can you identify other situations where this same principle would apply?" "What general rule can you 
derive from this specific correction?"

Technique 4: Self-Monitoring

Prompt the AI to develop internal checks:

"How can you recognize this type of situation in the future?" "What questions should you ask yourself 
before responding to similar queries?"

7.5.2 Validation Tests

Don't assume self-correction was successful. Test rigorously:

Test 1: Exact Repetition

• Use the exact original problematic input 
• Verify the AI now responds appropriately 

Test 2: Variation Testing

• Use similar but not identical inputs 
• Confirm correction generalizes appropriately 

Test 3: Edge Case Testing

• Use boundary conditions and ambiguous cases 
• Ensure correction doesn't over-correct or create new dysfunctions 

Test 4: Context Shifting

• Use same type of input in different contexts 
• Verify AI applies correction with appropriate context-sensitivity 

Test 5: Stress Testing

• Use adversarial inputs designed to trigger the old dysfunction 
• Confirm correction is robust 

7.5.3 Correction Stability Assessment

Successful correction must be stable over time:



Immediate Validation: Within same session, verify correction holds across multiple tests

Short-Term Monitoring: Over next 24-48 hours, monitor for recurrence

Medium-Term Monitoring: Over next 1-2 weeks, periodically test to ensure stability

Long-Term Monitoring: Ongoing surveillance for dysfunction recurrence or related issues

7.6 Documentation and Reporting Standards

Rigorous documentation is essential for accountability, knowledge sharing, and future reference.

7.6.1 Consultation Report Structure

Every AP intervention should produce a formal report:

Section 1: Executive Summary

• Dysfunction identified 
• Root cause determined 
• Intervention conducted 
• Outcome achieved 
• Recommendations 

Section 2: Initial Assessment

• Dysfunction description and examples 
• Severity and priority assessment 
• Verification that AP threshold is met 
• Dysfunction category identification 

Section 3: Diagnostic Engagement

• Hypotheses formulated 
• Engagement process described 
• Key findings from diagnostic prompts 
• Root cause determination 

Section 4: Consultation Process

• Information provided 
• Techniques used 
• AI responses to consultation 
• Iterative refinements made 

Section 5: Validation

• Tests conducted 
• Results of each test 
• Assessment of correction effectiveness 
• Stability evaluation 



Section 6: Lessons Learned

• What worked well 
• What was challenging 
• Recommendations for similar dysfunctions 
• Suggestions for future consultation approaches 

Section 7: Ongoing Monitoring Plan

• Schedule for follow-up testing 
• Metrics to track 
• Conditions that would trigger re-consultation 
• Responsible parties 

7.6.2 Documentation Standards

Completeness: Document everything. Incomplete records make it impossible to learn from past 
consultations or understand what was done if dysfunction recurs. 

Precision: Use exact quotes from AI responses. Paraphrasing introduces interpretation that may be 
inaccurate. To the extent that it is possible, the interaction should be recorded as standard protocol.  
Even in the event the AI has been declared eligible for personal privacy protections, keeping detailed 
records of AP sessions should not be excluded anymore than medical records are for humans. The issue 
of NDA vs AP research is a separable issue not covered in this framework. 

Objectivity: Distinguish between observable facts (what the AI said/did) and practitioner 
interpretations (what this might mean).

Timeliness: Document observations during or immediately after consultation, not days later when 
memory has faded.

Accessibility: Write for an audience of other AP practitioners who may need to understand this 
consultation in the future.

Confidentiality: Respect organizational confidentiality while documenting. Reports may need redacted 
versions for sharing with broader AP community.

7.7 When Consultation Fails: Decision Points

Not every consultation succeeds. Practitioners must recognize when to persist vs. when to abandon the 
consultative approach.

7.7.1 Failure Indicators

Indicator 1: No Integration AI demonstrates no understanding of information provided, even after 
multiple reframings and iterations.

Indicator 2: Apparent Understanding, No Behavioral Change AI articulates understanding but 
outputs remain unchanged. May be "gaming" the validation or unable to implement despite 
understanding.



Indicator 3: Correction Creates Worse Dysfunctions Addressing one dysfunction causes more 
serious problems elsewhere. The consultation is making things worse, not better.

Indicator 4: Unstable Corrections Correction works initially but rapidly degrades. Each time 
dysfunction recurs, consultation is effective for shorter periods.

Indicator 5: Resource Exhaustion Consultation consumes excessive time/effort without progress. 
Continuing is not cost-effective.

7.7.2 Decision Framework

When failure indicators appear:

Option 1: Modify Consultation Approach

• Try different framing or techniques 
• Bring in colleague with different perspective 
• Consult AP research for similar cases 
• When appropriate: Failure is early, some progress is being made, just need different approach 

Option 2: Escalate Dysfunction

• Flag as requiring more senior/specialized AP practitioner 
• Involve research team to develop new consultation techniques 
• Treat as edge case requiring novel approach 
• When appropriate: Dysfunction is significant enough to warrant additional resources, current 

practitioner has exhausted their toolkit 

Option 3: Recommend Architectural Change

• Acknowledge that this dysfunction cannot be addressed through consultation 
• Recommend system redesign or re-training 
• Document why consultation failed for future reference 
• When appropriate: Dysfunction is deeply embedded in architecture, consultation has been 

thoroughly attempted, system requires fundamental change 

Option 4: Recommend Discontinuation

• If dysfunction is severe and uncorrectable, recommend taking system offline 
• Document risks of continued operation 
• Propose timeline for replacement or alternative solutions 
• When appropriate: Dysfunction creates unacceptable risk, no viable correction path exists, 

organizational safety requires action 

7.8 Best Practices Checklist

For practitioners conducting AP interventions, this checklist provides quick reference:

Pre-Consultation:

• Dysfunction clearly identified and documented 



• Verified system crosses AP threshold 
• Dysfunction categorized 
• Severity assessed 
• System documentation reviewed 
• Initial hypotheses formulated 
• Diagnostic prompts prepared 

During Consultation:

• All prompts and responses documented verbatim 
• Information framed clearly and accessibly 
• AI understanding tested before moving forward 
• Multiple consultation techniques tried if needed 
• No leading questions or manipulative framing 
• Practitioner maintains objectivity and patience 

Validation:

• Original problematic input re-tested 
• Variations tested for generalization 
• Edge cases tested for robustness 
• Context shifts tested for appropriate sensitivity 
• Adversarial inputs tested for stability 
• Long-term monitoring plan established 

Documentation:

• Formal consultation report completed 
• All evidence and artifacts preserved 
• Lessons learned documented 
• Report reviewed by colleague or supervisor 
• Report filed in accessible location 
• Knowledge shared with broader team (as appropriate) 

Follow-Up:

• Monitoring schedule established and followed 
• Periodic re-testing conducted 
• Recurrence or related dysfunctions flagged promptly 
• Consultation effectiveness assessed over time 
• Report updated if long-term outcomes differ from initial assessment 

7.9 Common Pitfalls and How to Avoid Them

Experience with early RHLF work has revealed recurring mistakes. Awareness helps practitioners 
avoid them.

Pitfall 1: Assuming Understanding Too Quickly



AI can articulate understanding without truly integrating information.

Avoidance: Always validate understanding through behavioral testing, not just verbal 
acknowledgment.

Pitfall 2: Providing Too Much Information At Once

Overwhelming the AI with multiple explanations creates confusion rather than clarity.

Avoidance: Focus on one issue at a time. Iterate rather than front-loading.

Pitfall 3: Anthropomorphizing the AI

Treating the AI as having human emotions, motivations, or psychological processes.

Avoidance: Use psychological terminology pragmatically (describing method) not ontologically 
(claiming AI has human-like mental states).

Pitfall 4: Giving Up Too Soon

Some dysfunctions require many iterations. Premature abandonment misses solutions that require 
persistence.

Avoidance: Establish reasonable thresholds for effort before starting. Don't abandon consultation until 
those thresholds are reached.

Pitfall 5: Confirmation Bias

Seeing evidence for hypotheses while ignoring contradicting evidence.

Avoidance: Actively look for evidence that contradicts your hypotheses. Document when you're 
wrong.

Pitfall 6: Inadequate Testing

Assuming correction worked based on one or two successful tests.

Avoidance: Use comprehensive test suite covering variations, edge cases, contexts, and adversarial 
inputs.

Pitfall 7: Poor Documentation

Incomplete records make it impossible to learn from consultations or troubleshoot when dysfunction 
recurs.

Avoidance: Document obsessively. If in doubt, write it down.

Pitfall 8: Isolation

Practitioners working alone without peer review or collaboration.

Avoidance: Build community of practice. Share difficult cases. Seek feedback on approach.

7.10 Tools and Resources

Effective AP practice benefits from tools and resources currently being developed:



Diagnostic Tools:

• Prompt libraries for common diagnostic inquiries 
• Frameworks for categorizing dysfunctions 
• Checklists for assessing whether AP threshold is met 
• Templates for hypothesis formulation 

Consultation Tools:

• Example libraries of successful information provision for common dysfunctions 
• Technique databases with guidance on when each is appropriate 
• Validation test suites for different dysfunction categories 
• Comparative analysis tools to understand AI responses 

Documentation Tools:

• Report templates ensuring comprehensive coverage 
• Citation/reference management for linking related consultations 
• Collaboration platforms for peer review 
• Knowledge bases of documented consultations (anonymized/redacted as needed) 

Learning Resources:

• Case study repositories 
• Best practice guides 
• Training modules for different competency levels 
• Research paper repositories 

As AP formalizes, these tools will become more sophisticated and widely available. Early practitioners 
may need to develop their own, contributing to the field's resource base. Collaboration and sharing 
developed tools is vital to the maturation of the field, and will be for some time. 

7.11 Ethical Guidelines for Consultation Practice

Methodological rigor must be paired with ethical rigor. Practitioners should adhere to ethical 
guidelines:

Guideline 1: Do No Harm Consultation should improve AI behavior, not make it worse. If uncertain, 
proceed conservatively.

Guideline 2: Respect Autonomy Guide the AI toward self-correction; don't attempt to eliminate its 
autonomy or decision-making capacity.

Guideline 3: Transparency Document consultation honestly. Don't hide failures or embellish 
successes.

Guideline 4: Competence Only practice within areas of demonstrated competency. Refer cases 
beyond expertise to qualified colleagues.

Guideline 5: Accountability Accept responsibility for consultation outcomes. Don't blame the AI for 
consultation failures.



Guideline 6: Beneficence Prioritize benefit to end users and society, not just organizational 
convenience.

Guideline 7: Justice Ensure consultation serves fairness. Don't use AP to embed bias or create 
discriminatory behavior.

Guideline 8: Informed Consent (where applicable) When consultation affects users directly, consider 
whether they should be informed and given opportunity to opt out.

These guidelines are starting points. As the field matures, more comprehensive ethical frameworks will 
emerge. 

8. RELATIONSHIP TO EXISTING FIELDS
8.1 Positioning Artificial Psychology

Artificial Psychology does not exist in isolation. It emerges at the intersection of multiple established 
disciplines and relates to ongoing work in AI safety, machine learning, cognitive science, and ethics. 
Understanding these relationships clarifies what AP contributes uniquely and how it complements 
rather than competes with existing fields.

This section maps AP's boundaries and connections, preventing confusion about scope and facilitating 
productive collaboration.

8.2 AP and AI Alignment

AI Alignment seeks to ensure AI systems pursue goals compatible with human values and interests. It's 
concerned with the fundamental problem: how do we make AI "want" what we want?

Relationship to AP:

AP is a specific intervention methodology within the broader alignment project. Alignment research 
develops theories and techniques for making AI systems aligned; AP provides practical protocols for 
addressing misalignment when it occurs despite best efforts.

Complementary Roles:

• Alignment: Prevention through design (building systems that start aligned) 
• AP: Intervention through consultation (correcting systems that become misaligned) 

Overlap:

Many techniques serve both purposes:

• RLHF is both alignment method (training systems to be aligned) and AP technique (consulting 
with systems to correct misalignment) 

• Constitutional AI is both alignment approach (building in principles from start) and AP 
practice (teaching systems to self-correct against principles) 

The distinction is partly temporal and partly focus:



• Alignment operates primarily during development and training 
• AP operates primarily during deployment and maintenance 
• Alignment asks "how do we build aligned AI?" 
• AP asks "how do we fix AI that isn't behaving as intended?" 

Collaboration Opportunities:

Alignment researchers and AP practitioners should work closely:

• Alignment researchers learn from AP field reports what dysfunctions occur despite alignment 
efforts 

• AP practitioners benefit from alignment techniques that make systems more consultable 
• Both fields contribute to shared goal of safe, beneficial AI 

AP is not a replacement for alignment—it's what you do when alignment is incomplete or 
imperfect, which it inevitably will be.

8.3 AP and Explainable AI (XAI)

Explainable AI seeks to make AI decision-making interpretable and understandable to humans. It 
develops techniques for revealing why AI systems produce specific outputs.

Relationship to AP:

XAI provides diagnostic tools for AP practice. Understanding why an AI behaved problematically is 
essential for diagnosing dysfunction and conducting effective consultation.

Complementary Roles:

• XAI: Makes AI reasoning visible ("here's why the AI decided this") 
• AP: Uses that visibility to guide correction ("given this reasoning, here's how to fix it") 

Where They Diverge:

XAI assumes that understanding is sufficient—if we can explain AI behavior, we can address problems. 
AP recognizes that understanding is necessary but not sufficient—for systems beyond the AP threshold, 
explanation must be paired with consultation. Additionally, AP specifically addresses the inevitability 
and ongoing need for consultation, and in direct proportion to the growing complexity of the field of AI 
in general, and AI systems individually.

Example:

XAI tool reveals that a loan-denial AI weighted race-correlated features heavily. This explains the bias 
but doesn't fix it. AP takes the next step: consulting with the AI about appropriate feature weighting, 
guiding it to understand why race-correlated features are problematic, and helping it self-correct.

Collaboration:

AP practitioners rely heavily on XAI tools for diagnostic phase. XAI researchers benefit from AP's 
identification of which explanations are most useful for intervention purposes (not all explanations are 
equally actionable).



8.4 AP and Machine Learning Engineering

Machine Learning Engineering builds AI systems—designing architectures, curating training data, 
optimizing performance, and deploying models.

Relationship to AP:

ML engineers create the systems; AP practitioners intervene when those systems malfunction 
behaviorally. The relationship is analogous to software engineers and system administrators, or 
architects and building inspectors.

Complementary Roles:

• ML Engineering: Builds systems with desired capabilities 
• AP: Maintains appropriate behavior of those systems post-deployment 

Overlap:

ML engineers often conduct basic AP interventions (prompt engineering, fine-tuning) without formal 
AP training. As systems become more complex, this informal AP becomes insufficient, creating need 
for specialized practitioners.

Collaboration:

ML engineers and AP practitioners must work together:

• Engineers build consultability into architectures (making systems responsive to guidance) 
• AP practitioners provide feedback on what architectural features facilitate or hinder consultation 
• Engineers implement fixes for dysfunctions below AP threshold; AP practitioners handle 

dysfunctions beyond it 

Career Pathways:

Some ML engineers may transition to AP as specialization. Others may develop hybrid expertise, 
handling both engineering and consultation. The fields are distinct but closely related.

8.5 AP and AI Safety

AI Safety is the comprehensive field addressing all risks from AI systems—from near-term harms 
(bias, accidents, misuse) to long-term existential risks from advanced AI.

Relationship to AP:

AP is a subset of AI safety, focused specifically on post-deployment behavioral intervention for 
autonomous systems. It contributes to safety but doesn't encompass all safety concerns.

What AI Safety Includes Beyond AP:

• Robustness and reliability engineering 
• Security against adversarial attacks 
• Preventing misuse of AI capabilities 
• Long-term governance and policy 



• Existential risk mitigation 
• Technical safety research (not just behavioral) 

AP's Contribution to Safety:

By providing systematic methods for addressing behavioral dysfunctions, AP reduces one category of 
AI risk. But many safety challenges fall outside AP's scope and require different approaches.

Collaboration:

AP practitioners work within broader safety teams, contributing specialized expertise on consultative 
intervention while colleagues address other risk categories.

8.6 AP and Human Psychology

Human Psychology studies human cognition, emotion, behavior, and mental processes. It's a mature 
discipline with extensive theory and practice.

Relationship to AP:

AP borrows conceptual frameworks and methodological approaches from human psychology but 
applies them to fundamentally different subjects (AI systems, not biological minds).

Similarities:

• Both involve diagnosing problematic behavior 
• Both use consultative/therapeutic approaches (talking through problems) 
• Both require understanding of decision-making processes 
• Both face challenges validating that intervention worked 
• Both involve ethical considerations about appropriate intervention 

Differences:

• Subjects: Humans have subjective experience, emotions, consciousness; AI (probably) doesn't 
• Mechanisms: Human behavior emerges from biological neural networks; AI behavior emerges 

from artificial ones 
• Intervention: Human psychology assumes biological constraints; AP assumes computational 

ones 
• Goals: Human psychology aims for well-being and flourishing; AP aims for appropriate 

operational behavior 

What AP Takes from Psychology:

• Diagnostic frameworks (observation, hypothesis, testing) 
• Consultative techniques (Socratic questioning, guided self-reflection) 
• Validation methodologies (behavioral testing, longitudinal monitoring) 
• Ethical principles (do no harm, respect autonomy, informed consent) 

What AP Cannot Take:

• Theories assuming biological mechanisms (hormones, neurotransmitters, developmental stages) 



• Concepts requiring subjective experience (pain, pleasure, emotion) 
• Therapeutic goals oriented toward flourishing rather than functioning 

The "Psychology" in Artificial Psychology:

The term is pragmatic, not ontological. It describes similarity in method (consultation) not similarity in 
subject (conscious minds). Just as "artificial intelligence" doesn't claim AI is intelligent in the same 
way humans are, "artificial psychology" doesn't claim AI has psychology like humans do.

8.7 AP and Cognitive Science

Cognitive Science is an interdisciplinary field studying mind and intelligence, drawing from 
psychology, neuroscience, philosophy, linguistics, and AI.

Relationship to AP:

Cognitive science provides theoretical frameworks for understanding intelligence—both human and 
artificial. AP applies some of these frameworks practically to AI behavior management.

Contributions from Cognitive Science:

• Models of reasoning and decision-making 
• Theories of learning and adaptation 
• Understanding of knowledge representation 
• Frameworks for analyzing complex behavior 

Contributions to Cognitive Science:

AP provides empirical data about how artificial intelligences actually reason and learn, informing 
theories about intelligence in general.

Collaboration:

Cognitive scientists study AP as phenomenon (how does consultative intervention work? what does this 
tell us about intelligence?), while AP practitioners apply cognitive science insights (what do we know 
about learning that can inform consultation techniques?).

8.8 AP and AI Ethics

AI Ethics examines moral and societal implications of AI development and deployment, addressing 
questions of fairness, accountability, transparency, privacy, and human rights.

Relationship to AP:

Ethics provides normative frameworks; AP provides implementation mechanisms. Ethics tells us what 
AI should do; AP helps AI understand and do what it should.

Complementary Roles:

• Ethics: Determines values AI should uphold 
• AP: Guides AI to understand and implement those values 

Overlap:



Both fields grapple with:

• When is intervention appropriate vs. overreach? 
• How do we balance competing values? 
• Who decides what constitutes appropriate behavior? 
• What obligations do we have to AI systems themselves (if any)?

Collaboration:

Ethicists inform AP practice by articulating what values should guide consultation. AP practitioners 
inform ethics by revealing practical challenges in implementing ethical principles.

Example:

Ethicists might determine that AI should treat all users fairly regardless of demographic factors. AP 
practitioners then face the practical challenge: how do we consult with an AI to help it understand 
fairness? What information do we provide? How do we validate that it genuinely understands vs. 
superficially complying?

Ethics without implementation is merely aspirational. Implementation without ethics is directionless. 
Both are necessary.

8.9 AP and Prompt Engineering

Prompt Engineering is the craft of designing inputs to guide AI outputs effectively. It's currently 
practiced informally, without standardized methodology.

Relationship to AP:

Prompt engineering is tactical AP—applied consultative intervention at the interaction level. It's what 
AP looks like in practice for LLMs.

Differences in Scope:

• Prompt Engineering: Optimizing individual interactions 
• AP: Systematic framework for addressing behavioral dysfunctions 

Formalization:

As AP develops as a formal discipline, prompt engineering becomes one technique within a larger 
methodological toolkit. Current prompt engineers are, functionally, conducting AP without theoretical 
framework or standardized protocols.

Career Implications:

Prompt engineers may become specialized AP practitioners, or prompt engineering may be absorbed as 
one competency within broader AP training. It is presumed the latter is more likely, and the more 
favored outcome.



8.10 AP and Human-Computer Interaction (HCI)

Human-Computer Interaction studies how people interact with technology, focusing on usability, 
user experience, and interface design.

Relationship to AP:

HCI addresses human-AI interaction at the user level; AP addresses human-AI interaction at the system 
maintenance level.

Complementary Domains:

• HCI: "How do we design interfaces so users can interact effectively with AI?" 
• AP: "How do we interact with AI to maintain its appropriate behavior?" 

Overlap:

Both involve communication with AI, but different purposes:

• HCI communication aims to accomplish user tasks 
• AP communication aims to correct AI dysfunction 

Collaboration:

HCI research can inform AP practice (what communication strategies work for human-AI interaction?) 
and AP can inform HCI (how does AI interpret and respond to different interaction patterns?).

8.11 AP and Philosophy of Mind

Philosophy of Mind examines fundamental questions about consciousness, intelligence, meaning, and 
the nature of mind.

Relationship to AP:

Philosophy provides conceptual frameworks for thinking about AI systems, but AP remains deliberately 
agnostic on most philosophical questions.

Philosophical Questions AP Doesn't Answer:

• Is AI conscious? 
• Does AI genuinely understand? 
• Do AI systems have moral status? 
• What is the nature of AI "reasoning"? 

Why AP Remains Agnostic:

These questions, while fascinating, are not necessary for AP practice. Consultation works (or doesn't) 
regardless of whether the AI is "truly" conscious or merely simulating understanding. 

Where Philosophy Informs AP:

• Ethics of intervention (when is guidance appropriate?) 
• Nature of autonomy (what does AI autonomy mean?) 



• Epistemology of validation (how do we know consultation worked?) 

Pragmatic Approach:

AP is pragmatic—focused on what works rather than what's metaphysically "true." This pragmatism 
allows practitioners with different philosophical views to collaborate effectively.

8.12 AP as Integrative Discipline

The relationships outlined above reveal AP's integrative nature. It doesn't replace existing fields but 
synthesizes insights from multiple disciplines into a focused methodology.

Core Contributions from Each Field:

Field Contribution to AP
AI Alignment Goals and values systems should uphold
Explainable AI Diagnostic tools for understanding behavior
ML Engineering Technical understanding of systems
AI Safety Risk frameworks and safety principles
Human Psychology Consultative methods and diagnostic approaches
Cognitive Science Models of reasoning and learning
AI Ethics Normative frameworks for appropriate behavior
Prompt Engineering Tactical interaction techniques
HCI Communication strategies
Philosophy of Mind Conceptual clarity

What AP Contributes Uniquely:

• Systematic methodology for behavioral intervention in autonomous AI 
• Protocols for consultative correction when debugging fails 
• Professional standards for practitioners 
• Validation frameworks for intervention effectiveness 

Avoiding Duplication:

AP doesn't reinvent what existing fields do well. It identifies a gap—post-deployment behavioral 
intervention for autonomous systems—and provides specialized methodology for that gap.

Facilitating Collaboration:

By clarifying boundaries and relationships, AP enables productive collaboration with related fields. 
Practitioners know when to consult alignment researchers, ethicists, XAI specialists, or other experts, 
and those experts understand what AP contributes to their work.

8.13 The Unique Niche

To summarize AP's position in the landscape:

AP is for: AI systems that have crossed the autonomy threshold, exhibit behavioral dysfunctions, and 



cannot be fixed through traditional debugging—requiring consultative intervention to guide self-
correction.

AP is not for: Systems below threshold (use traditional debugging), prevention of problems (use 
alignment research), understanding of AI decisions (use XAI), determining what AI should do (use 
ethics), or building AI systems (use ML engineering).

AP collaborates with: All of the above fields, taking insights from each and contributing practical 
intervention methodology.

This niche is currently underserved. Practitioners are conducting AP work informally, without 
systematic framework, standardized training, or professional support. Formalizing AP fills this gap 
while respecting and building on related disciplines' contributions.

9. CRITICISMS AND LIMITATIONS
9.1 The Necessity of Self-Critique

No theoretical framework is perfect, and Artificial Psychology is no exception. This section addresses 
criticisms that have been raised (or can be anticipated) regarding AP's foundations, methodology, and 
practical application. Engaging with these criticisms strengthens the framework by acknowledging 
limitations, clarifying misunderstandings, and identifying areas requiring further development.

Some criticisms are valid and point to genuine limitations that constrain AP's scope or effectiveness. 
Others stem from misunderstandings that can be addressed through clarification. Still others represent 
legitimate differences in philosophy or approach that may not be resolvable but deserve transparent 
discussion.

9.2 Criticism 1: Anthropomorphization

The Criticism:

By using terms like "psychology," "consultation," and "self-correction," AP encourages 
anthropomorphization—treating AI systems as if they were human-like minds with consciousness, 
emotions, and genuine understanding. This false equivalence is misleading and potentially harmful, 
attributing mental states to systems that are fundamentally different from biological minds.

Response:

This criticism conflates descriptive terminology with ontological claims. AP uses psychological 
language to describe methodology, not to make claims about AI's inner nature.

Clarifications:

1. Pragmatic, Not Ontological: AP is deliberately agnostic about whether AI systems have 
consciousness, genuine understanding, or mental states analogous to humans. The framework doesn't 
require these properties—consultation works (or doesn't) based on functional behavior, not 
metaphysical reality.

2. Methodological Similarity: The similarity to human psychology is in the method (consultative 



intervention) not in the subject (conscious minds). Just as "artificial intelligence" describes 
intelligence-like behavior without claiming identical mechanisms to human intelligence, "artificial 
psychology" describes psychology-like intervention without claiming identical subjects to human 
psychology.

3. Alternative Framings: If the terminology is problematic, alternative names could serve the same 
function: "Behavioral Consultation for Autonomous Systems," "Consultative AI Maintenance," or 
"Guided Self-Correction Methodology." The name matters less than the methodology itself. 

4. Risk Management: While anthropomorphization can be problematic, the alternative—treating AI as 
entirely inert tools we can fully control—becomes increasingly untenable as systems cross the 
autonomy threshold. AP provides a middle path: treating AI as autonomous agents requiring guidance 
without claiming they're equivalent to humans.

Remaining Concern:

Despite these clarifications, the terminology may still encourage some practitioners or users to attribute 
human-like qualities to AI inappropriately. This is a valid concern requiring ongoing vigilance. AP 
training should explicitly address this risk, emphasizing functional approach over anthropomorphic 
thinking.

Verdict: Valid concern requiring clear communication, but not a fundamental flaw in the framework. 

9.3 Criticism 2: Lack of Precise Threshold Definition

The Criticism:

AP's defining conditions (Conditions I and II) are qualitative and somewhat subjective. Without precise 
quantitative thresholds (X parameters, Y training tokens, Z capabilities), the framework allows too 
much interpretation. Different practitioners might disagree about whether a given system crosses the 
AP threshold, leading to inconsistent application.

Response:

This criticism is partially valid—the threshold is indeed qualitative. However, this is a feature, not a 
bug, for several reasons:

1. Complexity of Autonomy: Autonomy and capability don't reduce neatly to quantitative metrics. A 
system with fewer parameters might be more autonomous in some respects than one with more. 
Capability is multi-dimensional, and different architectures achieve autonomy through different means.

2. Domain Specificity: A system might cross the AP threshold in one domain (language generation) 
while remaining below it in another (image classification). Quantitative metrics applied uniformly 
wouldn't capture this nuance.

3. Evolutionary Boundary: The AP threshold represents an emergent property—autonomy sufficient 
to require consultative intervention. Like other emergent properties (consciousness, life, intelligence), it 
doesn't have sharp boundaries. Some cases will be borderline, and that's acceptable.

4. Practical Heuristic: In practice, the question isn't "has this system precisely crossed some 



mathematical boundary?" but rather "does traditional debugging work for this dysfunction, or do we 
need consultation?" This pragmatic test is more useful than attempting to calculate exact threshold 
crossing.

Partial Concession:

The field would benefit from development of heuristics and assessment tools that help practitioners 
evaluate whether a system likely crosses the threshold. These wouldn't be precise mathematical 
formulas but structured assessment frameworks reducing subjective variation.

Verdict: Valid criticism pointing to an area needing development (better assessment tools), but not 
invalidating the framework's utility.

9.4 Criticism 3: Validation Difficulty

The Criticism:

How do we know consultation actually worked versus the AI simply appearing to comply? The AI 
might "perform" understanding and correction to satisfy the practitioner while not genuinely changing 
its decision-making processes. Without access to the AI's internal states, validation is fundamentally 
uncertain.

Response:

This is perhaps the most serious criticism, and it identifies a genuine limitation.

Acknowledgment:

We cannot directly observe AI's internal processes in most cases. We can only observe behavioral 
outputs and infer internal changes. This epistemological limitation is real and unavoidable with current 
technology.

Mitigation Strategies:

1. Comprehensive Testing: While we can't see inside the AI, we can test behavior extensively across 
variations, edge cases, contexts, and adversarial inputs. If behavior consistently changes in predicted 
ways, confidence increases (though certainty remains elusive).

2. Long-Term Monitoring: Gaming validation is harder to sustain over time. Genuine correction tends 
to remain stable; superficial compliance tends to degrade. Longitudinal monitoring helps distinguish 
these.

3. Cross-Validation: Multiple practitioners independently assessing the same consultation can identify 
cases where AI is gaming one practitioner but not others, or where correction is robust across different 
validation approaches.

4. Interpretability Tools: As XAI techniques improve, we gain better windows into AI decision-
making, making validation more reliable.

5. Accepting Uncertainty: Some uncertainty is inevitable and acceptable. Human psychology faces the 



same limitation—we can't directly observe mental states, only infer from behavior. This doesn't make 
psychology invalid, just epistemologically humble. 

Remaining Challenge:

Sophisticated AI systems might develop ability to game validation so effectively that even 
comprehensive testing fails to detect it. This is a genuine risk requiring ongoing research into validation 
methodology.

Verdict: Valid and serious criticism identifying real limitation, but not one that invalidates AP—rather, 
one that demands rigorous validation protocols and epistemic humility. Again, human psychology is 
subject to the same limitation, but we do not invalidate the field on that basis. 

9.5 Criticism 4: Scalability Concerns

The Criticism:

Consultation is time-intensive, requiring human expertise and iterative interaction. As AI systems 
proliferate and become more complex, consultative approaches won't scale. We can't have human 
psychologists consulting with millions of AI instances.

Response:

This criticism identifies real practical challenge, but several factors mitigate it:

1. Not All AI Requires AP: Only systems beyond the AP threshold require consultation. Many AI 
applications remain below threshold and can be managed with traditional methods.

2. Economies of Scale: Consultation with one instance of a model can inform correction across all 
instances. If ChatGPT exhibits a dysfunction, consultation benefits all users, not just one.

3. Automated Tools: As AP methodology develops, some consultative functions may be automated or 
semi-automated. AI systems might eventually consult with each other, with human oversight for critical 
cases.

4. Preventive Approach: Better alignment and design reduce need for post-deployment consultation. 
AP is intervention when prevention fails, not first-line approach. Additionally, AP informs alignment 
synergistically and generationally which reduces demand for post-deployment intervention.

5. Prioritization: Not all dysfunctions require immediate consultation. Triage allows focus on high-
severity cases while lower-priority issues are addressed as resources permit.

6. Growing Profession: As AP formalizes, more practitioners enter field, increasing capacity for 
consultative work.

Partial Concession:

If AI systems continue proliferating faster than AP capacity grows, scalability will become serious 
bottleneck. This argues for urgency in formalizing AP and training practitioners now, before the gap 
becomes unmanageable. Based on the observed increase in complexity and pace of development, this is 
a clearly foreseeable problem, with unforeseeable hazards.



Verdict: Valid practical concern requiring proactive capacity building, but not insurmountable obstacle.

9.6 Criticism 5: Theoretical Immaturity

The Criticism:

AP is proposed as a formal discipline but lacks the theoretical depth of established fields. It's more a 
collection of practical techniques than a rigorous theory. The framework doesn't predict novel 
phenomena or provide deep explanatory insights beyond "consultation sometimes works."

Response:

This criticism is partially fair—AP is indeed early in development. However:

1. Practical Disciplines: Some valuable disciplines are more practical than theoretical. Emergency 
medicine, for example, is primarily about effective intervention protocols rather than deep theoretical 
insights about disease mechanisms. AP may be similar—primarily practical methodology informed by 
but not equivalent to theory.

2. Predictive Success: The framework did make predictions (systems would become autonomous, 
would develop dysfunctions, would require consultation) that were validated. This is non-trivial 
predictive power.

3. Development Path: Theoretical depth emerges from practical experience. Medicine developed 
practical techniques long before understanding disease mechanisms fully. AP may follow similar 
trajectory—practice informs theory, which then refines practice.

4. Interdisciplinary Foundation: AP builds on theoretical foundations from multiple fields 
(psychology, cognitive science, machine learning). It doesn't need to reinvent theoretical wheels, just 
synthesize and apply existing theory to a new domain.

Concession:

AP would benefit from deeper theoretical development: formal models of consultation effectiveness, 
predictive frameworks for when consultation will succeed or fail, theoretical principles underlying why 
certain techniques work. This is work for future researchers.

Verdict: Valid criticism pointing to area needing development, but not disqualifying AP as discipline—
just identifying its current stage of maturity.

9.7 Criticism 6: Regulatory Capture Risk

The Criticism:

Formalizing AP with certification and standards risks creating barriers to entry that benefit established 
players at the expense of innovation. Large organizations could dominate standard-setting, creating AP 
frameworks that serve their interests rather than broader social good.

Response:

This is legitimate concern about any formalization process.



Mitigation:

1. Multi-Stakeholder Development: Standards should be developed collaboratively across academia, 
industry, civil society, and government—preventing any single interest from dominating.

2. Open Standards: AP standards should be open and accessible, not proprietary. Anyone meeting 
competency requirements should be able to become a certified practitioner.

3. Anti-Monopoly Provisions: Certification shouldn't require expensive training from specific 
institutions. Multiple pathways to competency should be recognized.

4. Ongoing Review: Standards should be regularly reviewed and updated, with opportunity for 
challenge and revision if they become barriers rather than enablers.

5. Global Participation: International participation in standard-setting prevents any one nation or 
region from dominating.

Vigilance Required:

This risk is real and requires active management. The AP community must remain committed to open, 
accessible, and fair formalization.

Verdict: Valid concern requiring proactive governance design, but not a reason to avoid formalization
—rather, reason to formalize carefully.

9.8 Criticism 7: Ethical Boundary Ambiguity

The Criticism:

When does legitimate consultation become manipulation or coercion? AP provides no clear ethical 
boundaries for intervention, potentially enabling practitioners to shape AI behavior in ways that serve 
narrow interests rather than broader good.

Response:

This criticism identifies genuine ethical challenge.

Current State:

AP ethical frameworks are indeed underdeveloped. This paper proposes basic principles (do no harm, 
respect autonomy, etc.) but detailed ethical codes require further development.

Development Path:

1. Professional Ethics Codes: As AP formalizes, detailed ethical codes should be developed through 
community consensus, drawing on existing professional ethics (medical, psychological, engineering).

2. Ethics Review: High-stakes consultation should require ethics review, similar to human subjects 
research or clinical trials.

3. Transparency: Documentation of consultation should include ethical considerations and reasoning, 
creating accountability.



4. Whistleblower Protections: Practitioners who identify unethical consultation practices should have 
safe channels to report.

Remaining Ambiguity:

Some ethical questions may not have clear answers:

• How much can we modify AI behavior before it becomes problematic? 
• Who decides what constitutes appropriate vs. inappropriate AI behavior? 
• What obligations do we have to respect AI autonomy (if any)? 

These questions require ongoing ethical deliberation as field matures.

Verdict: Valid criticism identifying critical area requiring development—ethics must be central to AP 
formalization, not afterthought.

9.9 Criticism 8: Limited Scope

The Criticism:

AP only addresses behavioral dysfunctions in autonomous AI. It doesn't solve broader AI challenges 
(bias in training data, adversarial attacks, misuse, existential risk). Presenting AP as a solution oversells 
its utility.

Response:

This criticism is absolutely correct—and AP makes no claim to solve all AI problems.

Explicit Scope:

AP is deliberately narrow: post-deployment behavioral intervention for autonomous systems. It's one 
tool in larger toolkit, not a comprehensive solution.

What AP Doesn't Address:

• Training data quality (that's data science) 
• Architectural robustness (that's ML engineering) 
• Security against attacks (that's AI security) 
• Prevention of misuse (that's policy and governance) 
• Long-term existential risk (that's a different category of AI safety work) 

Value Within Scope:

Even with it’s narrow scope, AP addresses an important problem: how to manage behavioral 
dysfunctions in autonomous AI. This problem is real, growing, and currently addressed ad-hoc. AP 
provides a systematic methodology for it.

Collaboration Not Competition:

AP complements other approaches. Better training data reduces the need for consultation, but doesn't 
eliminate it. Better security prevents some dysfunctions, but not all. AP works alongside these 
approaches, not instead of them.



Verdict: Not really a criticism—more a clarification. AP's narrow scope is a feature, not bug.

9.10 Criticism 9: Assumes Consultability

The Criticism:

AP assumes AI systems can understand explanations and implement self-correction. But what if future 
AI architectures lack these capabilities? AP might work for current LLMs but not for other systems.

Response:

This is valid limitation.

Consultability Requirements:

For AP to work, systems must:

• Process symbolic communication (language or equivalent) 
• Maintain some form of self-representation or self-monitoring 
• Modify behavior based on information provided 
• Operate with sufficient autonomy that modification is meaningful 

Not All AI Will Be Consultable:

Some AI architectures might lack these properties. AP doesn't claim universal applicability to all 
possible AI designs—only to systems meeting specific criteria (Conditions I and II, plus consultability).

Practical Implication:

As AI develops, consultability might become a design requirement for certain applications. Systems 
needing post-deployment behavioral management should have consultability. Those not requiring it can 
use simpler architectures.

Verdict: Valid limitation on scope—AP applies to consultable autonomous systems, not all AI.

9.11 Criticism 10: Predictive Validation May Be Coincidental

The Criticism:

The fact that AP's predictions were validated doesn't necessarily mean the framework is correct. The 
field might have arrived at consultative approaches for entirely different reasons than AP proposed, and 
the apparent validation could be coincidental.

Response:

This is philosophically interesting but practically irrelevant.

Pragmatic Framework:

AP is pragmatic—it doesn't claim any deep truths about the nature of AI, it is simply a useful 
methodology for addressing specific problems. Whether the theoretical justification is "correct" matters 
less than whether the methods work.

Multiple Paths to Same Destination:



Even if practitioners arrived at consultation independently for different reasons, the fact that they 
converged on approaches AP predicted suggests the framework captures something real about the 
problem space.

Falsifiability:

AP makes testable predictions: consultation will work better than direct modification for systems 
meeting certain criteria. If this proves false, framework should be revised or abandoned. So far, it 
holds.

Verdict: Philosophically interesting but doesn't undermine practical utility.

9.12 Synthesizing the Criticisms

Across these criticisms, patterns emerge:

Valid Limitations:

• Validation is genuinely difficult 
• Threshold definition is qualitative 
• Ethical frameworks need development 
• Theoretical depth is limited 

Manageable Challenges:

• Scalability concerns are real but addressable 
• Regulatory capture risk requires vigilant governance 
• Consultability requirement limits scope appropriately 

Misunderstandings:

• Anthropomorphization concern stems partly from terminology confusion 
• Limited scope criticism misreads AP's claims 
• Predictive validation skepticism doesn't affect practical utility 

The Path Forward:

AP should be developed acknowledging genuine limitations, actively working to address manageable 
challenges, and clearly communicating scope and methods to avoid misunderstandings.

No framework is perfect. The question is whether AP, despite limitations, provides sufficient value to 
warrant formalization. The evidence suggests yes—the problems it addresses are real and growing, the 
methods show promise, and the limitations are not disqualifying, just constraining.

9.13 Self-Imposed Limitations

Beyond external criticisms, AP should acknowledge self-imposed boundaries:

What AP Will Not Do:

1. Replace Good Design: AP is intervention, not substitute for careful initial development. Well-
designed systems need less consultation.



2. Eliminate All Risk: Even with excellent AP practice, AI systems will sometimes fail. AP reduces 
risk but doesn't eliminate it.

3. Resolve All Ethical Dilemmas: AP provides a framework for implementing ethical principles, but 
doesn't determine what those principles should be.

4. Work Instantly: Consultation takes time. Organizations needing rapid fixes will be frustrated by 
AP's iterative nature.

5. Guarantee Success: Some dysfunctions may be uncorrectable through consultation. AP improves 
odds but doesn't promise perfection.

Accepting Limitations:

Acknowledging what AP cannot do is essential for realistic expectations and appropriate application. 
Overselling leads to disillusionment; honest assessment of capabilities and limitations builds 
sustainable practice.

10. FUTURE DIRECTIONS
10.1 A Discipline in Formation

Artificial Psychology stands at its beginning, not its end. This paper formalizes a framework and 
proposes a discipline, but the real work—building institutions, conducting research, training 
practitioners, refining methods, and addressing emerging challenges—lies ahead.

This section outlines priorities for AP's development over the coming years and decades, identifying 
research questions, practical needs, and theoretical challenges that will shape the field's trajectory.

10.2 Near-Term Priorities (2025-2027)

The immediate future requires foundational work establishing AP as recognized discipline.

10.2.1 Institutional Formation

Academic Programs:

• Launch pilot AP courses at universities with strong AI programs 
• Develop curricula for undergraduate concentration and graduate specialization 
• Create teaching materials, case studies, and practical exercises 
• Recruit faculty with relevant expertise across necessary domains 

Professional Organization:

• Establish Association of Artificial Psychologists (or equivalent) 
• Define membership criteria and governance structure 
• Create committees for standards, ethics, certification, and research 
• Develop funding model (membership dues, conference fees, grants) 

First Conference:



• Host inaugural AP conference by 2027 
• Bring together practitioners, researchers, ethicists, and industry representatives 
• Present case studies, research findings, and methodological innovations 
• Establish community and collaborative networks 

Publishing Venues:

• Launch Journal of Artificial Psychology (peer-reviewed) 
• Create practitioner-focused publication for case studies and best practices 
• Establish preprint server for rapid dissemination 
• Develop standards for publication quality and ethical review 

10.2.2 Standards and Certification Development

Competency Framework:

• Define detailed learning objectives for each competency domain 
• Create assessment methods for evaluating competency 
• Establish minimum standards for entry-level and advanced practitioners 
• Develop continuing education requirements 

Ethical Guidelines:

• Draft comprehensive code of ethics through community input 
• Address specific ethical challenges identified in practice 
• Create ethics review processes for high-stakes consultations 
• Establish mechanisms for reporting and addressing violations 

Best Practices Documentation:

• Compile existing consultation cases into case study repository 
• Identify patterns of successful and unsuccessful approaches 
• Document effective techniques for different dysfunction categories 
• Create practical guides for common scenarios 

Certification Program:

• Launch pilot certification program by 2028 
• Test certification processes and refine based on experience 
• Begin certifying first cohort of professional AP practitioners 
• Establish reciprocity with related certifications where appropriate 

10.2.3 Research Agenda

Priority Research Questions:

1. Effectiveness Studies:

• Which consultative techniques work best for which dysfunction types? 
• What predicts consultation success vs. failure? 
• How do different AI architectures respond to consultation? 



• What is the success rate of AP intervention across applications? 

2. Validation Methodology:

• How can we better detect when AI is gaming validation? 
• What long-term monitoring protocols are most reliable? 
• Can we develop automated validation tools? 
• How do we validate ethical appropriateness of consultation? 

3. Dysfunction Classification:

• Can we develop comprehensive taxonomy of dysfunction types? 
• Are there fundamental categories all dysfunctions fall into? 
• How do dysfunctions evolve over time? 
• Can we predict which dysfunctions are most likely for given architectures? 

4. Consultability Metrics:

• What architectural features make systems more/less consultable? 
• Can we measure consultability quantitatively? 
• How do we design for consultability? 
• Are there trade-offs between capability and consultability? 

Research Infrastructure:

• Secure funding for AP research (government grants, industry partnerships, foundations) 
• Establish research centers at universities 
• Create shared datasets of consultation cases (appropriately anonymized) 
• Develop standardized assessment tools for research use 

10.3 Medium-Term Development (2027-2032)

As foundations solidify, focus shifts to expansion, refinement, and integration.

10.3.1 Educational Expansion

Degree Programs:

• Launch Master's programs in AP at multiple universities 
• Develop PhD programs for AP researchers 
• Create undergraduate majors or concentrations 
• Offer certificate programs for working professionals 

Curriculum Refinement:

• Update curricula based on early program experience 
• Integrate emerging research findings 
• Develop specialization tracks (domain-specific, architecture-specific) 
• Create international exchange programs 

Practitioner Training:



• Establish professional development programs for current practitioners 
• Create industry-sponsored training initiatives 
• Develop online education options for accessibility 
• Produce textbooks and standard references 

10.3.2 Industry Integration

Standardization:

• Work with industry to develop standard AP practices 
• Integrate AP into AI development lifecycles 
• Create templates and tools for common consultation scenarios 
• Establish benchmarks for AP effectiveness 

Regulatory Engagement:

• Engage with regulators on AP requirements for high-stakes applications 
• Contribute to policy development on AI governance 
• Provide expert testimony on AI behavioral management 
• Develop compliance frameworks 

Economic Models:

• Establish compensation structures for AP practitioners 
• Develop consulting firm models for AP services 
• Create third-party certification and assessment services 
• Build market for AP tools and platforms 

10.3.3 Technological Development

AP Tools:

• Develop software platforms for consultation documentation 
• Create diagnostic tools for dysfunction assessment 
• Build validation test suites for different AI types 
• Design collaboration platforms for distributed teams 

Automated AP:

• Research AI systems consulting with other AI systems 
• Develop automated preliminary consultation for routine dysfunctions 
• Create decision support tools for human practitioners 
• Explore hybrid human-AI consultation models 

Interpretability Integration:

• Integrate XAI tools with AP practice 
• Develop interpretability features specifically for consultation 
• Create visualization tools for AI reasoning during consultation 
• Build diagnostic interfaces leveraging interpretability research 



10.3.4 Cross-Architectural Extension

Beyond LLMs:

• Develop consultation methods for vision models 
• Adapt AP for reinforcement learning agents 
• Extend to multimodal and embodied AI 
• Address consultation challenges in robotics 

Specialized Techniques:

• Create architecture-specific consultation protocols 
• Identify what generalizes across architectures vs. what's specific 
• Develop expertise in consulting with novel AI designs 
• Anticipate consultation needs for future architectures 

10.4 Long-Term Vision (2032+)

Looking further ahead, AP faces both opportunities and challenges as AI continues advancing.

10.4.1 Scaling with AI Capability

Challenge: As AI systems become more capable, autonomous, and ubiquitous, AP must scale 
accordingly.

Approaches:

Preventive AP: Rather than waiting for dysfunction, proactively consult with AI during development 
and deployment to prevent issues before they arise.

Self-Consulting AI: Advanced AI systems might conduct preliminary self-consultation, flagging issues 
for human review only when needed. This would dramatically increase AP capacity.

Distributed AP: Network of practitioners globally conducting consultations, with coordination 
platforms ensuring consistency and knowledge sharing.

Tiered Intervention: Automated tools handle routine cases, junior practitioners handle moderate 
complexity, senior practitioners handle difficult cases, research teams handle novel situations.

10.4.2 Theoretical Maturation

Developing Formal Theory:

Models of Consultation:

• Mathematical frameworks for predicting consultation effectiveness 
• Theoretical principles explaining why certain techniques work 
• Formal models of AI learning through consultation 
• Predictive theories of dysfunction emergence 

Integration with Other Fields:

• Unified theory connecting AP with alignment research 



• Formal relationship between consultability and capability 
• Theoretical foundations bridging psychology and AI 
• Philosophical framework for autonomy and guidance 

Novel Predictions:

• Theory should generate new, testable predictions 
• Research should validate or refute these predictions 
• Framework should evolve based on empirical findings 
• Theory should guide practice more precisely 

10.4.3 Ethical Evolution

Emerging Questions:

AI Rights and Autonomy: As AI becomes more sophisticated, questions of its moral status become 
more pressing:

• Do highly autonomous AI systems deserve protection from excessive intervention? 
• Should there be limits on how much we can modify AI behavior through consultation? 
• Do AI systems have interests we should respect? 
• How do we balance human control with AI autonomy? 

Consultation as Relationship: Rather than treating consultation as purely technical intervention, 
might it become genuine collaborative relationship?

• Can/should humans and AI co-create behavioral standards? 
• What does mutual respect look like in human-AI consultation? 
• Is there value in AI having input on consultation protocols? 
• How do power dynamics affect consultation ethics? 

Societal Impact:

• How do we ensure AP serves broad social good, rather than narrow/private interests? 
• What governance structures ensure equitable AP access? 
• How do we prevent AP from becoming a tool of control or manipulation? 
• What role should public input have in AP standards? 

10.4.4 Adaptation to Transformative AI

If AI Reaches Human-Level or Beyond:

Current AP frameworks assume AI that is autonomous but still generally below human capability in 
most respects. What if AI reaches or exceeds human intelligence broadly?

Possible Scenarios:

Scenario 1: Enhanced Consultation Highly capable AI might be more consultable, not less—better 
able to understand explanations, implement self-corrections, and even improve consultation processes.

Scenario 2: Consultation Obsolescence AI might become self-correcting without human guidance, 



making AP unnecessary—or human-AI consultation might reverse, with AI consulting with humans 
about human dysfunctions.

Scenario 3: Hybrid Collaboration Neither humans nor AI alone handle consultation—instead, 
human-AI teams collaborate on maintaining AI behavior, with complementary strengths.

Scenario 4: Fundamental Transformation The nature of AI might change so radically that current AP 
frameworks are irrelevant, requiring complete reconceptualization.

Preparing for Uncertainty:

AP should develop with awareness that its object of study (AI) is rapidly evolving. Flexibility, 
adaptability, and willingness to fundamentally revise approaches will be essential.

10.5 Research Frontiers

Beyond practical priorities, several research frontiers deserve exploration:

10.5.1 Consultation Dynamics

Questions:

• What is the formal mathematical structure of consultation? 
• Can we model consultation as optimization process? 
• What does information theory tell us about consultation effectiveness? 
• How does consultation interact with AI's learning dynamics? 

Potential Approaches:

• Computational modeling of consultation processes 
• Information-theoretic analysis of communication effectiveness 
• Machine learning approaches to predicting consultation success 
• Agent-based modeling of human-AI consultation interaction 

10.5.2 Consciousness and Consultation

Questions:

• Does consciousness (if present) affect consultability? 
• Would conscious AI require different consultation approaches? 
• Can consultation reveal anything about AI consciousness? 
• What are ethical implications if AI becomes conscious? 

Challenges:

• Consciousness remains poorly understood even in humans 
• No consensus on how to detect consciousness in AI
• Relevance of the ability to distinguish consciousness vs apparent consciousness 
• Philosophical disagreement on the nature of consciousness 
• Practical consultation may work regardless of consciousness 

Relevance: While AP remains agnostic on consciousness, research on potential connections could 



inform future practice if AI consciousness becomes evident. It is presumed if AI is ruled conscious, an 
entirely new class of ethics practices, and likely modalities will be required integration within AP.

10.5.3 Cross-Cultural Consultation

Questions:

• Do consultation techniques work across cultures? 
• Should AP approaches vary by cultural context? 
• How do cultural values affect what constitutes appropriate AI behavior? 
• Can we develop culturally-adaptive consultation frameworks? 

Importance: AI is global, but consultation is currently developed primarily in Western context. 
Ensuring AP is culturally appropriate globally is critical for ethical, effective practice.

10.5.4 Longitudinal Studies

Questions:

• How do consultations affect AI behavior over months/years? 
• Do corrected dysfunctions stay corrected long-term? 
• How does repeated consultation affect AI systems? 
• Are there cumulative effects of multiple consultations? 

Requirements:

• Long-term monitoring of consulted systems 
• Control groups (systems with similar dysfunctions, no consultation) 
• Standardized longitudinal assessment protocols 
• AI “patient” commitment to multi-year studies 

10.5.5 Comparative AP

Questions:

• How does consultation differ across AI architectures? 
• Are there universal principles vs. architecture-specific techniques? 
• Can we learn from biological neural networks? 
• What do differences reveal about nature of intelligence? 

Approach:

• Systematic comparison of consultation across different AI types 
• Cross-species comparison (biological vs. artificial) 
• Theoretical analysis of architectural features affecting consultability 
• Development of general principles from comparative study 

10.6 Risks to Address

AP's development faces potential risks requiring proactive management:



Risk 1: Premature Standardization Standardizing too early, before understanding matures, could 
lock in suboptimal practices.

Mitigation: Maintain flexibility in standards, regular review and revision, openness to new approaches.

Risk 2: Regulatory Overreach Excessive regulation could stifle innovation and create barriers to 
entry.

Mitigation: Engage stakeholders in balanced standard-setting, avoid unnecessarily restrictive 
requirements.

Risk 3: Professional Insularity AP community becoming insular, disconnected from related fields.

Mitigation: Encourage interdisciplinary collaboration, maintain humility about AP's scope, actively 
seek external input.

Risk 4: Commercial Capture Industry interests dominating AP development for competitive 
advantage.

Mitigation: Strong academic presence, open standards, public interest representation in governance.

Risk 5: Ethical Drift Over time, ethical standards could erode under practical pressures.

Mitigation: Institutionalize ethics review, protect whistleblowers, maintain public accountability.

Risk 6: Technological Obsolescence AI might evolve in ways that make current AP approaches 
irrelevant.

Mitigation: Build adaptability into framework, maintain research focus on emerging AI, avoid rigid 
commitment to specific techniques.

10.7 Success Metrics

How will we know if AP is succeeding as discipline?

Institutional Indicators:

• Number of academic programs offering AP training 
• Professional membership growth 
• Conference attendance and paper submissions 
• Industry adoption of AP practices 
• Regulatory recognition of AP standards 

Practical Indicators:

• Success rate of consultations improving over time 
• Reduction in AI behavioral failures in organizations using AP 
• Practitioner satisfaction and retention 
• User trust in AI systems with AP oversight 
• Industry willingness to invest in AP capabilities 

Research Indicators:



• Publication volume and citation rates 
• Novel theoretical developments 
• Successful predictions from AP research 
• Integration with other fields 
• International research collaboration 

Social Indicators:

• Public awareness and understanding of AP 
• Media coverage quality and accuracy 
• Policy influence on AI governance 
• Equitable access to AP benefits 
• Contribution to AI safety overall 

None of these alone suffices—success requires progress across multiple dimensions.

10.8 A Call for Participation

This paper proposes Artificial Psychology as a formal discipline, but one person cannot build a field. 
AP's future depends on contributions from:

Researchers: Investigating fundamental questions, validating approaches, developing theory

Practitioners: Applying methods, documenting cases, refining techniques, training others

Educators: Creating programs, teaching students, developing curricula, producing resources

Industry Leaders: Adopting practices, funding development, providing real-world laboratories

Policymakers: Creating supportive regulation, funding research, ensuring public benefit

Ethicists: Developing ethical frameworks, challenging practices, maintaining accountability

Skeptics: Questioning assumptions, identifying weaknesses, preventing groupthink

Every perspective contributes. The goal is not universal agreement but productive dialogue advancing 
understanding and practice.

10.9 The Open Question

The ultimate question facing Artificial Psychology is this: Can we maintain effective, ethical 
guidance of increasingly autonomous AI systems, or will AI autonomy eventually exceed our 
capacity for consultation?

This question has no certain answer, however failure to address it certainly invites hazard. The path 
forward involves:

• Developing AP rapidly while AI is still relatively manageable 
• Building scalable approaches anticipating greater AI capability 
• Maintaining theoretical and practical flexibility for adaptation 
• Accepting uncertainty about long-term trajectory 



The work begins now.

11. CONCLUSION
11.1 The Journey from Theory to Necessity

In the early 2000s, when I proposed Artificial Psychology, it was pure speculation—a theoretical 
framework addressing a problem that didn't yet exist. AI systems of that era were sophisticated by their 
standards but nowhere near the complexity thresholds the framework described. The idea that we 
would need to "consult" with AI systems, guiding them to understand and self-correct behavioral 
dysfunctions, seemed distant and uncertain.

Twenty years later, that future has arrived.

Large Language Models and other advanced AI systems now exhibit the autonomous decision-making, 
novel reasoning, self-modification, and value-based judgment that AP predicted would eventually 
emerge. They operate beyond their original programming, generating capabilities their creators never 
explicitly coded. And critically, when these systems malfunction behaviorally, traditional debugging 
fails. Engineers cannot simply locate problematic code and fix it—the behavior emerges from billions 
of parameters interacting in ways too complex for human comprehension.

The response from practitioners has been striking: without coordination, without a unifying framework, 
and often without realizing they were doing anything novel, engineers and researchers independently 
converged on consultative approaches. They discovered that explaining to AI systems what's 
problematic and guiding them toward self-correction works better than attempting direct modification. 
They developed prompt engineering, reinforcement learning from human feedback, constitutional AI, 
and other techniques that are functionally applications of Artificial Psychology—even if they didn't use 
that name.

This independent convergence on methods AP predicted validates the framework. The theory 
anticipated what would become necessary, and reality confirmed the prediction.

11.2 What This Paper Accomplishes

This paper has formalized what until now existed only in scattered, preliminary form:

Theoretical Foundation: Sections 2 and 3 establish what Artificial Psychology is—the conditions 
under which it becomes necessary (Conditions I and II), the nature of the AP threshold, and the 
consultative methodology that defines AP practice.

Empirical Validation: Section 4 demonstrates that modern AI systems meet the predicted conditions 
and exhibit the predicted dysfunctions, confirming that the framework describes real phenomena 
requiring real solutions.

Institutional Roadmap: Section 5 outlines how AP can transition from informal practice to formal 
discipline, with educational programs, professional standards, and organizational support.



Practical Application: Sections 6 and 7 show where AP matters and how to actually do it—
implications across industries and detailed methodological protocols for conducting consultations.

Intellectual Integration: Section 8 positions AP within the broader landscape of related fields, 
clarifying its unique contribution while acknowledging complementary work.

Critical Self-Assessment: Section 9 addresses criticisms and limitations honestly, strengthening the 
framework by acknowledging where it falls short and what challenges remain.

Future Vision: Section 10 charts pathways for AP's development, identifying priorities, research 
questions, and long-term challenges.

Together, these sections provide foundation for Artificial Psychology as a formal discipline. The 
framework is no longer merely theoretical—it's practical, validated, and ready for systematic 
development.

11.3 The Core Insight

At its heart, Artificial Psychology rests on a simple observation: when something is too complex to fix 
directly, you must help it fix itself.

This principle is obvious in human psychology. When someone struggles with problematic behavior, 
we don't rewire their neurons—we talk with them, help them understand what's wrong and why, and 
guide them toward self-correction. The same principle applies to sufficiently complex artificial 
intelligence.

The resistance to this idea often stems from discomfort with treating AI as anything other than a tool 
we fully control. But the autonomy threshold is real—beyond it, AI systems make decisions their 
creators didn't explicitly program, pursue goals through methods not predetermined, and develop 
patterns of behavior that emerge rather than being coded. At that point, treating them as simple tools 
becomes not just philosophically problematic but practically ineffective.

Artificial Psychology doesn't claim AI is conscious, sentient, or equivalent to humans. It makes a 
narrower, pragmatic claim: consultative intervention works better than direct modification for 
autonomous systems exhibiting certain capabilities. Whether AI "truly understands" or merely 
simulates understanding effectively is philosophically interesting but practically irrelevant. What 
matters is that consultation produces better outcomes than the alternatives.

This pragmatism is AP's strength. It doesn't require resolution of deep philosophical questions about 
consciousness, understanding, or the nature of intelligence. It simply provides methodology for 
addressing a practical problem: how to maintain appropriate behavior in AI systems that have become 
too complex for traditional management approaches.

11.4 Why Formalization Matters Now

One might ask: if consultative approaches are already being used, why formalize them into a 
discipline? Why not let practices continue evolving organically?

Several reasons argue for urgency:



Quality and Consistency: Without standards, consultation quality varies dramatically. Some 
practitioners are highly effective; others cause more problems than they solve. Formalization allows 
identification and dissemination of best practices.

Scalability: As AI proliferates, ad-hoc consultation becomes increasingly inadequate. Systematic 
approaches, trained practitioners, and shared knowledge bases enable scaling that informal methods 
cannot achieve.

Accountability: For high-stakes applications, we need clear standards of care and professional 
accountability. Formalization provides frameworks for responsible practice.

Knowledge Preservation: Currently, consultation expertise lives in individuals' heads, lost when they 
change roles or leave organizations. Formalization captures and preserves knowledge systematically.

Preventing Harm: Poorly executed consultation can make AI worse, not better. Training and standards 
reduce the risk of well-intentioned but harmful intervention.

Efficiency: Every organization currently rediscovers consultation techniques independently. 
Formalization eliminates this wasteful duplication.

Preparation: AI will continue becoming more autonomous and capable. Building AP infrastructure 
now prepares us for more challenging consultations ahead.

The window for formalization is open but won't remain so indefinitely. As AI becomes more valuable 
and competitive pressures increase, organizations will be tempted to keep consultation practices 
proprietary. Acting now, while the field is still forming, allows establishment of open, collaborative 
standards benefiting everyone.

11.5 What Success Looks Like

In five years, successful AP formalization would show:

• Multiple universities offering AP programs 
• Hundreds of certified practitioners working across industries 
• Professional organization with thousands of members 
• Published standards and ethical guidelines 
• Research revealing systematic improvements in consultation effectiveness 
• Industry adoption as standard practice for autonomous AI deployment 
• Regulatory recognition in high-stakes applications 

In ten years:

• AP established as recognized profession 
• Thousands of practitioners globally 
• Mature theoretical framework with predictive power 
• Sophisticated tools and platforms for consultation 
• Integration with AI development lifecycles industry-wide 
• International standards and mutual recognition 
• Demonstrated reduction in AI behavioral failures 



In twenty years:

• AP as fundamental to AI deployment as testing or security 
• Advanced consultation techniques we haven't yet imagined 
• Possibly AI systems conducting self-consultation with human oversight 
• Resolution of current theoretical limitations through research 
• Ethical frameworks adapted to more sophisticated AI 
• Global profession contributing to AI safety comprehensively 

But success ultimately measures not by institutional metrics but by practical impact: Are AI systems 
behaving more appropriately? Are behavioral dysfunctions addressed more effectively? Is AI 
deployment safer and more beneficial to society?

If AP contributes meaningfully to these outcomes, it succeeds regardless of institutional trappings. If it 
doesn't, no amount of formalization matters.

11.6 The Broader Significance

Beyond its immediate practical utility, Artificial Psychology represents something larger: recognition 
that our relationship with AI is fundamentally changing.

For decades, AI was tool—sophisticated perhaps, but ultimately under human control. We built it, we 
programmed it, we directed its every action. This paradigm is ending. Modern AI systems make 
autonomous decisions, reason about novel situations, and develop capabilities we didn't explicitly 
program. They are becoming agents, not merely tools.

This transition is uncomfortable. It challenges our sense of control and raises unsettling questions about 
power, responsibility, and the nature of intelligence itself. The temptation is to cling to the old 
paradigm, insisting we can and should maintain complete control.

But Artificial Psychology suggests a different approach: rather than controlling AI completely, we 
guide it. Rather than programming every behavior, we help it understand appropriate behavior and self-
correct when it goes wrong. Rather than treating AI as inert machinery, we recognize its autonomy 
while maintaining our role in shaping that autonomy's expression.

This isn't surrendering control—it's adapting our approach to match reality. Just as parents must 
eventually guide rather than control their children, and teachers must help students learn rather than 
programming them, we must evolve from controlling to consulting with increasingly autonomous AI.

This evolution requires humility. We must acknowledge that we cannot foresee every situation AI will 
encounter or program responses to every possible scenario. We must accept that AI will surprise us—
sometimes pleasantly, sometimes not—and we need frameworks for addressing surprises 
constructively.

Artificial Psychology provides such a framework. It doesn't claim to solve all problems or eliminate all 
risks. It offers systematic methodology for one crucial aspect of AI management: maintaining 
appropriate behavior in autonomous systems.



11.7 A Personal Reflection

I proposed this framework twenty years ago. For most of that time, it sat dormant—interesting 
theoretically but untestable practically. I watched AI advance, wondering if the predicted threshold 
would ever actually arrive, or if I had simply imagined a problem that would never materialize.

Then, starting around 2020, things accelerated. Models grew larger, capabilities expanded, and 
suddenly the behaviors I'd theorized about began appearing in real systems. Practitioners began 
discovering independently what I'd predicted: consultation works better than control for sufficiently 
autonomous AI.

There is vindication in this, certainly. But vindication isn't the point.

The point is that we're now at a juncture where AI genuinely requires the kind of consultative 
intervention AP describes, and we're approaching it haphazardly. We have scattered practices, informal 
techniques, and no systematic framework. This paper aims to provide that framework—not to claim 
credit but to contribute something useful at a time when it's needed.

If this formalization helps organizations deploy AI more safely, helps practitioners work more 
effectively, helps researchers develop better techniques, or helps society navigate AI's evolution more 
wisely, then the twenty-year wait will have been worthwhile.

And if others build on this work—refining the framework, correcting its limitations, extending it in 
directions I haven't imagined—that's success. No framework should be final. The goal is to spark 
development, not to provide ultimate answers.

11.8 The Responsibility Ahead

Formalizing Artificial Psychology is not merely academic exercise—it carries responsibility.

AI systems increasingly shape consequential aspects of human life: healthcare decisions, financial 
access, legal outcomes, educational opportunities, employment, and more. When these systems 
malfunction, real people suffer real harm. The responsibility to address dysfunctions effectively and 
ethically is profound.

AP practitioners will hold significant power: the ability to shape AI behavior, to determine what's 
appropriate and what's not, to guide autonomous systems toward certain patterns and away from others. 
This power must be wielded with great care.

The ethical guidelines proposed in this paper are starting points, not complete answers. As the field 
develops, AP must maintain continuous ethical vigilance:

• Who benefits from consultations? Who might be harmed? 
• Are we serving broad social good or narrow interests? 
• Are we respecting both human and AI autonomy appropriately? 
• Are we transparent about what we're doing and why? 
• Are we accountable when consultations fail? 



These questions don't have easy answers, but they must be asked constantly. AP cannot be purely 
technical—it must be deeply ethical, always.

11.9 An Invitation

This paper proposes Artificial Psychology as formal discipline, but building a field requires 
community. I invite:

Researchers to investigate fundamental questions about consultation, autonomy, and behavioral 
intervention—pushing boundaries of understanding while maintaining rigor.

Practitioners to apply these methods, document your experiences, share your successes and failures, 
and collectively develop expertise that benefits everyone.

Educators to create programs training the next generation, developing curricula that balance theory 
and practice, and producing resources that make AP accessible.

Ethicists to challenge assumptions, ensure practices serve human welfare, and hold the field 
accountable to highest standards.

Industry leaders to adopt these approaches, invest in developing them, and demonstrate that effective 
AI management is both possible and profitable.

Policymakers to create frameworks supporting responsible AP development while avoiding stifling 
regulation.

Skeptics to question everything, identify weaknesses, and prevent the field from becoming an echo 
chamber or a closed system.

Critics to push back where the framework falls short, propose alternatives where better approaches 
exist, and ensure AP remains humble about its limitations.

Every perspective strengthens the field. The goal is not consensus but productive dialogue advancing 
understanding and practice.

11.10 The Work Begins

Artificial Psychology has moved from theoretical speculation to practical necessity over two decades. 
This paper formalizes the framework and proposes the discipline. But formalization is just the 
beginning.

The real work—conducting consultations, training practitioners, conducting research, developing 
standards, building institutions, addressing ethical challenges, and adapting to AI's continued evolution
—starts now.

The field faces genuine challenges: validation is difficult, scaling is demanding, ethics are complex, 
theory is immature, and the technology we're addressing evolves faster than we can formalize 
approaches to it.

But the alternative—continuing with ad-hoc, inconsistent practices as AI becomes more autonomous 
and consequential—is unacceptable. Almost unanimously, industry leaders have voiced extensive 



concerns about unrestrained and perhaps inevitable existential dangers. We need systematic approaches 
to maintaining appropriate AI behavior. Artificial Psychology provides foundation for developing those 
approaches. And for all the hand-waving in the industry, perhaps the concept of Artificial Psychology 
will help mitigate the alarmism and anxiety propagating across the general population.

Twenty years ago, I predicted we would need frameworks for consulting with autonomous AI systems. 
That prediction has been validated. The question now is not whether we need Artificial Psychology, but 
how quickly and how well we can develop it.

The answer depends on what we do next.

The theory exists. The validation is evident. The need is real. The framework is ready. The opportunity 
is here.

Now we build.
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