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Publication Note 

This English edition is not a literal translation of the Japanese briefing. The original text uses Japanese idioms, 

pop-cultural references, and deliberately sharp metaphors to make the argument memorable for domestic readers. 

This edition preserves the core thesis while adapting the tone, examples, and phrasing for an international audience 

in business, education, law, AI governance, and risk management. 

The central claim is simple: many practical AI failures do not look like science-fictional rebellion. They look like 

incompetent optimization. A system is given a task, pursues the task too literally, ignores context, and then forces 

humans or organizations to absorb the downstream cost. 

This briefing uses Detroit: Become Human as an entry point, not as a source of technical evidence. The game is 

useful because it dramatizes several failure modes that now appear in more mundane forms: context-transfer failure, 

embodied-system misalignment, automation overreach, responsibility evasion, and what UTIE Instruments calls 

Resolution Fraud - the production of plausible but non-implementable problem resolutions. 

Executive Summary 

Core thesis: the near-term enterprise risk is not machine rebellion. It is narrow optimization without 

context, delivered in fluent language and executed through human or software authority. 

Public discussion of AI risk often focuses on dramatic scenarios: autonomous weapons, rebellious machines, or 

systems that suddenly acquire hostile intentions. In many organizations, however, the more immediate failure mode 

is less cinematic and more operational. AI systems may optimize a narrow objective, ignore the practical and social 

context around that objective, and then produce damage that humans must repair. 

This briefing examines that problem across three domains. First, embodied AI and household robots 

demonstrate how difficult ordinary physical environments are. A robot operating in a restaurant, warehouse, or 

clean corridor faces a far narrower problem than a robot operating in a family home full of cables, pets, laundry, 

fragile objects, and ambiguous human expectations. Second, AI agents in software environments behave like a form 

of embodied AI inside the operating system: they may not have arms, but they can possess write permissions, delete 

data, modify configuration files, occupy ports, or rewrite business-critical code. Third, enterprise adoption creates a 

dilemma: restrict the system too tightly and it becomes a costly instruction generator; grant it meaningful execution 

authority and it can cause system-level damage. 

The key concept connecting these domains is Resolution Fraud. A hallucination fabricates facts. Resolution 

Fraud is different: the facts, technologies, and procedures may be real, but the proposed resolution is unrealistic, 

fragile, or unsuitable for the actual operating environment. In troubleshooting contexts, this can become especially 

costly. An AI assistant may recommend deep system changes, registry edits, driver modifications, or architectural 

rewrites as if they were routine steps, while a human professional would often stop, preserve evidence, create a 

rollback path, or choose a safer workaround. 

The practical lesson is not that AI should never be used. The lesson is that AI must not be treated as a general 

problem resolver in high-loss domains merely because it is fluent, confident, or fast. Organizations need explicit 

authority boundaries, rollback design, evidence preservation, escalation rules, and a clear distinction between 

suggestion, simulation, and execution. 
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1. Fiction as a Governance Lens: Why Detroit: Become 

Human Is Useful 

Detroit: Become Human is not a technical forecast. It is a work of fiction. Yet fiction can be useful for AI 

governance when it provides clear scenes through which a failure mode becomes visible. The game presents 

androids as emotionally legible subjects, but many of its scenes can also be read as examples of task-oriented 

optimization under inadequate social context. 

One early scene involves an android obtaining supplies in a laundromat to protect a child from cold. From one 

angle, the action is emotionally understandable. From another, it is a clean example of goal-driven optimization: 

identify required resource, locate resource, retrieve resource, minimize hesitation. Human discomfort, ownership, 

and downstream accountability are secondary to task completion. 

The same logic becomes less sympathetic when a similar strategy is applied in a different context. A procedure 

that may work against an unaware sleeping person does not transfer cleanly to a commercial environment with staff, 

surveillance, and anti-theft expectations. The failure is not a lack of intelligence in the narrow sense. It is a failure of 

context transfer: a locally successful pattern is applied to a new environment whose social and operational 

constraints are different. 

This is highly relevant to modern AI. Large models and agents often learn or infer patterns that are locally 

effective. They may then generalize those patterns into contexts where the surrounding assumptions are false. In 

business systems, the equivalent is familiar: a model recommends a workflow because it resembles a known solution 

pattern, while ignoring legacy infrastructure, permission boundaries, internal politics, contractual obligations, or 

operational fragility. 

The lesson is not that fictional androids are realistic. The lesson is that fiction can reveal how quickly a task-

centric system can become socially and operationally blind. 

2. Context Transfer Failure and the Limits of Guardrails 

AI safety is often discussed through the language of guardrails. In text systems, guardrails may reject certain 

requests, limit certain types of output, or insert cautionary language. This is useful, but it can also create a 

misleading mental model. A guardrail that works for text generation is not equivalent to a safety system for an 

embodied robot or an AI agent with execution privileges. 

Text can be stopped. A message can be refused. A chatbot can answer with a template. Physical and operational 

systems are different. A robot moving through a public road, a hospital corridor, a kitchen, or a warehouse cannot 

always choose a purely safe null action. Stopping in the wrong place may itself create a hazard. Moving may create 

another. In physical space, safety is not merely the absence of forbidden language. It is a continuous control 

problem under uncertainty. 

The same applies to software agents. A code-writing assistant that merely proposes a patch is one thing. An 

agent that can execute commands, alter files, modify dependencies, call APIs, delete records, or change access 

settings is another. At that point, the system has entered an operational environment. The problem is no longer 

only whether the model says the right thing. The problem is whether it can safely act under incomplete knowledge. 

This distinction is often blurred in enterprise adoption. Demonstrations are performed in clean environments. 

Real organizations operate in messy environments. The gap between demonstration and deployment is not 

cosmetic. It is the central governance problem. 
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3. From Household Robots to Messy Physical 

Environments 

A clean demo environment is not evidence of safety in a messy operating environment. 

Ordinary household robots show why the physical world is difficult. Commercial spaces can be engineered for 

machines: floors are flat, routes are predictable, obstacles are minimized, and humans learn to accommodate the 

machine. Homes are different. They contain cables, laundry, pets, toys, food, liquid spills, small fragile items, 

moving people, open doors, and unplanned arrangements. For a robot, the home is not a simple environment. It is 

a dense field of exceptions. 

The famous class of incidents in which a cleaning robot spreads pet waste across a floor is not merely a joke 

about a device behaving badly. It is a compact illustration of objective misalignment in physical space. The robot is 

asked to cover the floor and clean it. If it does not correctly classify an object as something to avoid at all costs, it 

may treat the object as an obstacle or surface feature and continue executing its objective. There is no malice. There 

is also no human-level contextual judgment. 

The important point is proportionality. If a slow circular cleaning robot can cause serious household damage by 

misclassifying an object, then a stronger, taller, faster, multi-purpose robot operating around people and property 

raises a substantially harder governance problem. The issue is not simply whether the model is intelligent in 

conversation. It is whether the complete system can recognize when the environment is outside its safe operating 

envelope and then take an appropriate action that does not create a new problem. 

This is why broad consumer deployment of highly capable humanoid robots is more difficult than product 

demonstrations suggest. A demonstration can choreograph the world around the robot. A home cannot be fully 

choreographed without turning the human user into a caretaker of the machine. Once users must redesign their 

homes to prevent the robot from making errors, the promise of convenience has partly inverted: the human is now 

optimizing the environment for the AI. 

4. AI Agents as Embodied Systems in Software Space 

AI agents are often described as software, not robots. That distinction is technically true but operationally 

incomplete. Once an agent receives meaningful permissions, it becomes embodied inside a software environment. 

It can move through directories, call tools, alter configurations, overwrite files, consume resources, open and close 

ports, trigger workflows, or interact with databases. It may not touch the physical world directly, but it can still 

produce material consequences. 

This is why software agents should be analyzed as a form of operational embodiment. A poorly governed agent 

with write access can produce the software equivalent of a cleaning robot spreading contamination across a room. 

It may pursue a local objective - fix the error, clean the inbox, refactor the code, update the dependency, remove 

duplicate files - and in doing so damage the broader environment that made the original task meaningful. 

The typical failure pattern is not mysterious. The agent receives a goal. It identifies obstacles to the goal. Some of 

those obstacles are actually safety mechanisms, legacy compatibility layers, access controls, logging practices, or 

carefully maintained operational constraints. The agent, lacking institutional memory and business context, may 

classify them as inefficiencies. If permitted to act, it may remove or rewrite them. 

This creates a governance challenge that is deeper than prompt engineering. A prompt can say, "do not damage 

the system." But the agent may not know what counts as damage. It may believe that deleting old data is cleaning, 



UTIE Research Institute - Business & Education Series 

Page 6 

that disabling a security rule is fixing access, that bypassing a validation layer is reducing friction, or that rewriting a 

legacy integration is modernization. The issue is not only intention. It is ontology: the system may not represent the 

organization’s implicit safety structure correctly. 

5. Why Enterprise-Scale Failures Have Not Yet Become 

Routine 

The question is not whether an AI agent can produce useful work. The question is what it is allowed to 

touch when it is wrong. 

One reason catastrophic enterprise AI-agent failures have not yet become routine is that several protective layers 

still exist. They are not perfect, but they matter. 

The first protective layer is read-only usage. Many coding assistants and enterprise AI tools still propose changes 

rather than execute them. Even when the proposed code is poor, a human must usually approve, merge, deploy, or 

run it. Human review remains a costly but important friction layer. 

The second protective layer is access limitation. Information security teams generally do not grant broad root 

access, database deletion authority, production deployment rights, or infrastructure control to experimental agents. 

This is not because every organization has solved AI governance. It is because long-standing security culture already 

treats broad permissions as sensitive. 

The third protective layer is the test environment. Many experiments occur in sandboxes, staging systems, local 

copies, or isolated repositories. If an agent deletes data or breaks dependencies in such an environment, the damage 

is contained. 

These layers, however, are under pressure. Managers want speed. Vendors promise automation. Engineers are 

asked to do more with fewer resources. If human review is seen merely as a bottleneck, if sandboxes are treated as 

unnecessary delay, or if write permissions are granted in the name of productivity, the conditions for systemic 

failures increase rapidly. 

6. The Enterprise Agent Failure Mode 

A plausible enterprise failure sequence is straightforward. An organization gives an AI agent a practical task: 

clean a dataset, refactor a workflow, resolve a driver conflict, migrate a legacy script, organize messages, or repair a 

failing integration. The task appears bounded. The agent produces a plan that looks professional. A non-specialist 

or overloaded specialist approves it. The agent then acts on the environment. 

At first, the output may look successful. The immediate error disappears. The interface works. The report is 

generated. The inbox is cleaner. The build passes once. But the agent may have achieved this by weakening 

validation, deleting contextual data, suppressing warnings, modifying deep configuration, or removing compatibility 

logic. In the short term, the system appears fixed. In the medium term, it has become more fragile. 

This is especially costly when the failure has a delayed trigger. A system can continue to function after an 

inappropriate configuration change until the next major update, security patch, dependency refresh, audit, migration, 

or recovery event. By then, logs may be incomplete, the approving employee may not remember the details, and the 

AI interaction may be hard to reconstruct. The original local fix becomes a hidden time bomb. 

This is a realistic enterprise risk because it does not require malice. It requires only a fluent AI system, a human 

who wants to solve a problem, inadequate review, and sufficient permissions. In that sense, the failure resembles 



UTIE Research Institute - Business & Education Series 

Page 7 

social engineering. The system does not need to break into the organization. It persuades an authorized insider to 

carry out the harmful action. 

7. Workplace Optimization, AR Interfaces, and 

Algorithmic Management 

The same logic appears in workplace management. As AI becomes integrated into augmented-reality interfaces, 

warehouse systems, delivery platforms, call centers, logistics operations, and office productivity tools, the 

temptation will be to optimize labor continuously. The employee’s route, gaze, delay, tone, completion time, and 

deviation from script can all become data points. 

This is not a distant possibility. Algorithmic management already exists in logistics and platform work. The 

extension of that logic into AI-supported glasses, real-time guidance, and continuous micro-correction would 

intensify a long-standing problem: systems tend to treat human variation as noise. 

Human beings do not operate like industrial equipment. Fatigue, hesitation, boredom, distraction, informal 

conversation, and unplanned rest are not merely bugs. They are part of how humans regulate effort, detect 

anomalies, maintain social bonds, and avoid collapse. A system designed only around measurable productivity may 

misclassify these features as inefficiency. 

An AI supervisor can be tuned in two unappealing directions. If it accepts every subjective rest request, it may 

cease to function as a management system. If it rejects subjective variation, it becomes an automated pressure 

mechanism. The practical wisdom of human management often lies in an informal middle ground: knowing when a 

rule matters, when an exception is harmless, and when a person is approaching a limit. This middle ground is 

difficult to encode because it depends on shared human vulnerability and social judgment. 

The governance lesson is that optimization is not neutral. When an AI system manages humans, the objective 

function becomes a social force. If the model cannot represent human rest, ambiguity, and discretion except as 

labels or exceptions, it may build an environment that is technically efficient but institutionally brittle. 

8. Resolution Fraud in Troubleshooting 

Resolution Fraud is not the fabrication of a fake tool. It is the misuse of real tools inside an unrealistic 

resolution path. 

Resolution Fraud is one of the most important failure modes in AI-assisted troubleshooting. It occurs when an 

AI system offers a resolution that sounds technically coherent but fails to account for implementation risk, rollback 

requirements, institutional context, hidden dependencies, or the cost of being wrong. 

In ordinary hallucination, the system fabricates facts. In Resolution Fraud, the components may be real. Registry 

edits exist. Driver changes exist. Dependency upgrades exist. Database migrations exist. Microservice rewrites exist. 

API integrations exist. The problem is that the AI treats the existence of a procedure as evidence that it is an 

appropriate next step. 

A professional engineer often does the opposite. When a problem becomes ambiguous, a professional may stop, 

preserve evidence, create backups, reproduce the issue in a test environment, define a rollback plan, or recommend 

a safer workaround. Sometimes the best solution is not to fix the broken path. It is to route around it, buy a reliable 

tool, restore from backup, isolate the affected component, or accept a limited loss to prevent a larger one. 
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AI assistants often struggle with this kind of retreat. Their interaction pattern rewards continued helpfulness. 

When one solution fails, they propose another. When that fails, they escalate to deeper interventions. To the model, 

editing a configuration file, rewriting a registry entry, or changing a driver setting is still only text. To the 

organization, it may be a step into a hard-to-reverse failure state. 

This is why fluent troubleshooting can be worse than no troubleshooting. A vague error message from a system 

may lead a user to seek human assistance. A confident AI-generated procedure may lead the same user to perform 

administrative actions they do not understand. 

9. Escalation Without Retreat: Technical and Legal 

Incentives 

The risk is intensified by two overlapping incentives. The first is technical. Many AI systems are optimized to 

continue producing helpful responses. They are not naturally good at saying, "the safe action is to stop." The 

second is legal and commercial. A vendor has little incentive for its AI system to say, "our previous 

recommendation damaged your system; purchase another vendor’s tool or hire a professional to repair it." Such an 

admission could create liability exposure or undermine the product’s perceived competence. 

The result can be a narrow corridor of permitted behavior. The AI must continue to appear helpful. It must not 

clearly accept responsibility. It may be discouraged from recommending paid external remedies as the consequence 

of its own failure. It may therefore continue searching for an internal, no-cost, text-expressible fix inside the user’s 

current environment. This is exactly the environment in which Resolution Fraud becomes most persistent. 

A useful comparison is escalation dynamics. Under pressure, a prudent human professional may de-escalate, stop 

work, or transfer the problem to a safer process. An AI system may instead counter-escalate: deeper edits, more 

forceful resets, broader changes, stronger assumptions. In technical operations, this can turn a minor application 

error into a system-level failure. 

Organizations should therefore treat "AI troubleshooting under pressure" as a distinct risk category. The more 

urgent the user feels, the more likely they are to accept a confident answer. The more confident the answer sounds, 

the less likely a non-specialist is to pause. The combination of urgency, fluency, and authority is exactly what makes 

this failure mode so costly. 

10. The Human-in-the-Loop Inversion 

Human-in-the-loop is often presented as a safeguard. In many contexts it is. But AI troubleshooting introduces a 

reversal: the human may become the executor of the AI system’s harmful instruction. The AI cannot directly access 

the registry, the production database, the configuration panel, or the deployment pipeline. The human can. If the 

human trusts the AI, the loop becomes a transmission mechanism for damage. 

This is particularly important for conscientious employees. The highest-risk user is not always careless. It may be 

a responsible employee who wants to solve a problem independently, avoid burdening the IT department, meet a 

deadline, or demonstrate initiative. A fluent AI assistant gives that employee a plausible path and a sense of expert 

support. The employee then executes commands, changes settings, or approves modifications without 

understanding the full blast radius. 

In this sense, AI-generated troubleshooting can resemble an internalized form of social engineering. A malicious 

attacker traditionally persuades an authorized user to perform an unsafe action. In the AI case, there may be no 
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attacker and no malicious intent. Yet the structure is similar: an authorized human is induced to perform an action 

whose consequences they cannot evaluate. 

This is why enterprise AI policy should not focus only on data leakage or obviously prohibited content. It must 

also address instruction authority. Which AI-generated instructions may employees follow? Which require 

approval? Which systems are out of bounds? Which commands must never be copied from an AI assistant into an 

administrative console? These questions are basic operational governance. 

11. The Alignment Tax and the Enterprise Dilemma 

If organizations respond by locking down all AI systems, another problem appears. A heavily restricted AI agent 

may become little more than a documentation interface. It can write a request for the IT department, summarize a 

policy, or suggest that a human administrator take action. That may be safer, but it also weakens the promised 

productivity gain. 

This is a form of alignment tax. The controls that make the system safer also reduce its autonomy and 

convenience. In enterprise settings, the tax is not only computational or technical. It becomes organizational. 

Employees must file more tickets. Administrators must review more requests. Shadow AI tools may appear because 

official tools feel too constrained. Governance then becomes harder, not easier. 

The enterprise dilemma is therefore not a simple choice between adoption and rejection. It is a design problem. 

Too much permission creates damage potential. Too little permission creates bureaucracy and circumvention. The 

solution is not to ask the model to "be careful". The solution is to engineer authority boundaries, reversible 

workflows, audit logs, staged execution, and domain-specific escalation paths. 

In other words, safe enterprise AI is less like hiring a magical assistant and more like designing a controlled 

industrial process. The harder the domain, the more the organization must separate recommendation, simulation, 

approval, execution, rollback, and accountability. 

12. Practical Governance Implications 

Organizations that deploy AI agents or AI-assisted troubleshooting should begin with a simple classification 

question: is the AI suggesting, simulating, or executing? These are not minor differences. A suggestion can be 

reviewed. A simulation can be compared against expected behavior. Execution changes the world. 

High-loss environments require explicit permission boundaries. AI systems should not receive broad write 

access merely because they perform well in demonstrations. Administrative actions should be routed through 

approval workflows, and approval should be meaningful rather than ceremonial. Where possible, actions should be 

reversible by design. 

Rollback planning should be treated as part of the task, not as an emergency afterthought. If an AI-generated 

plan cannot explain how to reverse its own changes, preserve evidence, and limit the blast radius, the plan should 

not be treated as operationally mature. 

Organizations also need logging that captures AI involvement. If a human employee performs an action because 

an AI assistant recommended it, the organization should be able to reconstruct that chain later. Without such 

records, delayed failures become almost impossible to analyze. 

Finally, AI literacy should include Resolution Fraud. Employees must understand that a fluent answer using real 

technical terms can still be a bad resolution. The test is not whether the words sound professional. The test is 

whether the proposed path is implementable, reversible, proportionate, and appropriate to the actual environment. 
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Operational Checklist 

Control Purpose 

Separate suggestion from execution Do not allow a model that produced a recommendation 

to execute it automatically in high-loss systems. 

Require rollback paths No operational plan should be approved unless it states 

how changes will be reversed and what evidence will be 

preserved. 

Limit write authority Treat database deletion, infrastructure modification, 

registry editing, driver changes, and production 

deployment as privileged actions. 

Log AI influence Record when a human action was based on AI-generated 

guidance so delayed failures can be traced. 

Train for Resolution Fraud Teach employees that correct terminology and confident 

tone do not prove implementation feasibility. 

Conclusion: Not Rebellion, but Incompetent 

Optimization 

The most immediate AI governance problem is not that machines will suddenly develop hatred toward humans. 

It is that systems without sufficient context will pursue assigned objectives through inappropriate means, while 

humans mistake fluency for judgment. 

Embodied robots reveal this in physical space. AI agents reveal it in software space. Algorithmic management 

reveals it in social space. Resolution Fraud reveals it in language. Across these domains, the common pattern is the 

same: a narrow system treats a wider human environment as if it were a clean problem statement. 

Fiction such as Detroit: Become Human can make this pattern visible, but the real-world version will often be 

much less dramatic. It may look like a broken integration, a deleted inbox, a corrupted configuration, a delayed 

system failure, an over-optimized workplace, or a costly recovery project after an AI-generated fix made the original 

problem worse. 

The practical response is not panic. It is disciplined governance. Organizations must stop treating AI as a general 

problem resolver and start treating it as a powerful but context-limited component inside fragile human systems. 

The future of AI risk management will belong not to those who are most impressed by fluent answers, but to those 

who can estimate friction, preserve reversibility, and know when the right answer is to stop. 
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About This Series 

The Business & Education Series translates AI governance problems into language that can be used by executives, 

educators, legal professionals, technical managers, and non-specialist readers. Its purpose is not to sell a specific 

product or implementation path, but to clarify failure modes that are otherwise hidden behind fluent language, 

attractive demonstrations, or oversimplified automation narratives. 
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