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Abstract 

Prior work showed that human-in-the-loop oversight becomes structurally untenable in high-

loss domains once AI output velocity V exceeds human cognitive capacity C_max. The 

operative constraint, however, is V × L, where L is per-item cognitive load: triage, judgment, 

and response. These components respond asymmetrically to capability improvement. Triage 

cost does not decline, because semantic indeterminacy is inherent in general-purpose design. 

Response cost is invariant to accuracy. Only judgment cost faces downward pressure, largely by 

inducing omission. Capability improvement therefore restructures L rather than reducing it. We 

prove a proposition: if V × L grows at any positive compound rate while supervisory capacity 

grows linearly, exceedance occurs in finite time; capacity investment buys time only 

logarithmically, while reducing the growth rate extends it hyperbolically. Supervision 

enhancement and flow control are therefore not remedies of the same kind. We propose Flow-

by-Flow, a governance design that prices supervisory load without evaluating content, intent, or 

legitimacy. A cognitive cost score built from formal, countable features imposes compounding 

costs on volume expansion, and an institutional capacity cap fixes processing within C_max. 

Four design invariants characterize any admissible exceedance pathway: no content judgment, 

no scalable consumption of examiner capacity, identity-bound per-application friction, and no 

batch clearance. Excess claim and page fees in patent systems are precursors satisfying only the 

first two invariants. One reference implementation satisfying all four is presented. A Monte 

Carlo analysis across 1,000 parameter draws confirms that the analytically derived ordering 

survives the 30-year horizon in 90.8% of trials. 

Keyword: AI governance; flow-rate limitation; cognitive cost score; human-in-the-loop; content-judgment 

bypass; high-loss domains 

1.Introduction 

Contemporary debates on AI governance still rest on the assumption that generative AI systems 



can be operated safely even as their output expands, so long as a human being who bears final 

judgment and responsibility remains within the decision-making loop. The human-oversight 

requirement for high-risk AI systems under the EU AI Act, the concept of human involvement in 

the U.S. NIST AI Risk Management Framework, and the familiar statement in many corporate 

deployment guidelines that “a human must always make the final check” all depend on this 

assumption. 

Critiques of this assumption have accumulated historically across multiple scholarly lineages. 

Bainbridge (1983) observed that as automation becomes more advanced, the tasks left to human 

operators converge toward two activities that are least suited to human cognitive characteristics: 

the monotonous monitoring of a normally functioning system and extreme intervention under 

unfamiliar failure conditions. Perrow (1984) showed that, in highly complex and tightly coupled 

systems, accidents are not merely defects in design but systemic events, a view developed as 

Normal Accident Theory. Beck (1986) argued that the development of modern technology 

endogenously generates risks that exceed existing institutional capacities for control. 

Parasuraman and Riley (1997) systematized the categories of use, misuse, disuse, and abuse of 

automation, and Parasuraman and Manzey (2010) proposed an integrated attentional model of 

automation bias and complacency. Elish (2019) named the structure in which humans absorb 

responsibility without retaining substantive control over automated systems the “moral crumple 

zone.” 

These insights were developed primarily with physical automation systems in mind. In 

generative AI, however, the same problem reappears in a qualitatively different form. In physical 

automation, the object monitored by humans is the operation of a machine, and errors become 

visible as deviations in physical quantities such as temperature or pressure. The normal range 

can be defined objectively, and the deviation criteria for identifying abnormalities exist outside 

the supervisor. By contrast, in generative AI, the objects that supervisors must inspect are 

cognitive and inferential artifacts, such as text, media, and code. Errors appear as failures of 

semantic or contextual coherence, or as logical leaps. The deviation criteria therefore depend on 

the internal model of the human supervisor. 

Because the criteria are intrinsic rather than extrinsic, a distinctive vulnerability arises. Outputs 

from generative AI exhibit stronger statistical regularity than human outputs. Supervisors who 

are repeatedly exposed to them learn and internalize this regularity as the normal state through 

predictive-error minimization mechanisms (Friston, 2010; Clark, 2013). As predictive error 

declines, this is experienced at the cognitive level as increased processing fluency (Alter & 

Oppenheimer, 2009), that is, as a diminished sense that something is wrong with the output. This 

process proceeds even when the supervisor is paying attention. It therefore differs qualitatively 

from conventional automation bias, which is usually understood as a failure of attention. Instead, 



it degrades error-detection capacity through a transformation of the cognitive frame itself. 

Evidence supporting this conclusion has accumulated from several directions. Carnat (2024) 

argues that the human-oversight requirement in Article 14 of the EU AI Act cannot resolve 

automation bias in generative LLMs, and that technical improvements in hallucination may 

instead accelerate human overtrust. Horowitz and Kahn (2024), in an experiment involving 9,000 

participants across nine countries, show that trust and confidence in AI systems are major drivers 

of automation bias. A systematic review of 35 studies from 2015 to 2025 (AI & Society, 2025) 

reports that interventions such as explanations and trust-calibration feedback are ineffective in 

reducing automation bias. Kücking et al. (2024) show that non-experts are more vulnerable in 

clinical decision-support systems. Park, Kim, and Han (2026), using a dynamic systems model, 

identify a critical threshold at which human capability collapses sharply (K* ≈ 0.85), and show 

that mandatory practice intervals substantially preserve human capability. Bastani and Cachon 

(2025) derive conditions under which, as AI accuracy improves, the compensation required to 

economically motivate supervisory effort grows without bound, eliminating the possibility of a 

feasible contract design. 

Empirical evidence is also accumulating on the effect of LLM adoption on output rate. Kusumegi 

et al. (2025), analyzing more than two million preprints, report that LLM adoption increases per-

author output by 23.7% to 89.3%, depending on field and author background. Naito (2026), using 

approximately 25,000 preprint records, shows that across fields without physical-space 

constraints, output rates accelerated after 2023 at a scale that cannot be explained by AI 

investment or by an increase in AI researchers, with submission counts increasing by at least 30%.  

Naito (2026) integrates these prior studies and derives the claim that the idea of responding to AI 

capability gains by strengthening or improving human checking regimes breaks down in high-

loss domains when three constraints hold simultaneously. First, legal responsibility is fixed to 

humans (R = 1). Second, human cognitive processing capacity has a biological upper bound 

(C_max). The finitude of attentional resources (Kahneman, 1973), the capacity limits of working 

memory (Cowan, 2001), and the temporal decline of sustained attention (Warm, Parasuraman & 

Matthews, 2008) are well-established findings in cognitive science. Third, economic pressure 

causes the AI output rate to continue expanding nonlinearly. Once the output rate V exceeds 

C_max, HITL is transformed from substantive oversight into a formal procedure. In addition, the 

invisibilization of errors places the penalty function in a dormant state, so risk does not 

materialize through gradual adaptation via continuous feedback, but instead appears 

discontinuously as threshold shocks. Under these conditions, the most directly controllable 

variable for keeping expected loss bounded in high-loss domains is the limitation of output rate. 

A flow-rate limitation such as V_eff = min(V, C_max) therefore becomes more necessary than 

further reinforcement of the human oversight layer. 



These lines of research are converging on a shared diagnosis: there are limits to strengthening 

human oversight layers. Yet an unresolved problem remains in moving from this diagnosis to 

institutional design. The model in Naito (2026) remains coarse. Because V captures only the 

quantity of outputs, it cannot distinguish the cognitive burden per item. One thousand simple 

outputs and ten highly complex outputs are both treated as the same V, even though the cognitive 

burden imposed on supervisors is fundamentally different. Moreover, while the inequality V > 

C_max derives the hollowing-out of oversight, the earlier work only indicated a broad direction, 

such as limiting the number of submissions or applications, when addressing what form this 

inequality takes in real institutions and what institutional responses are available. To realize flow 

design, it is necessary not only to operationally estimate C_max, but also to make cognitive load 

quantitatively estimable and to develop a methodology in which the process of quantification 

itself does not depend on AI judgment. The bridge from the diagnostic conclusion that human 

oversight becomes nominal to an implementable institutional design remains an important open 

problem in AI governance. This paper addresses that problem. 

The first step is theoretical refinement through the introduction of the variable L. The output rate 

V is extended to V × L, where L denotes the per-item cognitive load. The previous model, V > 

C_max, describes, in simple terms, a condition in which “there are too many items for human 

supervisors to process.” In reality, however, even when the number of items is small, a human 

oversight regime can similarly break down if the cognitive cost required to verify and respond to 

each item is sufficiently large. L includes both the cost of checking whether an output is correct 

and the cost of actually responding to an output once it has been confirmed to be correct. 

The second step is the presentation of the Flow-by-Flow approach. As an answer to the question 

of how to implement flow design, this paper proposes an institutional design that enables low-

cost and appropriate flow-rate limitation while bypassing content judgment. The strength of this 

design lies in the fact that it does not evaluate the truth or falsity of output content at all. Instead, 

it automatically infers cognitive cost from formal quantitative features alone. In other words, it 

does not create room for the hallucination risks that constitute the greatest weakness when 

human supervisors rely on AI. 

As in the previous work, the scope of this paper is limited to domains in which formal verification 

is inherently impossible and the loss caused by error is severe. Ordinary low-risk uses, as well as 

domains in which external criteria can be established through statistical verification, are outside 

the scope of this paper. However, even within high-loss domains, when the generator population 

is institutionally bounded, such as AI-assisted diagnosis by physicians or AI assistance for judges, 

the expansion of V × L saturates once all users have adopted AI, and supervision enhancement 

may remain sufficient. The scope is therefore not determined by the name of a domain. Even 

within the military domain, AI-enabled landmines, which are strongly constrained by physical 



space and have an institutionally bounded generator population, and autonomous cyberattacks, 

which are completed within information space and may involve an unbounded submitter 

population, require opposite responses with respect to flow limitation. 

The need for flow control in this paper arises when the generator population is open and V × L 

has a structure that expands compoundly. This condition is assessed across domains. Flow design 

is necessary in domains that are both high-loss and characterized by an open generation structure. 

Existing AI governance frameworks, including the EU AI Act, primarily classify systems by the 

magnitude of loss. By contrast, what determines the need for flow control is not the magnitude 

of loss alone, but whether the generator population is institutionally bounded. In addition, the 

argument of this paper assumes continued improvement in the capabilities of general-purpose 

AI models and continued human use of AI. If AI capabilities cease to improve in the future, or if 

humanity stops using AI, the argument of this paper loses its scope. 

 

Box 1. Standard objections and the throughput problem 

1 If AI becomes more accurate, supervision will be easier. 

Higher accuracy may reduce some errors, but it does not eliminate p > 0. It can also increase V 

and the number of outputs requiring downstream response. 

2 AI can verify AI. 

AI verification creates a recursive verification problem. Under R = 1, the legal responsibility for 

accepting the verification still returns to a natural or legal person. 

3 We can add more human supervisors. 

Additional supervisors increase C_max only linearly or sublinearly, while AI-enabled output V × 

L can grow nonlinearly. 

4   Disclosure of AI use is enough. 

If disclosure cannot be independently verified at scale, supervisors must treat all submissions as 

potentially AI-mediated. 

5 Full intake is an access right. 

Access rights do not imply immediate processing rights. Other infrastructures routinely 

distinguish access from simultaneous throughput. 

6 Capital-rich entities can bypass physical gates. 

The aim is not perfect exclusion. The aim is to convert digital near-zero marginal cost into 

embodied time, movement, and coordination costs. 

7 Nominal oversight is acceptable if AI makes fewer mistakes than humans. 

High-loss domains are not governed by average error-rate comparison alone. If V increases faster 

than p decreases, the absolute number of catastrophic errors can rise. Nominal oversight also 

converts continuous correction into delayed threshold shocks and leaves humans or 



organizations as moral crumple zones. 

2.Theoretical Framework: From V to V × L 

Table of Symbols 

Symbol Definition 

V AI output rate, defined as the number of AI outputs per unit time. 

L Per-item cognitive load. 

C_max The upper bound of cognitive load that a human supervisor or human supervisory 

organization can process per unit time. 

C_eff The effective cognitive processing capacity per unit time of a supervisor or 

supervisory organization. C_eff is no greater than C_max. 

R Attribution of legal responsibility. R = 1 means that legal responsibility is fixed to a 

natural or legal person, not to the AI system itself. 

B The degree of physical-space constraint. A lower B indicates that the process is 

more completely contained within information space. This is a qualitative variable. 

p Error probability, with p > 0. 

S Cognitive cost score, defined as a weighted geometric product of normalized 

formal features. 

k The threshold exceedance multiplier of the cognitive cost score. 

N The number of feature dimensions that constitute the cognitive cost score. 

2.1 Reconsidering the Previous Model 

V(t) > C_max, under R = 1 

This inequality in the previous work states that, once the AI output rate V exceeds the upper 

bound of human cognitive processing capacity, C_max, human-in-the-loop oversight in high-loss 

domains loses its substantive function. In that formulation, however, V is a one-dimensional 

variable that represents the number of outputs. It abstracts away differences in the cognitive 

burden that supervisors must bear for each output. 

From the perspective of real-world human review systems, this abstraction is significant. In 

patent examination, an application with three claims and a ten-page specification and an 

application with fifty claims, a 120-page specification, and eighty prior-art references clearly 

require entirely different levels of cognitive resources for examination. Similarly, in the 

supervision of legal documents generated by AI, the review of a standardized contract and the 

verification of a complex contractual scheme spanning multiple jurisdictions are likely to differ 

substantially in per-item cognitive load. 



It should also be noted that R = 1 has another function beyond fixing legal responsibility to 

humans. It also creates a pathway through which parties internalize the cost of fact-checking 

statements issued under their own names. This constitutes part of the epistemic rate-limiting 

mechanism underlying the macroscopic limit developed in the previous work. Since this is not 

the central subject of the present paper, it is left for separate treatment. 

2.2 Introducing the Variable L 

In the previous work, C_max was defined as the upper bound of the cognitive processing capacity 

available to a human supervisor or supervisory organization. In the present paper, because the 

focus is on the product of output rate V and per-item cognitive load L, C_max is used as the 

maximum cognitive processing capacity per unit time. 

V × L ≤ C_max 

Here, L denotes the cognitive load required for a responsible actor to place one AI output into a 

state in which it can be supervised. L is not merely reading time. It includes the load of 

determining what type of information the output should be treated as, the load of evaluating the 

content, and the load of carrying out the actual institutional response after evaluation. 

The important point is that the number of items, V, alone cannot capture supervisory load. Even 

when the number of outputs is small, if the verification, judgment, and response required for each 

item are sufficiently burdensome, V × L can exceed C_max. 

2.3 Components of L 

L is not a single homogeneous burden. The costs borne by humans in supervising AI outputs are 

a composite of tasks that differ in kind. The previous section introduced the distinction between 

verification cost and response cost, but before that distinction there is an additional layer of work. 

Consider supervision in physical measurement. When a supervisor looks at a value displayed by 

a thermometer, the fact that the value is a temperature has already been fixed at the moment of 

display. What the supervisor must do is simply compare the observed value with an externally 

specified standard, namely the normal range for temperature. The higher-order question of what 

the object of judgment is, or which criterion should be invoked, does not arise. The supervisor’s 

cognitive resources are concentrated on one task: comparing the value with the standard. 

In generative AI, this higher-order question does arise. A text produced by AI does not, on its 

surface, determine whether it is a factual report, an inference, a list of possibilities, a fictional 

narrative, a calculation result, or the author’s opinion. Each category requires a different axis of 

evaluation. If the output is factual, the issue is truth or falsity. If it is an inference, the issue is 

plausibility. If it is a narrative, the issue is coherence. If it is a calculation, the issue is correctness. 

If it is an opinion, the issue is validity. The supervisor must first decide which axis should be used 

to read the output. 

After making that decision, the supervisor must invoke the relevant criterion, evaluate the output 



against that criterion, and then take the appropriate response in light of the evaluation. When this 

sequence is divided according to differences in task type, it consists of three components: triage, 

judgment, and response. 

Triage is the task of deciding what type of information the output should be treated as. Judgment 

is the task of evaluating the correctness or validity of the content under that assumption. 

Response is the task of taking an actual action after judgment, such as drafting a notice of reasons 

for rejection, deciding and explaining a treatment plan, or creating and applying a software patch. 

These three tasks respond differently to improvements in AI accuracy. Judgment cost is subject 

to pressure toward omission as accuracy improves. Response cost does not decrease with 

accuracy, because it depends on physical time and human labor. Triage cost also does not decrease 

with accuracy. 

Conventional machines such as thermometers, calculators, and clocks were designed so that the 

semantic category of their output was fixed in advance. By contrast, the central characteristics of 

generative AI are generality and human-likeness. Its semantic category is therefore not fixed. That 

each output imposes triage on the reader is an inherent consequence of the design of general-

purpose generative AI models. 

This distinction determines the behavior of L as a whole. The size of L is determined by the 

combined burden of triage difficulty, the amount of judgment required, and the volume of 

response. Improvements in AI accuracy may appear to reduce the amount of judgment required, 

but they increase the difficulty of triage and expand the volume of response. If higher accuracy 

increases the absolute number of correct outputs, it also increases the number of outputs that 

must be acted upon. 

2.4 Toward Flow-by-Flow 

The problem addressed in this paper is not the average quality of AI outputs, but the upper bound 

of cognitive load that responsible actors can process per unit time. Improvements in AI accuracy, 

increases in the number of human supervisors, AI-based verification of AI, and disclosure 

regimes for AI use may each be useful in specific contexts. None of them, however, guarantees 

that V × L will remain within C_max. 

Accuracy improvements may reduce p, but they can also increase V and the number of 

downstream responses. AI-based verification creates a recursive verification problem, namely the 

verification of the verification result. Disclosure regimes do not remove triage cost unless the 

truth of the disclosure can be independently verified. Thus, even if existing responses can 

improve the quality of content judgment, they do not remove the throughput constraint. Detailed 

responses to standard objections are provided in Appendix B. The next chapter presents Flow-

by-Flow. Rather than judging the truth or falsity of content, Flow-by-Flow controls inflow so that 

content judgment remains possible within substantive human capacity. 



3.Flow-by-Flow 

3.1 Purpose of This Chapter 

The purpose of the Flow-by-Flow approach is simple: to prevent outputs containing 

hallucinations, factual distortions, logical leaps, or similar problems from passing through 

beyond the checking capacity of human supervisors. To achieve this purpose, Flow-by-Flow does 

not judge the correctness of output content. Instead, it controls the flow rate itself so that outputs 

remain within the range of human supervisory capacity. 

The dominant orientation in current AI governance is to ask how accurately AI outputs can be 

evaluated. More advanced explainability techniques, more detailed audit logs, and more 

multilayered approval procedures all seek to secure safety by improving the quality of content 

judgment. Yet, as shown in Chapter 2, content judgment is a major component of L. Efforts to 

improve the quality of judgment may further increase L and thereby worsen the inequality V × L 

> C_max. Moreover, as argued in the supplementary information to the previous work, 

supervision-enhancing measures may not have improved the quality of supervision itself, but 

may instead have unintentionally suppressed V by increasing procedural friction. 

Flow-by-Flow reverses the orientation of this problem. Rather than evaluating the content of 

outputs, it measures cognitive cost solely from formal quantitative features and controls the 

inflow so that it does not exceed human processing capacity. Human supervisory capacity has a 

biological upper bound, C_max, and improvements in AI accuracy eliminate the economic 

incentive to exert supervisory effort (Bastani & Cachon, 2025). Incentive design on the supervisor 

side has no solution, either in terms of cognitive capacity or in terms of economic motivation. 

The Flow-by-Flow design is based on the following single principle: 

to implement, without content judgment, an asymmetric incentive design that makes AI-enabled 

mass production costly and AI-enabled concision inexpensive. This principle requires no 

judgment about intent. It is unnecessary to distinguish good-faith AI use from malicious AI use, 

and equally unnecessary to distinguish legitimate mass applicants from illegitimate ones. What 

the design prices is not legitimacy but the consumption of finite supervisory capacity. The 

question, developed in Section 5.2, is what feature distribution the entire population of AI-using 

applicants collectively produces under a given institutional constraint. 

All components of this chapter are derived from this principle. The cognitive cost score imposes 

costs on each dimension of mass production, and the exceedance path converts that cost into 

institutional friction. The institutional capacity cap makes the finitude of processing slots explicit 

and creates a mechanism in which concise submissions are more likely to fit within the available 

capacity. For applications that exceed the cap, an additional mechanism is required to preserve 

per-application marginal cost without reintroducing content judgment. 



None of these mechanisms judges the truth or falsity of output content. For this reason, they do 

not rely on semantic content judgment and therefore avoid the class of hallucination risks 

associated with AI-based content evaluation. For legitimate human applicants, all components of 

the system are low-cost. Even if a false positive occurs, meaning that a legitimate applicant 

exceeds the threshold, the applicant should face only a bounded, identity-bound per-application 

friction. For AI-enabled mass producers, by contrast, this friction scales with the number and 

complexity of applications. If they increase the number of submissions, they encounter 

submission-count limits. If they increase complexity, the score rises sharply. If they seek passage 

despite exceedance, the exceedance pathway imposes a non-zero marginal cost on each 

application. 

Before presenting the specific components of the Flow-by-Flow design, we derive four design 

invariants that any mechanism occupying the role described above must satisfy. They are 

necessary conditions for any institutional mechanism that seeks to control flow rate while 

bypassing content judgment in high-loss domains. 

Invariant 1: No substantive content judgment. The mechanism must not evaluate the truth, falsity, 

quality, or appropriateness of the content of outputs. Any mechanism that requires such 

evaluation reintroduces hallucination risk if delegated to AI, or the V x L ceiling if delegated to 

humans. 

Invariant 2: No scalable consumption of examiner capacity. The mechanism must not consume 

human examiner time in proportion to the number of submissions processed. If it does, the 

mechanism itself becomes subject to the C_max constraint it is designed to protect. 

Invariant 3: Identity-bound per-application friction. The cost imposed by the mechanism must 

be attached to each individual application and to a verified identity. Without identity binding, 

the cost can be distributed across anonymous accounts. Without per-application attachment, 

batch clearance becomes possible and the marginal cost of additional submissions returns to near 

zero. 

Invariant 4: No batch clearance. No single action, credential, payment, or institutional 

certification may clear multiple applications simultaneously. Any batch-clearance route restores 

the near-zero marginal cost structure that the mechanism is designed to eliminate. 

These four invariants are jointly necessary. A mechanism that satisfies only three of them is 

vulnerable to circumvention through the unsatisfied dimension. The cognitive cost score satisfies 

Invariants 1 and 2. The institutional capacity cap satisfies Invariant 2. Neither alone satisfies 

Invariants 3 and 4 for threshold-exceeding applications. The remaining question is what 

mechanism can satisfy all four invariants for applications that exceed the institutional capacity 

cap. One reference implementation is presented in Section 5.5, but it is not the only possible 

mechanism. Any mechanism that satisfies all four invariants would be a valid substitute. 



3.2 Two Misconceptions: Full Intake and Processing as Soon as Possible 

Before justifying the Flow-by-Flow design institutionally, it is necessary to identify a major 

problem in existing institutions. Knowledge infrastructures in high-loss domains, such as patent 

offices, courts, peer-review systems, and pharmaceutical review agencies, depend on the 

following syllogism. 

(a) High-loss domains are important social infrastructures. 

(b) Every human being has a right of access to important social infrastructures. 

(c) Therefore, every submitted application must be processed. 

Statements (a) and (b) are correct. Statement (c), however, is a leap. What (b) guarantees is the 

right of anyone to submit an application. It does not guarantee the right to be processed as soon 

as possible. 

This distinction is already established in other forms of social infrastructure. In medicine, triage 

is used: all patients are treated, but the order of treatment is determined by severity. In road traffic, 

all vehicles can use the road, but simultaneous passage is limited by traffic signals. In electricity 

supply, all consumers are supplied, but simultaneous demand is managed through planned load 

control during peak periods. In communications, all users can connect, but bandwidth is limited. 

In all of these infrastructures, the obligation to serve everyone is clearly distinguished from the 

obligation to process everyone simultaneously. The former is protected as an absolute right. The 

latter is managed under physical constraints. 

Knowledge infrastructures, however, have not made this distinction. Patent offices accept all 

applications even when tens of thousands of applications concentrate within a year, and they 

operate under the principle of processing them as soon as possible. Similar principles apply to 

complaints submitted to courts and manuscripts submitted to peer-review systems. These 

institutions do not intentionally delay intake on the ground that the complaint or manuscript 

exceeds the cognitive resources of judges or reviewers. 

The answer to this problem is to recognize that (c) was not a right, but an empirical regularity 

that happened to hold before AI. In an environment in which drafting one patent application 

required several months of human labor and writing one academic paper required months, the 

submission rate itself functioned as a natural flow limitation. Application volume exceeding the 

C_max of knowledge infrastructures was physically unlikely to occur. The practice of processing 

all submissions within a given administrative period was therefore not designed as an 

institutional principle. It merely happened to hold under those conditions. 

Generative AI has destroyed this natural flow limitation. In an environment in which a single 

user can draft dozens of patents or generate dozens of papers per year with AI, submission 

volume can exceed C_max on a persistent basis. The sharp increase in monthly patent 

applications at the Japan Patent Office in December 2025, approximately 2.7 times the previous 



month, can be understood as an early manifestation of this change (Naito, 2026). Nonlinear 

increases in AI-enabled output have already been empirically documented across multiple 

domains. Kusumegi et al. (2025), analyzing more than two million preprints, conclude that LLM 

adoption increases per-author paper production by 23.7% to 89.3%. Naito (2026), using 

approximately 25,000 preprint records, complements this conclusion through a different 

approach. Submissions to major AI conferences have increased and are estimated to exceed three 

times their 2024 level by 2030. 

Once it becomes clear that (c) was merely an empirical regularity, it becomes necessary to 

explicitly abandon (c) and institutionalize flow control in order to substantively protect the access 

right in (b). This is not a restriction of rights. On the contrary, maintaining full immediate 

processing without flow control risks violating access rights through the collapse of processing 

quality. If an institution accepts more items than it can process and legitimate applicants no longer 

receive substantive examination, the result is, in effect, not meaningfully different from being 

denied intake. 

Older knowledge infrastructures have rested on two principles: the principle of full intake, under 

which all submitted applications are accepted, and the principle of processing as soon as possible, 

under which accepted applications are processed as quickly as possible. AI breaks these two 

principles through different mechanisms merely by increasing the number of submissions. 

The principle of processing as soon as possible induces processing beyond C_max by requiring 

the maximization of processing speed. If examiners are pressured to process faster, the 

degradation of C_eff discussed in the previous work occurs. The principle of full intake, by 

contrast, creates an unlimited divergence between intake volume and processing capacity under 

an explosion of V. Simply accepting all items and carrying them over causes the queue to expand 

indefinitely, leaving later legitimate applicants without substantive access. 

The approach proposed here explicitly transforms both principles. In response to the principle of 

processing as soon as possible, the institutional capacity cap fixes the processing rate within 

C_max and thereby preserves quality. In response to the principle of full intake, the approach 

controls the entry of submissions that exceed processing capacity. 

3.3 Automatic Measurement of Cognitive Cost: Counting-Based Governance 

The first component of Flow-by-Flow is a mechanism for automatically measuring the cognitive 

cost of each output without content judgment. Conventional AI governance has treated the 

evaluation of output quality as the foundation of institutional design. Yet quality evaluation 

necessarily entails content judgment, and content judgment is vulnerable to hallucination. If AI 

is asked to judge whether an output is safe, that judgment itself carries hallucination risk. If 

humans are asked to judge it, the system confronts the wall of V × L > C_max. 

Our approach addresses this problem by not judging whether the content of an output is correct 



at all. It measures only the formal quantitative features of the output. In patent applications, these 

features include the number of claims, the number of characters or pages in the specification, and 

the number of cited prior-art references. In academic papers, they include word count, number 

of references, number of figures and tables, and volume of supplementary materials. In legal 

documents, they include the length of the complaint, the number of evidentiary items, and the 

number of relevant legal provisions. In pharmaceutical applications, they include the length of 

application documents, the number of clinical trials, and the number of indications. 

What these features share is that measurement is completed simply by counting. These 

measurements do not refer to the truth or falsity of the output content. Even if AI is used for the 

measurement, there is no need for semantic content judgment. A machine may count incorrectly, 

but this is a verifiable error, such as counting 61 as 62. It differs in kind from a hallucination such 

as mistakenly judging that a claim is novel. The former can be mechanically corrected. The latter 

requires expert judgment. 

The selection of features and the determination of weights are performed autonomously by each 

institution on the basis of its own processing-time data. Empirical relationships, such as the 

increase in average examination time when the number of claims increases by one, or when the 

specification increases by ten pages, provide initial values for the weights. This design naturally 

reflects differences across fields and institution-specific processing characteristics, without 

requiring centralized standard-setting. 

The measured features are integrated into a cognitive cost score. The simplest form is a weighted 

product of each feature. The important point is that the raw values of features are not multiplied 

directly. Features such as number of claims, word count, number of citations, and number of 

figures have different units and scales, so a raw product of heterogeneous quantities has no 

meaning. The weighted product in this paper means that each feature is first made dimensionless 

by dividing it by a median value in past data or by an institutional baseline value, and that the 

resulting feature ratios are then integrated according to their weights. 

The initial values of the weights are estimated from past processing-time data in each domain. In 

patent examination, for example, data on average examination time by International Patent 

Classification already exist, and differences in complexity across fields can be reflected as 

coefficients. These coefficients are continuously calibrated through institutional operation. The 

system can begin with rough estimates in the first year and improve its accuracy as actual 

examination-time data accumulate. 

The cognitive cost score does not need to be a precise proxy for L. Its function is to transform 

evasive optimization into a multidimensional constraint-satisfaction problem. This is achieved by 

designing the features so that each feature is inseparably connected to the content of the 

application, and so that compressing one dimension transfers burden to another. A lower bound 



is set for each feature that composes the cognitive cost score, in order to prevent the entire score 

from collapsing to zero when a particular feature is zero. 

3.4 Evasive Behavior Through AI Optimization 

A technical note is necessary here. This kind of AI-driven evasion of flow design is not speculative. 

It is a direct consequence of Goodhart’s law: once a measure becomes a target, it ceases to be a 

good measure (Goodhart, 1975). If the number of submissions is limited, submitters optimize 

along other dimensions, such as length, complexity, and density. If word count is limited, 

compression and obfuscation advance. 

Such constraint-evasion behavior is widely documented in behavioral economics as a rational 

response to regulation. The problem is that, in conventional Goodhart problems, discovering and 

implementing evasive strategies required human labor and cost. That labor itself functioned as 

friction, and it was often realistic for regulation or institutions to respond quickly enough for the 

constraint to remain effective. 

This stance does not work against AI-enabled mass production, because the search for and 

implementation of evasive strategies themselves fall within the basic capabilities of LLMs. 

Instructions such as “compress this application into fifteen pages” or “reduce the number of 

claims while preserving the substantive scope of protection” are ordinary tasks for LLMs. They 

are not special alignment problems but basic capabilities. The speed and accuracy of evasive 

optimization against each indicator in a flow limitation regime increase as LLM capabilities 

improve. A quantitative evaluation of how much evasive optimization capability each generation 

of LLMs possesses against institutional constraints is an important empirical question, but it is 

beyond the scope of this paper and is left for separate treatment. 

This capability did not suddenly appear. It is the cumulative result of three technical 

breakthroughs: the Transformer architecture (Vaswani et al., 2017), predictable capability scaling 

culminating in few-shot generalization (Radford et al., 2018, 2019; Brown et al., 2020), and 

practical instruction following through RLHF (Ouyang et al., 2022). Through these three stages, 

constraint-satisfying rewriting became not a special capability of LLMs but a direct expression of 

their basic language-processing capacity. 

In other words, once the indicators of a flow limitation regime are made public, evasive 

optimization against those indicators becomes one of the standard uses of LLMs. Because this 

evasive capability continues to improve in both accuracy and speed as LLM capabilities improve, 

flow limitation based on a single indicator becomes more fragile over time. 

The cognitive cost score in Flow-by-Flow is constructed as a product of multiple features as a 

design response to this fragility. If the number of claims is reduced, the description per claim 

becomes more complex and word count increases. If word count is compressed, increased density 

is reflected in the complexity coefficient. Because each feature is rooted in the nature of the content 



itself, compressing one dimension transfers burden to another. Whereas evasion of a single 

indicator is a one-dimensional optimization problem, simultaneous evasion of mutually 

constraining multiple indicators becomes a multidimensional constraint-satisfaction problem, 

increasing the computational cost of evasion. Complete elimination of evasion is impossible in 

principle. It is possible, however, to design an institution in which the attempt to evade increases 

the cost of evasion. 

3.5 Fixing the Institutional Capacity Cap 

The cognitive cost score and the institutional capacity cap satisfy Invariants 1 and 2. For 

applications within the cap, no further mechanism is needed. For applications that exceed the cap, 

however, a mechanism satisfying all four invariants is required. Section 5.5 presents one reference 

implementation.  

 

The third component of Flow-by-Flow is to institutionally fix the upper bound of processing 

capacity on the receiving institution’s side. The discussion so far has concerned incentive design 

for submitters. Submitter-side control alone, however, does not specify what should happen 

when submission volume exceeds C_max. The institutional capacity cap makes the physical 

constraint of the receiving institution explicit as an institutional rule. The upper bound of total 

cognitive load that can be examined annually is calculated as follows: 

 

annual processable load = number of human examiners with official examination authority × 

C_max × annual working hours 

 

Applications that exceed this cap are not rejected. Instead, they are routed into an exceedance 

pathway described in Section 5.5. Applications within the annual processing capacity are handled 

through automatic measurement of the cognitive cost score alone. If a single submitter uses AI to 

submit thousands of applications at once, all of them enter the exceedance pathway. The right of 

access is fully preserved, but processing speed is controlled so that it remains within human 

processing capacity. An important secondary effect of fixing the institutional capacity cap is that 

it naturally creates an incentive for submitters to make their applications simple and 

understandable. Once the finitude of processing slots becomes explicit, submitters voluntarily 

pursue concision and clarity in order to achieve the best result within the limited capacity. This is 

not a restriction imposed by regulation. It is an incentive design arising naturally from the 

finitude of physical resources. 

3.6 From AI-Use Disclosure Requirements to Process-Time Declaration Requirements 

The automatic measurement of cognitive cost and the institutional capacity cap presented in this 

chapter control submissions on the basis of the formal features of the submitted output itself. For 



operational purposes in flow design, however, it is also important to obtain information about 

how the output was actually produced. This section proposes replacing existing AI-use disclosure 

requirements with a requirement to declare process time. The determination of whether the cap 

is exceeded is made solely by the cognitive cost score. Other information sources, including 

process-time declarations, are not used for that determination. 

Current governance frameworks, including the EU AI Act, are moving toward requiring self-

disclosure of whether AI was involved in producing a submission (European Parliament, 2024). 

This approach confronts the problem discussed in Section 2.2 of the previous paper: there is no 

independent means of verifying the disclosure. Post hoc detection of AI-generated text is 

unreliable, as Liang et al. (2023) show, and detection rates fall sharply through simple prompt 

manipulation. The detector released by OpenAI in 2023 achieved an accuracy of only 26% and 

was discontinued. In other words, disclosure requirements are not accompanied by a means of 

detecting falsehood. 

Unlike real-name registration systems, in which identity-disclosure requests to providers can 

function as post hoc verification hooks, AI-use disclosure has no post hoc verification hook. 

Process-time declaration replaces the yes-or-no question of whether AI was used with a 

continuous quantity: how many real-time hours were required for each process. For an academic 

paper, this may include the time required for idea generation, literature review, experimentation, 

data analysis, writing, and revision. For a patent application, it may include the time required for 

prior-art search, organizing the invention, drafting the specification, and preparing the claims. 

Compared with proposition-type disclosure, the routes for verifying process-time declarations 

are far more numerous. If a paper declares three hours of literature review but lists 200 references, 

this implies that each prior work was read and evaluated in 54 seconds. If a specification declares 

ten hours of writing time but contains eighty pages, this implies that eight pages were written 

per hour. These consistency checks require no external identity-disclosure request, because the 

submitted output itself provides the verification material. 

With respect to incentives for false declarations, this proposal separates process time from the 

evaluation of exceedance. The only means of determination is the cognitive cost score. Process 

time is used as an independent channel for authenticity verification and field-classification 

calibration. As a result, neither an incentive to exaggerate time nor an incentive to underreport 

time is attached to the declaration itself. What remains is the incentive to report a value close to 

the true value in order to avoid inconsistencies being identified by consistency checks. 

The proposal functions even without assuming that declarations are accurate. Most current AI-

use disclosures are single-value yes-or-no declarations. They reduce the issue to whether the 

statement is true or false, but because this cannot be verified, the information is entirely worthless. 

Process-time declarations, by contrast, accumulate continuous values by field and by process. 



Over time, the distributions reveal the natural median and interquartile range of process times in 

each field. Systematic bias in inflation or deflation can also be estimated from correlation analysis 

with the formal features of submitted outputs. For example, if one group reports markedly 

shorter writing times than another group for papers of the same length, the direction and degree 

of bias in that group’s declarations can be inferred. 

A secondary effect of process-time declarations is the continuous quantification of the B variable 

discussed in Section 4. If the median proportion of process time belonging to physical-space 

activities is calculated by field, B can be redefined from a qualitative binary classification into a 

continuous value. In geology, for example, one can calculate what proportion of the workflow is 

spent on fieldwork and sample analysis and what proportion is spent on writing. Similar 

distributions can be obtained for ecology, pharmaceutical development, and materials 

engineering. Declarations that deviate from these distributions, such as a geology paper reporting 

zero fieldwork time, become visible as statistical deviations from field norms. 

The qualitative classification in Appendix A of the previous work thereby acquires a pathway for 

ex post calibration through operational data. The advantage of this proposal is that it begins from 

the recognition that existing AI-use disclosure requirements do not function, but replaces them 

not by abolition alone, but by an alternative disclosure framework that can generate useful 

information. 

3.7 Two Layers of Flow-by-Flow 

The design presented in this paper is integrated into the following two-layered structure.The first 

layer is automatic and immediate: automatic measurement of cognitive cost. Formal features of 

the submitted output, such as the number of claims, word count, and number of citations, are 

measured. After applying existing classification systems and complexity coefficients, the 

cognitive cost score is calculated automatically. This layer can be fully automated and contains 

no content judgment. 

The second layer is human: only outputs that fall within the institutional capacity cap are 

examined by human examiners. The volume of outputs reaching this layer is guaranteed to 

remain within C_max. The operational estimation of C_max required to calculate annual 

processable load does not directly measure the cognitive capacity of individual examiners. Rather, 

it is set conservatively from the relationship between processing volume and error rates in each 

institution’s existing operational records, with a margin placed before the point at which error 

rates begin to rise, as discussed in the supplementary information to the previous work. 

The essence of this operation is that the first layer functions as an automatic deceleration device, 

while the humans in the second layer process only a workload that remains within C_max. 

Because humans receive only a cognitively manageable volume of outputs, degradation of C_eff 

is suppressed. 



The important point is that the first layer does not concern itself at all with the quality of content. 

It therefore neither detects nor judges the major problems of AI content judgment, such as 

hallucinations, factual errors, and logical leaps. Those judgments are entrusted to humans in the 

second layer, after the flow rate has been controlled within C_max. Flow-by-Flow does not control 

the quality of AI outputs. It systematically arranges the conditions under which humans can 

control quality. 

3.8 Applicability and Threshold Structure 

The Flow-by-Flow design can be applied across domains wherever formal features exist from 

which a cognitive cost score can be calculated. Examples include the following. 

Patent examination: normalized claim-count multiplier × normalized word-count multiplier × 

normalized citation-count multiplier. 

Academic peer review: normalized word-count multiplier × normalized reference-count 

multiplier × normalized figure-and-table multiplier × normalized supplementary-material 

multiplier. 

Judicial proceedings: normalized complaint-length multiplier × normalized evidence-count 

multiplier × normalized relevant-law multiplier. 

Pharmaceutical review: normalized application-document-length multiplier × normalized 

clinical-trial-count multiplier × normalized indication-count multiplier. 

In all cases, what is measured is only quantitative features. The truth or falsity of content is never 

referenced. 

The flow control produced by the cognitive cost score has an intrinsic threshold structure. If the 

number of claims, word count, and number of citations are each twice the baseline value, the 

cognitive cost score becomes eight times the baseline. Because the score is a product, increases 

across multiple dimensions compound nonlinearly. An application within median values remains 

within the ordinary processing path, whereas an application with features at twice the median in 

all three dimensions enters an exceedance pathway unless sufficient institutional capacity 

remains. The specific form of that pathway is not fixed by the score itself; it must be supplied by 

a mechanism satisfying the four invariants. 

3.9 Institutional Design Note 

This chapter can now be summarized. What fundamentally distinguishes the Flow-by-Flow 

design from conventional AI governance is that it removes dependence on AI judgment from the 

foundation of institutional design. 

From this perspective, the previous work proposed task rotation between AI-use tasks and non-

AI tasks. At first glance, this may appear to be a weakly grounded proposal. Yet institutional 

designs of the same kind are already widely established in high-loss domains. In aviation, pilots’ 

consecutive flight hours are strictly regulated, because degradation of judgment by a fatigued 



pilot directly endangers the lives of hundreds of passengers. Long-distance bus drivers are also 

subject to limits on consecutive driving time, and serious accidents have repeatedly occurred 

when such regulations were not observed. Consecutive operating hours for surgeons are also 

limited. 

In all of these cases, the magnitude of potential loss justifies limits on the working time of the 

processor. The same activity does not always require regulation. Riding a bicycle for a long time 

is not regulated. In sports, elementary school students playing football all day is not legally 

restricted, but if a professional-level match were continued for eight hours, players would be 

injured. Regulation is justified not by the type of activity alone, but by the combination of activity 

intensity and magnitude of loss. 

The improvement of AI capabilities creates the need to apply this logic to intellectual labor in 

high-loss domains. As model capabilities improve, the cognitive intensity required of supervisors 

increases. Supervising the output of a model with 99% accuracy imposes a higher cognitive 

burden than supervising the output of a model with 30% accuracy. This claim has already been 

experimentally established in automation research. Parasuraman, Molloy, and Singh (1993) 

demonstrated that complacency arises within twenty minutes when monitoring a highly reliable 

automated system. Oakley et al. (2003) compared seven levels of reliability and showed that 

higher reliability substantially worsens human monitoring efficiency. Singh et al. (1997) similarly 

reported that high static reliability induces complacency and that monitoring performance is far 

better under lower reliability. 

4.Weakest-Link Lockout and the B Variable 

4.1 Lockout in General-Purpose Models 

General-purpose AI models, by design, possess capabilities across multiple domains at the same 

time. The ability to write code, the ability to draft legal documents, and the ability to summarize 

scientific papers are different manifestations of the same model, and it is technically difficult to 

separate them individually. 

Outputs from general-purpose AI models include both low-loss and high-loss domains. This 

inseparability creates the following problem. The condition for a general-purpose model to be 

safely released is that final human supervisability must be maintained in all domains of 

application. In other words, in every domain, the product of output rate and cognitive load in 

that domain must remain within that domain’s supervisory capacity. 

This paper calls the situation in which the single most vulnerable domain determines the release 

condition of the entire model Weakest-Link Lockout. 

For a model specialized in a single domain, such as a medical-only or legal-only model, only V × 

L in that domain is at issue. In a general-purpose model, however, capability improvements occur 



across domains, and a threshold may be exceeded in a domain that the developer did not intend. 

For example, training aimed at improving coding ability may, as a by-product, increase the 

model’s capability to discover vulnerabilities in the cybersecurity domain. This can arise from the 

inseparability of capabilities in general-purpose models. 

If this inseparability is addressed through content filtering, selective restriction becomes 

unsustainable as the number of lockout domains increases. This is because knowledge overlaps 

densely across the domains subject to lockout, and restrictions produce side effects that impair 

legitimate uses. Flow control, namely controlling how much output is permitted, therefore 

becomes the residual option against content judgment, namely deciding what may be output. 

4.2 The B Variable: Domain Differences Produced by Physical-Space Constraints 

The previous work (Naito, 2026) showed that the rate of expansion in AI output rate V is not 

uniform across domains, but differs systematically according to the presence or absence of 

physical-space constraints. This paper reorganizes that factor as the B variable. 

B is a qualitative indicator of the extent to which the standard research or business workflow in 

a domain requires activities in physical space, such as experimentation, fieldwork, physical 

measurement, or sample collection. Generative AI can drive process costs within information 

space close to zero, but it cannot replace processes in physical space. Therefore, the lower B is, 

the greater the acceleration of output rate enabled by AI becomes. The higher B is, the more that 

acceleration is constrained by physical-space bottlenecks. 

Appendix A of the previous work used approximately 25,000 preprint records from Preprints.org 

and showed that, after 2023, the divergence in output rates widened between domains with B ≈ 

0, such as mathematics, and high-B domains, such as geology and entomology. This divergence 

could not be explained by the growth of the platform as a whole, and was also independent of 

the increase in researchers or funding associated with the AI boom. Similar acceleration was 

observed even in academic fields unrelated to AI investment. 

The B variable provides a framework for predicting the order in which Weakest-Link Lockout is 

triggered. 

5.Toy Model Analysis: From Judgment Is All You Need to Counting Is All You 

Need 

5.1 Two Stages of Control and the Time Axis 

The overview of the Flow-by-Flow design presented in Chapter 3 stated that the cognitive cost 

score is constructed as a product of multiple features. This chapter uses a simplified model of 

applicant behavior, hereafter referred to as the toy model, to show why such compositionality 

produces a stronger institutional design than flow limitation based on a single metric. It also 



discusses how the need for such compositionality develops over time and differs across domains. 

Control of AI output in high-loss domains can be divided into two stages from the perspective of 

implementation sequence. 

The first stage is a direct restriction on submitting actors and submission counts. Specifically, it 

includes identifying submitting actors through know-your-customer procedures, KYC, and 

setting an upper limit on the number of submissions per unit time. The purpose of this stage is to 

physically prevent a specific actor from submitting a large number of applications within a short 

period. 

A distinctive feature of this stage is that KYC and submission-count limits function inseparably 

as a pair. Submission-count limits without KYC are easily bypassed through the replication of 

anonymous accounts and therefore have no meaningful effect. 

As of April 2026, major AI providers diverge in their implementation of flow control, from KYC 

combined with user-count limits to neither, a divergence that reflects the tension between the 

theoretical necessity of flow control and commercial incentives under market competition. The 

implementation status of existing institutions in high-loss domains is also uneven. Institutions 

such as patent applications and litigation filings impose real-name requirements on applicants, 

but do not impose limits on the number of submissions themselves. They are KYC systems 

without output restrictions. Academic peer-review systems require authors to declare their real 

names, but lack an independent means of verifying the truth of such declarations and impose no 

submission-count limit. They are systems without effective KYC and without output restriction. 

The toy model presented in this chapter also functions as a framework for organizing this 

diversity of implementation. 

We first analyze the limits of a complete first-stage implementation, specifically a KYC-plus-

submission-count-limit system, and then show why institutions must move toward the second 

stage, namely control based on the cognitive cost score. The transition from the first stage to the 

second stage does not occur simultaneously across all domains. The speed of transition differs 

across domains, and this difference is linked to the temporal progress of LLM capability 

improvements. 

Why is the second stage necessary? Once the number of submissions is limited, the applicant’s 

optimization pressure shifts from increasing the number of submissions to increasing the amount 

of information and complexity per submission. Longer texts, more claims, inflated citations, and 

obfuscation are all rational responses under submission-count limits. 

Of course, LLMs do not automatically possess, at the moment a submission-count limit is 

introduced, an intrinsic ability to optimize by “packing more into each item.” This optimization 

capability has been acquired gradually through a series of breakthroughs: Transformers, scaling 

laws, and RLHF. As of 2026, models are capable of going beyond simple compression and 



executing multi-objective optimization such as “minimize the cognitive cost score while 

maximizing the scope of protection.” 

Evasive optimization per item does not necessarily activate immediately when the first stage, 

submission-count limitation, is introduced. Its activation requires both that LLM capability has 

reached the relevant level and that the applicant community discovers and disseminates the 

corresponding use case. 

The timing of the transition from the first stage to the second stage depends on the domain, and 

this dependence is consistent with the B variable. In low-B domains, such as patents, academic 

papers, legal documents, and administrative applications, compression, expansion, and 

restructuring of content are standard tasks for LLMs. Evasive optimization that increases 

information density per item can therefore be activated immediately after submission-count 

limits are introduced. In high-B domains, such as clinical-trial applications, pharmaceutical 

approval, and in-person medical records, each item contains physical elements that AI cannot 

generate. Natural barriers against evasive optimization therefore remain, and the transition to the 

second stage is delayed. 

5.2 A Toy Model of Applicant Behavior 

This section formalizes applicant behavior under flow limitation as a simplified model. The 

purpose of the model is not to cover real-world diversity exhaustively, but to provide an analytical 

framework for clarifying why composite metrics are structurally stronger than single metrics. 

Consider a knowledge infrastructure, such as a patent office, peer-review system, court, or 

pharmaceutical review agency, to which applicants submit applications. The knowledge 

infrastructure has an upper bound on processing capacity and imposes some form of flow 

limitation. 

Applicants seek, under the given flow limitation, to obtain as many desirable outcomes as 

possible, especially successful passage of their applications. They decide two things: how many 

applications to submit within a given period, and how to write each application. More specifically, 

they choose the values of formal features such as word count, number of claims, and number of 

citations. 

For applicants, an application generates benefits, but creating it also entails costs. A successful 

application yields a certain return. Applicants compare the return obtained from successful 

passage with the creation cost and institutional cost, such as exceedance friction, and act so as to 

maximize expected payoff. 

Under this setting, we distinguish three types of applicants. 

The first type is the AI non-user. This type creates applications by conventional methods and does 

not use LLMs even as an auxiliary tool. The time and effort required to create a single application 

are large. The feasible number of submissions per unit period is naturally constrained by the 



applicant’s own physical and cognitive limits. The features of the resulting application reflect 

what the applicant genuinely wishes to claim, and the incentive to strategically manipulate those 

features is weak. 

The second type is the AI user. With LLM assistance, creation costs decline substantially. The 

important point is that this type contains a continuous spectrum. At one end are users who 

employ LLMs merely as a means of improving drafting efficiency and determine the content of 

the application on the basis of what they themselves wish to claim. At the other end are users 

who aim to maximize submission counts and generate the content of each application in a form 

that is likely to satisfy passage conditions. Real-world use is distributed between these two poles. 

Along this spectrum, the effect of applicant behavior on the institution changes. What the toy 

model in this chapter focuses on is not the precise position of each user on this spectrum, but the 

following fact: when an institution imposes a particular flow limitation, such as a submission-

count cap, applicants using LLMs will, regardless of malicious intent, act so as to maximize their 

own payoff under that constraint. If the number of submissions is limited, LLM capability is 

naturally redirected toward increasing information density per item. 

This optimization does not necessarily require intentional institutional evasion by individual 

users. Merely by making use of LLMs, collective pressure arises that exceeds the boundary 

conditions assumed by the institution. 

It is therefore unnecessary to distinguish between good-faith AI use and malicious AI use. The 

question is what kind of feature distribution the entire population of LLM-using applicants 

collectively produces under the constraints imposed by a given institution. 

5.3 Limits of a First-Stage-Only Institution 

This section analyzes what kind of feature distribution is produced by the collective behavior of 

AI users under an institution that implements KYC and submission-count limits, namely a first-

stage-only institution. 

The first-stage institutional design is as follows. Each applicant is identified through identity 

verification, and the number of applications that can be submitted per unit period is constrained 

by a fixed cap. Once the number of submissions is constrained, the applicant’s only remaining 

optimization variable is the information density of each item. 

Because the expected return from a single application depends on comprehensiveness, 

complexity, and scope of claims, maximizing information density becomes a rational choice. For 

AI non-users, increasing density means an increase in creation cost, and there is a natural upper 

bound. For AI users, by contrast, LLMs can draft additional claims, expand pages, and add 

citations at low cost, making it possible to push information density to a much higher level. 

From the institution’s perspective, the number of submissions is controlled, and the flow 

limitation therefore appears to be functioning formally. However, if L increases while V is fixed, 



V × L can exceed C_max. This exceedance arises as the aggregate result of rational behavior by 

individual applicants who are trying to submit the best possible application under the rules. If 

LLM capability continues to improve, the information density that can be generated per item 

under the same constraint will increase over time, and this trajectory is irreversible. 

5.4 A Second-Stage Institution Based on Composite Metrics 

The second-stage institutional design adds to the first stage, KYC and submission-count limits, 

the measurement of the cognitive cost score for each application and an exceedance pathway 

whose cost increases with the amount by which the threshold is exceeded. 

For concreteness, consider patents as an example. Let the features be three: X, normalized text 

length; Y, normalized number of claims; and Z, normalized number of citations. Each feature is 

made dimensionless by dividing it by the field median. Let the score be S = X × Y × Z. 

In the second stage, an increase in S is directly linked to an increase in institutional friction, 

making one-directional optimization impossible. If X is increased, Y or Z must be reduced in 

order to satisfy the S constraint. Optimization along each dimension interferes with optimization 

along the others. 

The robustness of composite metrics does not lie in differences in computational cost alone. It lies 

in the fact that the features are inseparably connected to the content. If claims are reduced, the 

scope of protection narrows. If pages are compressed, descriptions are omitted. The substantive 

trade-offs produced by multidimensional constraints cannot be eliminated by improvements in 

LLM capability. 

The institution can increase the difficulty of evasion simply by adding the number of features N. 

In a score constructed as the product of N features, compressing a single dimension leaves the 

burden in the remaining N − 1 dimensions. Therefore, all dimensions must be optimized 

simultaneously. Adding N is a low-cost operation for the institution, while for the evading side, 

the complexity of the problem increases with each additional optimization dimension. 

This robustness, however, is relative rather than absolute. As discussed in the next section, if LLM 

capability reaches a sufficiently high level, multidimensional constraint-satisfaction problems 

may also become solvable. But once one accepts the starting point that completely eliminating 

evasion is impossible in principle, it remains possible to increase the computational and economic 

cost of evasion. This is the core design principle of Flow-by-Flow. 



 

 

Figure 1: Numerical visualization of the toy model in Sections 5.3-5.4. X axis = cognitive cost score S, the 

product of formal features such as page count. Y axis = actual cognitive load L per filing. Under simple flow, 

S is uncapped, so both S and L diffuse rapidly over time. Under composite flow, S is capped at S_max. The 

only remaining path for raising L without raising S is sophisticated optimization against dimensions outside 

the scored features. The suppression effect in the composite case decays over time as AI optimization 

capability improves. The decay period, set to 20 years in this illustration and sampled from 5 to 50 years in 

the Monte Carlo analysis, reflects the inherent uncertainty in predicting when AI systems will become 

capable of fully circumventing multidimensional institutional constraints. 

 

LLM capabilities continue to improve, and their ability to handle complex constraint-satisfaction 

problems is also advancing on a yearly basis. This capability improvement, however, does not 

invalidate composite metrics. As discussed in Section 5.4, so long as the features are inseparably 

connected to the content, even highly capable LLMs cannot eliminate substantive trade-offs such 

as the narrowing of protection scope when the number of claims is reduced. 

A dynamic equilibrium emerges in which LLM capability improvement and institutional 

response continuously contend with each other. The design does not aim for complete victory by 

either side, but for sustainable contestation. This is the decisive difference from single-metric 

restrictions. Single metrics are unilaterally invalidated by improvements in LLM capability. 

Composite metrics, by contrast, contain within themselves a means of institutional response. 

5.5 Incorporating the Physical Gate: A Reference Implementation 



The second-stage institution based on composite metrics is more robust than single-metric 

restrictions, but it leaves a serious side effect. As the number of dimensions N increases, the 

probability also increases that legitimate applications requiring special fields or inherently 

complex inventions will happen to be caught by the cap. To mitigate this side effect, applications 

that exceed the upper bound of the cognitive cost score should not be uniformly rejected. Instead, 

a route that legitimate applications can pass through must be established. 

Any mechanism serving this role must satisfy the four design invariants derived in Section 3.1. 

The physical waiting path presented here is one reference implementation that satisfies all four. 

Its contribution is as a proof of existence, demonstrating that at least one such mechanism can be 

constructed. 

Mechanism. An application whose cognitive cost score exceeds the threshold is required to 

undergo physical waiting at a designated KYC-enabled office as a condition for receiving a 

submission passcode. The applicant visits the office with an identity document such as a passport, 

waits for a specified baseline waiting time, and then receives a 16-digit submission passcode. By 

entering this code, the application is accepted even if it exceeds the threshold. 

Physical waiting time is proportional to the multiplier by which the cognitive cost score exceeds 

the threshold. If the baseline waiting time is T, for example two hours, and the threshold 

multiplier of the score is k, then: physical waiting time = T x k. If k is less than or equal to 1, there 

is no waiting. If k = 8, the waiting time is sixteen hours. Waiting time can be dynamically adjusted 

as an institutional parameter without requiring algorithmic updates or content judgment. 

Mapping to the four invariants. The physical waiting path satisfies Invariant 1 because it involves 

no evaluation of content. It satisfies Invariant 2 because it does not consume examiner time: only 

service-desk identity verification is required. It satisfies Invariant 3 because identity verification 

by official documents is conducted both at the start and at the end of waiting, binding each 

waiting event to a verified identity. It satisfies Invariant 4 because each application requires a 

separate waiting event and a separate passcode, preventing batch clearance. 

The mechanism is best understood as congestion pricing on supervisory capacity rather than as 

a screening device (Vickrey, 1969). Congestion pricing does not ask whether a driver's trip is 

legitimate; it prices the consumption of a finite shared resource. Likewise, the exceedance 

pathway does not ask whether an applicant is legitimate. It attaches a time cost to each unit of 

supervisory load consumed beyond the institutional cap. For an applicant who occasionally 

requires a complex application, this cost is a bounded, one-time inconvenience. For any high-

volume producer, human or AI-enabled, legitimate or not, the cost scales at least linearly with the 

number of threshold-exceeding applications and cannot be compressed by digital replication. The 

mechanism therefore does not need to solve the problem of distinguishing legitimate from 

illegitimate mass production. It only needs to ensure that whoever consumes the most 



supervisory capacity pays the most friction. 

The essence of the constraint is that it transforms the marginal-cost structure of information space 

into the marginal-cost structure of physical space. A single user can generate 100,000 outputs 

through API calls at near-zero marginal cost. Under the physical waiting path, 100,000 

applications require 100,000 instances of physical waiting. 

Reasonable accommodation. The purpose of the physical waiting path is not to require physical 

travel for its own sake, but to ensure that each threshold-exceeding application consumes a finite 

amount of identity-verified human time. Accordingly, remote identity verification, regional 

offices, reservation systems, and assisted proxy support may be permitted, provided that the one-

application-one-waiting-instance structure is preserved. The minimum invariant is that the 

marginal waiting cost must remain attached to each application. The detailed implementation of 

accommodations should be left to each jurisdiction. 

Practical difficulties. It must be stated plainly that the physical waiting path faces serious practical 

difficulties. First, accessibility: requiring physical presence imposes disproportionate burdens on 

applicants with disabilities, applicants in remote regions, and applicants in developing countries. 

The reasonable accommodations above mitigate but do not eliminate this problem. Second, legal 

compatibility: existing legal frameworks in many jurisdictions guarantee immediate intake of 

applications, and introducing mandatory waiting periods may require legislative or treaty 

revision. Third, international coordination: if one jurisdiction introduces the physical waiting 

path while another maintains full immediate intake, applicant migration across jurisdictions may 

undermine the design. 

For this reason, the contribution of this paper is not the physical waiting path itself, but the four 

design invariants derived in Section 3.1. The remote identity-verified time-lock pass discussed in 

Appendix C-2 is one alternative candidate that trades some robustness against proxy labor for 

substantially improved accessibility. Any mechanism that satisfies all four invariants would serve 

the same function. If a strictly superior mechanism is found, it should replace the physical waiting 

path. Additional discussion of the relationship between the physical waiting path and existing 

screening mechanisms, including computational proof-of-work and alternative penalty designs, 

is provided in Appendix D. 

5.6 Analytical Baseline and Monte Carlo Analysis 

Before presenting the simulation, we state the analytical result that the simulation does not need 

to establish. The ordering among the three strategies is not a simulation finding. It follows from 

the difference between compound and linear growth. 

Proposition 1 (finite lifetime of supervision-only regimes). Let supervisory load grow at a 

compound annual rate g > 0, so that V(t) × L(t) = V_0 × L_0 × (1 + g)^t, and let supervision 

enhancement increase capacity linearly, C(t) = C_0 × (1 + a × t) with a ≥ 0. Then for any initial slack 



s = C_0 / (V_0 × L_0) > 1 and any a, there exists a finite time t* at which V × L exceeds C. Moreover, 

t* depends only logarithmically on s and on a, whereas t* is inversely proportional to g. 

An exponential function exceeds any affine function in finite time, which establishes existence. 

The exceedance time satisfies (1 + g)^t* = s × (1 + a × t*), hence t* = [ln s + ln(1 + a × t*)] / ln(1 + g). 

Both s and a enter only through logarithms, while the denominator is approximately g for 

moderate growth rates, so t* scales as 1/g. 

The institutional reading is as follows. Investments on the capacity side, such as hiring more 

examiners or starting with greater slack, buy time only logarithmically: doubling the supervision 

budget adds a bounded number of years. Interventions on the rate side, which reduce g itself, 

extend the remaining lifetime hyperbolically: halving g doubles it. Supervision enhancement and 

flow control are therefore not competing remedies of the same kind. The former adjusts terms 

that enter through a logarithm. The latter adjusts the denominator. 

The role of the Monte Carlo analysis below is accordingly limited. It does not establish the 

ordering, which is analytical. It tests whether the ordering survives within a finite 30-year horizon, 

where the asymptotic argument does not automatically apply, and under the additional 

assumption that the suppression achieved by flow control decays over time as AI optimization 

capability improves. 

The simulation results of the toy model in this paper do not predict the specific number of years 

until a particular domain collapses. The concrete timing of collapse depends strongly on the B 

variable discussed in the previous work, which captures domain differences arising from the 

presence or absence of physical-space constraints, and on the adoption rate of AI. It therefore 

differs greatly across domains. 

The difference between domains in which collapse has already been observed, such as peer-

review systems in AI and vulnerability response in cybersecurity, and domains in which no sign 

of collapse is currently visible, such as peer review in entomology, patent applications in 

emerging economies, and clinical-trial approval, reflects empirical differences across domains 

that cannot be represented by any single simulator parameter. 

Accordingly, what the Monte Carlo analysis in this section shows is the robustness of relative 

ordering. That is, the simulator cannot predict when a given domain will collapse, but it can test 

whether the ordering of the amount of time gained by adopting one of three strategies in a given 

domain is maintained across a wide range of parameters. 

The sampling ranges were as follows. The initial C_max utilization rate was 10% to 50%. The 

annual increase rate of V was 10% to 27%, corresponding to the range of empirically observed V 

increases in Kusumegi et al. (2025) and the previous work. The annual increase rate of L was 10% 

to 40%. The increase in checking capacity under the supervision-enhancing system was 10% to 

20% for strategy (a), 5% to 13% for strategy (b), and 2% to 8% for strategy (c). The initial 



suppression rate of composite flow was 50% to 95%. The number of years over which composite 

suppression decays to zero was set between 5 and 50 years. 

The HITL increase rates for (b) and (c) were set lower than that for (a) to reflect the assumption 

that the cost of operating flow control consumes part of the budget that would otherwise be used 

to increase human supervision. The initial suppression rate of composite flow, 50% to 95%, and 

the suppression decay period, 5 to 50 years, have no empirical anchor because the Flow-by-Flow 

design has not yet been implemented. 

The lower bound of the decay period corresponds to the arrival time of AI capability sufficient to 

optimize multidimensional institutional constraints faster than human institutional response. 

Such a capability presupposes a world in which not only the Flow-by-Flow design, but all 

currently human-designed institutions, including law, taxation, and safety standards, are 

arbitraged by general-purpose AI models. Whether this arrives in five years or fifty years is 

currently unpredictable, and this uncertainty itself is one of the major AI risks. 

The generous initial slack implied by the 10% to 50% utilization range matters little to the 

outcome: by Proposition 1, slack enters the exceedance time only logarithmically. A low growth 

rate of L is not a counterexample to this framework. If per-item cognitive load increases by only 

about 2% per year, for example, that means that AI has only a limited ability to produce outputs 

that are more complex, more human-like, and better at evading institutional constraints. In that 

case, it is unnecessary to increase the number of dimensions in the cognitive cost score frequently. 

False positives are also few, and activation of physical proof-of-work remains exceptional. Thus, 

low L growth does not show that flow control is unnecessary. It indicates an optimistic regime in 

which lightweight flow control is sufficient. The mathematical content of Proposition 1 is 

elementary. What this paper documents is that no current oversight mandate, including Article 

14 of the EU AI Act, has been tested against it. 

Conversely, if L grows at an extremely high rate, for example more than 40% per year, our design 

has clear limits. Adding features makes evasion more difficult, but it also increases false positives 

among legitimate applicants and increases the number of cases requiring physical proof-of-work. 

In an ultra-high-growth scenario, it may therefore become necessary to shift toward upstream 

controls such as coarser processing-capacity caps, intake quotas, lotteries, licensing systems, or 

temporary suspension of intake. This is not a counterexample to the framework, but rather 

indicates the need to switch institutional friction in stages according to the growth rate of AI 

capability. Even under initial conditions deliberately favorable to the supervision-enhancing 

approach, the superiority of composite flow is maintained in 90.8% of trials. 

Table 1 reports the share of trials in which each strategy performed best, based on 30-year 

simulations for each trial and the rate at which each strategy avoided exceedance of C_max. 

Table 1. Monte Carlo Analysis Results (N = 1,000) 



Strategy Share of trials in which the strategy performed 

best 

(a) Supervision enhancement only 1.6% 

(b) Supervision enhancement + simple 

flow 

7.6% 

(c) Supervision enhancement + composite 

flow 

90.8% 

For all strategies, supervision enhancement is implemented as a common baseline by linearly 

increasing C_max. The annual increase in C_max relative to the initial value was set at 10% to 

20% for (a), 5% to 13% for (b), and 2% to 8% for (c). The smaller increases for (b) and (c) reflect 

the conservative assumption that the administrative cost of flow operation may crowd out 

resources allocated to supervision enhancement. Because this assumption disadvantages (c), the 

simulation may underestimate the superiority of (b) and (c). 

 

Figure 2: For each of 1,000 parameter draws, the year in which V × L first exceeds C_max is recorded for 

each strategy. The rightmost bin, >30, indicates trials where no exceedance occurred within the 30-year 

simulation horizon. Supervision reinforcement alone, strategy (a), clusters in the early years. Single-metric 

flow control, strategy (b), delays exceedance moderately. Multi-metric flow control, strategy (c), pushes the 

majority of trials beyond the simulation horizon. 

 



 

Figure 3: Each point represents a single trial under identical parameter draws. The horizontal axis is the year 

in which strategy (a), supervision reinforcement only, first exceeds C_max. The vertical axis is the year in 

which strategy (c), multi-metric flow control, first exceeds C_max. Coordinate (31, 31) denotes trials where 

neither strategy exceeded C_max within the 30-year horizon. Points above the diagonal indicate trials where 

(c) outlasted (a). Points below the diagonal indicate the reverse. 

 

These results show that the ordering in which the introduction of flow control buys more time 

than supervision enhancement alone is maintained across a wide range of parameters. The timing 

of collapse in individual domains must be estimated separately on the basis of the domain’s B 

value and its AI adoption and use rate. 

The value 90.8% is not itself a prediction. It is the rate at which the ordering derived in Proposition 

1 survives within the finite 30-year horizon, under suppression decay. In AI governance risk 

assessment, once the collapse of human checking systems has been observed as empirical data, 

institutional response can only be retrospective. Ex ante analysis is therefore indispensable. Given 

Proposition 1, rejecting the ordering does not require disputing any particular parameter value. 

It requires rejecting the single premise that g remains positive: one would have to assume that AI 

capabilities plateau and that human use of AI ceases to expand. The continued tens-of-billions-

of-dollars-scale investment by major AI companies and published GPU development roadmaps 

do not support that assumption. 

The range for the V increase rate, 10% to 27%, is based on the output increase rate measured by 

Kusumegi et al. (2025) from more than two million preprints, 23.7% to 89.3% over approximately 

two years. The upper bound of 27% in this simulation is near the median of the observed values, 

and the lower bound of 10% is a conservative setting that assumes stagnation in AI diffusion. 

Considering that the observation period of Kusumegi et al. included the early stage of AI use, a 



period unfavorable to paper writing, and that V has continued to expand after 2025 (Naito, 2026), 

the actual increase rate of V may well exceed the upper bound used in this simulation. 

The range for the L increase rate, 10% to 40%, is also conservative in light of multiple empirical 

studies showing that human discrimination accuracy for AI-generated content is converging 

toward chance level (Chein et al., 2024; Jakesch et al., 2023; Cooke et al., 2025). 

6. Limitations 

6.1 Components of the Cognitive Cost Score 

The features used in this paper as examples of components of the cognitive cost score, such as the 

number of claims, word count, and number of citations, are only initial approximations. The 

resistance of each feature to evasion is not uniform. For example, the number of citations may be 

more vulnerable than word count to strategic reduction using AI. 

The essence of the Flow-by-Flow design does not lie in the selection of any particular feature. It 

lies in the design principle of constructing the score as a product of multiple mutually 

constraining features. If individual features are hacked, the institution can respond by adding 

new features or recalibrating coefficients. 

As discussed in Section 3.3, processing-time data accumulate through institutional operation. It 

is therefore empirically detectable which features deviate from actual cognitive cost. No design 

can be made completely impossible to optimize against. However, continuous calibration based 

on operational data may allow institutions to maintain a more favorable position than they 

currently hold in the ongoing contest between evasion and response. 

6.2 Trade-off in the Number of Dimensions N 

Increasing the number of dimensions N makes evasion more difficult, but it also increases the 

probability that legitimate applicants will exceed the threshold. However, the penalty for 

threshold exceedance need not be rejection. It should be a bounded, identity-bound per-

application friction, and the physical waiting path discussed in Section 5.5 is only one reference 

implementation of such a mechanism. 

The appropriate value of N is determined by the balance between evasion difficulty and the 

frequency of false positives. It should be adjusted empirically as operational data accumulate. 

The upper bound for each dimension should be calibrated by referring to the distribution of 

natural applications in operational data. 

6.3 Operational Estimation of C_max and L 

The operational estimation of C_max is a limitation carried over from the previous work. This 

paper treats C_max as a constant with a biological upper bound and does not estimate its specific 

value by field. In implementation, C_max must be estimated from empirical data, such as the 

annual number of cases that can be processed per examiner in each field or the standard 



processing time per case. Such data are internally accumulated in many institutions, but cross-

institutional comparison in publicly available form is not easy. 

Similarly, although this paper decomposes L into three tasks, triage, judgment, and response, no 

established method exists for measuring each component independently. The ratio among these 

components is likely to vary by field and by individual, and calibration of this ratio is left to future 

empirical research. 

The claim of this paper is a qualitative proposition: among the three components, at least triage 

and response do not decrease as AI accuracy improves. This proposition itself does not require 

precise measurement of each component. In concrete institutional design, however, estimating 

the ratio among the components will affect operational judgment. The purpose of this paper is 

not to provide field-specific measurements of C_max and L, but to present the principle of flow 

design that institutions should adopt. 

6.4 Operational Design of Process-Time Declarations 

Process-time declarations have the property that their interpretive accuracy improves as 

declaration data accumulate. In the initial stage, however, group-level distributions have not yet 

been established, and therefore criteria for interpreting individual declarations are also not 

established. 

Immediately after introduction, process-time declarations cannot be used as material for the 

Flow-by-Flow design. This period must be treated as a data-accumulation phase. The extent to 

which process-time declaration data should be given weight within the Flow-by-Flow design is 

left to the operational design of each institution. 

6.5 Asynchronous Implementation Across Jurisdictions 

The design in this paper takes a single institution as its unit of analysis. Coordination problems 

that arise when multiple institutions or jurisdictions introduce the design separately are outside 

the scope of this paper. 

Patent systems, pharmaceutical approval systems, and academic peer-review systems all have 

mutual-recognition agreements or international institutional linkages. If one jurisdiction 

introduces Flow-by-Flow while another jurisdiction maintains the older principle of full 

immediate intake, user selection behavior may become biased across jurisdictions. 

This coordination problem lies outside the theoretical claim of this paper. It should be addressed 

in a later phase of inter-institutional coordination, after empirical experience has accumulated 

from separate implementations in individual jurisdictions. 

6.6 Scope of Applicability 

The scope of this paper is limited to AI risks in domains where formal verification is inherently 

impossible and where the losses caused by error are severe. Ordinary low-risk uses, domains in 

which external criteria can be established through statistical verification, and domains in which 



formal truth values can be determined, such as arithmetic calculation, formal logic, and database 

queries, are outside the scope of this paper. 

In these domains, the problem of V × L > C_max, which is the premise of this design, either does 

not arise, or the total cost can be recovered even when errors or accidents occur, or content 

judgment may be established at low cost. Applying the Flow-by-Flow design to all domains, 

including low-risk domains, may create unnecessary friction. 

The parameters used in the simulation in this paper are based on empirical data from academic 

papers (Kusumegi et al., 2025). For other high-loss domains, such as pharmaceutical applications, 

judicial proceedings, and clinical trials, equivalent empirical data on the growth rate of V × L are 

insufficient. Applying this model to those domains requires domain-specific parameter 

estimation. Estimating the growth rate of V × L and the timing of breakdown by domain remains 

a task for future empirical research. 

The simulation results assume that V × L expands compoundly over time. This assumption holds 

in domains where the generating actors are not institutionally bounded. In domains such as 

patent applications, academic paper submissions, preprints, legal complaints on the plaintiff side, 

deepfake generation, and cyberattacks, there is no institutional upper bound on the number of 

generating actors, and each actor has an economic incentive to increase the number of outputs 

through AI. For this reason, V × L continues to expand. 

By contrast, in domains where the generating actors are limited to a finite set of members within 

an institution, the expansion of V × L is linear or limited. In areas such as AI support for police 

investigations, AI diagnostic support for physicians, and AI assistance for judges, the number of 

users is institutionally fixed, and the number of uses per person is constrained by the nature of 

the work, such as the number of cases, patients, or lawsuits. In these domains, V × L saturates 

once all users have adopted AI. Because V × L approaches a finite value, reinforcement of AI-

checking systems alone may be able to catch up, and the need for flow control is relatively lower. 

In real institutional design, it is therefore necessary first to determine which category the target 

domain belongs to. If anyone can enter as a generating actor, flow control is necessary. If the 

generating actors are limited to a finite set of humans within an institution, reinforcement of AI-

checking systems may be sufficient. 

However, even within the same domain, the generating side and the verification side may be 

separated. In civil litigation, judges belong to the verification side and are finite, while plaintiffs 

belong to the generating side and anyone can submit a complaint. Compound expansion of V × 

L therefore occurs on the generating side. Increasing the number of judges alone cannot address 

this problem; flow control for litigation is required. 

The theoretical endpoint of the Flow-by-Flow design is a state in which all countable dimensions 

have become saturated through evasive optimization, leaving differences only in non-countable 



dimensions, such as the texture of content or the depth of argument. In the case of citations in 

paper submissions, for example, this sequence may proceed from a limitation on V, to a layer-one 

limitation on the number of citations within L, to L2, a limitation on the number of fields from 

which cited works originate, to L3, a limitation on the cumulative word count of cited works, to 

L4, a limitation on the number of papers cited by the cited papers themselves. 

In such a state, detecting differences inevitably requires content judgment, and the system returns 

to the problem that this paper has sought to bypass. The Flow-by-Flow design does not eliminate 

this endpoint. It delays arrival at that endpoint. 

6.7 Does L Really Continue to Increase? 

The theoretical claim and toy model in this paper assume that both V and L continue to increase. 

The continued increase of V is increasingly supported by empirical evidence in Kusumegi et al. 

(2025) and the previous work (Naito, 2026). By contrast, the continued increase of L currently 

contains a stronger element of prediction than of direct empirical demonstration. 

If one focuses on the triage component of L, namely the task of determining whether an output 

is generated by AI or by humans, multiple empirical studies have accumulated showing that 

discrimination difficulty increases over time. Jakesch, Hancock, and Naaman (2023) show in 

PNAS that discrimination accuracy does not improve beyond chance level even when monetary 

incentives and training are provided. Chein, Martinez, and Barone (2024), in a review of prior 

studies across AI-generated face images, video, artworks, poetry, and text, report that although 

human evaluators could distinguish outputs from early generative AI models, their performance 

on outputs from newer generations of models often remains statistically indistinguishable from 

random guessing. 

These studies indicate that improvements in generative AI capability are being empirically 

observed as increases in discrimination difficulty. Because triage cost is monotonically linked to 

discrimination difficulty, the closer discrimination comes to chance level, the more cognitive 

resources triage requires. This empirical observation supports the validity of the L growth-rate 

settings in the toy model of this paper. The lower bound of 10% per year is, if anything, 

conservative in light of the rate at which empirical studies show discrimination difficulty to be 

increasing. Given that several modalities reach random-guessing levels within only a few years, 

the actual growth rate of L may be closer to the upper end of the range used in this paper. 

There are, in principle, two conditions under which the claim of this paper would cease to hold. 

The first is that AI capabilities stop improving and the increase in output-discrimination difficulty 

also stops. The second is that humans reduce their use of AI, restoring the proportion of human-

only outputs. 

If either or both of these conditions become reality, the theoretical claim and simulation in this 

paper would substantially lose their contribution. What matters here is the empirical meaning of 



these two conditions. Continued improvement in AI capability is a fundamental premise of the 

ongoing businesses of global AI companies such as OpenAI, Anthropic, and Google DeepMind. 

These companies place at the center of their business the assumptions that model capabilities will 

continue to improve through generational updates and that humanity will remain interested in 

and continue using AI. On that basis, they have raised tens of billions of dollars from capital 

markets and have undertaken some of the world’s largest data-center investments. Their revenues 

presuppose that corporate and individual users will continue to use generative AI. 

If the businesses of major AI companies collapse, the theoretical value of this paper is also likely 

to be largely lost. At the same time, however, the very problem this paper warns against, the 

hollowing-out of oversight caused by V × L > C_max, would also disappear automatically. 

This point also has implications for current AI governance frameworks, including the EU AI Act. 

Existing frameworks likewise design regulations and institutions on the assumption that AI 

capabilities will continue to improve and that humans will continue to use AI. 

The scale of risks produced by generative AI has expanded with each generation of models. In 

2019, OpenAI initially withheld the release of GPT-2 because of concerns about impersonation. 

During the diffusion of text and image generation models after 2023, the effects of deepfakes on 

elections and personal reputation became a major issue. With the mass diffusion of interactive 

models after 2024, chains of hallucination and users’ psychological dependence came to be 

regarded as concerns at the level of the public cognitive environment. In April 2026, with Claude 

Mythos Preview, capability for vulnerability discovery in cybersecurity was publicly discussed 

from the standpoint of safeguarding national financial infrastructure. 

The risks of each generation are not resolved by the arrival of the next generation. They 

accumulate, and the scale of their targets continues to expand from individuals to national 

infrastructure. At each point, institutional responses centered on strengthening human checking 

systems have been proposed. Yet as of April 2026, no case can be confirmed in which the response 

to the risks of a previous generation was completed by the time the next generation arrived. 

The empirical fact that V × L continues to expand is also suggested by observing this very history 

of accumulation and expansion. 

7. Conclusion 

The simulation results presented in this paper are not absolute predictions of how many years 

remain before a particular domain breaks down. Rather, they show the robustness of the relative 

ordering among strategies in terms of how much time each strategy can buy. The timing at which 

C_max is exceeded in each domain must be estimated separately on the basis of two variables: 

the B variable proposed in the previous work (Naito, 2026) and the rate of AI adoption. 

Accumulating empirical data for each domain therefore remains a task for future research. 



The central contribution of this paper is the derivation of four design invariants that any flow-

control mechanism must satisfy in high-loss domains where content judgment cannot be the 

foundation of governance: no substantive content judgment, no scalable consumption of 

examiner capacity, identity-bound per-application friction, and no batch clearance. The physical 

waiting path is presented as one reference implementation that satisfies all four invariants, but it 

faces substantial difficulties in accessibility, legal compatibility, and international coordination. 

The theoretical value of this paper does not depend on the feasibility of the physical waiting path. 

It depends on whether the four invariants correctly characterize the necessary conditions for 

content-judgment-bypass flow control. 

We emphasize that this paper does not deny the usefulness of strengthening human oversight 

regimes, increasing the number of supervisors, or introducing double-checking in high-loss 

domains. The problem we identify is that the marginal returns of these investments decline over 

time and eventually fail to keep pace with the growth of V × L. 

The condition under which responsible human checking can continue to function in the age of 

generative AI is to redesign the incentives on the submission side, thereby slowing the growth 

rate of V × L itself, and to embed a mechanism that prices the consumption of supervisory capacity 

at the point where it is consumed, regardless of who consumes it. 

Buying time against rapidly emerging AI risks, and responding to them substantively, must shift 

toward institutional limits on output rate and complexity. By avoiding the creation of economic 

incentives for AI-enabled mass producers, while keeping the false-positive cost for human-only 

applicants relatively low, it becomes possible to restore the sustainability of responsible human 

oversight in high-loss domains. 

The Flow-by-Flow design may be difficult to apply to all high-loss domains with unbounded 

generator populations, especially in terms of compatibility with existing legal frameworks. 

However, alternative approaches also have their own inherent limitations. Economic staking, 

such as deposit systems, creates structural discrimination against applicants from developing 

countries and other resource-constrained contexts. Human endorsement systems run counter to 

digital transformation and may infringe the human-rights basis of the right to submit. Expanding 

qualification-based control over generating actors is ineffective against mass production by 

qualified actors. Online penalties can be avoided by moving across institutions.  

Given that these alternatives all have serious defects, the legal challenges facing the physical 

waiting path are not grounds for abandoning the proposal. Rather, they indicate the need for 

long-term revision of legal frameworks themselves. The proposal in this paper is not a demand 

for immediate implementation. It is positioned as a theoretical starting point for the long-term 

revision of laws and treaties toward a paradigm of flow control. 

A realistic implementation path may be to postpone public institutions, where treaty revision 



requires many years, and instead allow private platforms and academic journals that already face 

the collapse of quality signals due to AI-enabled mass production to implement flow control first 

as a form of self-defense, thereby accumulating evidence of its actual effects. This approach has 

broad applicability beyond high-loss domains. A design that allows society to enjoy the benefits 

of technology, such as AI-assisted drafting and analysis, while selectively suppressing only the 

vector of mass production that collapses the system through physical friction, deserves 

consideration across all knowledge infrastructures. 

Appendix A: Process-Time Declarations by the Authors 

Section 3.6 of this paper proposed abolishing AI-use disclosure requirements and replacing 

them with process-time declaration requirements. This Appendix applies that system first to 

ourselves, the authors of this proposal. 

Previous work: The Supervision Paradox, v1.0-v1.4 

Process Declared 

time 

Notes 

Idea formation 0 h Extension of an idea that had been continuously developed 

since around 2023. 

Literature review 45 h 31 references; most were read in full. 

Data collection and 

analysis, Appendix A 

15 h Approximately 25,000 records were obtained through APIs, 

classified by field, and used to calculate growth rates. 

Writing, Japanese 

version 

40 h Includes all revisions from the initial draft through v1.4. 

Figure and table 

preparation 

4 h Figure 1-3, Table A1, and Figure A1. 

AI assistance, translation 2 h Japanese-to-English translation was generated by AI, 

followed by approximately 1 h in total for checking. 

Total Approx. 

106 h 

 

This paper: Flow by Flow, v1.0 

Process Declared 

time 

Notes 

Idea formation 0 h The idea arose during the writing of the previous 

work. 

Literature review 10 h Substantial overlap with the previous work. 



Data collection and analysis, 

Mythos/Glasswing 

8 h Conducted as part of ongoing professional 

monitoring of recent developments. 

Monte Carlo analysis, coding, 

execution, and interpretation 

7 h AI was used for coding. 

Writing, Japanese version 60h  

Figure and table preparation 5 h  

AI assistance, translation 2 h Japanese-to-English translation was generated by 

AI, followed by approximately 1 h for checking. 

Total Approx. 92 

h 

 

Process-time declarations do not require perfect accuracy. The purpose of this Appendix is to 

show that the system is low-cost for the proposers themselves—the declaration took 

approximately five minutes to complete—while also providing information that can be verified 

by third parties. 

Appendix B 

B-1 Why Accuracy Improvements Do Not Eliminate the Need for Flow Limitation 

The previous work responded to the objection that, if AI model capabilities improve, the error 

probability p will decline and expected loss will therefore decrease. The response was based on 

two points: first, that p = 0 is in principle unattainable in probabilistic systems (Xu, Jain & 

Kankanhalli, 2024), and second, that V continues to expand faster than humanity’s cognitive 

capacity improves. In addition, probabilistic systems cannot internally determine the correctness 

or incorrectness of their own outputs (Consistent Reasoning Paradox, Colbrook et al., 2024). 

The V × L framework further strengthens this response. The claim that accuracy improvements 

make flow limitation unnecessary presupposes that, once accuracy improves sufficiently, L 

becomes sufficiently small and V × L remains within C_max. However, as discussed above, only 

the verification component of L can decline through accuracy improvements. The response 

component is independent of AI accuracy. 

The objection that “if AI accuracy improves sufficiently, response work itself can be delegated to 

AI, and therefore human cognitive load will continue to decrease” is unlikely to hold for the 

following reason. Even if response work is delegated to AI, in high-loss domains the legal 

responsibility for the result of that response is borne by a natural or legal person (R = 1). Therefore, 

at the moment the response is delegated to AI, the cognitive load of verifying the response result 

arises. If that verification is also delegated to AI, then verification of the verification result arises. 

At the end of this recursion, there is always a human, and C_max applies to that human. 



Automating response does not eliminate cognitive load. It only transfers it recursively. 

A simpler example is a real-name-registration social network. Even if 99.9% of users correctly 

register under their real names, once an incident occurs, it is still necessary to independently 

verify each time whether the account that made the problematic post is truly registered under a 

real name. The burden of verification is not determined by the incidence rate of fraud. It is 

determined by the possibility that fraud is not zero. No matter how much accuracy improves, as 

long as the system is probabilistic, p > 0. And as long as p > 0, the verification burden remains. 

One reason this mathematical fact has not become a premise of AI governance debates may 

be unrealistic optimism, the systematic tendency to underestimate future risks by 

extrapolating from benign past experience (Weinstein, 1980, 1982; replicated in more than 

1,000 studies, Shepperd et al., 2013). Most everyday AI use occurs in low-risk domains where 

errors are rarely discovered and rarely costly, and the perception formed there, that AI will 

become sufficiently usable as long as accuracy improves, is extrapolated directly to high-loss 

domains. Yet this extrapolation is precisely what professional licensing systems have always 

rejected: lawyers, physicians, and pilots require legal qualifications because society has 

judged that in these domains even a small number of errors is unacceptable, and that error-

inducing designs must be regulated in advance rather than corrected after the fact. 

There is a clear asymmetry across domains in AI output. With respect to legal advice, because 

regulations corresponding to unauthorized-practice-of-law rules exist in many countries, LLM 

providers can plausibly justify restricting outputs that constitute legal advice. Although such 

restrictions are fragile and contain many practical loopholes, they can at least function as a form 

of physical friction similar to flow-rate limitation. 

By contrast, no LLM safety system restricts tasks such as drafting patent claims, writing academic 

papers, or designing clinical trials. An AI system that refuses all scientific questions or technical 

interests in the name of safety would not be commercially viable. This asymmetry means that 

voluntary brakes on the LLM side against V explosion exist only in a subset of high-loss domains. 

Surges in patent applications or academic submissions cannot be stopped by LLM tuning. Since 

there is no restriction on the output side, flow limitation on the receiving side becomes 

unavoidable. 

This problem can be restated through the pharmaceutical-approval example used in the previous 

work. Suppose that a review agency processes 100,000 applications per year with AI assistance 

and that accuracy improvements reduce the error rate to 0.01%. Verification costs decline. 

However, even for correctly approved drugs, response work occurs item by item, including post-

market safety monitoring, evaluation of adverse-event reports, and revisions to package inserts. 

Once the number of cases expands to 100,000, even if verification cost is zero, the sum of response 

costs may exceed human processing capacity. 



Error-rate improvements postpone the collapse of oversight, but they cannot eliminate it. The 

previous work described error-rate improvement as a treadmill: the system must run faster 

merely to remain in the same place, and even a slight decrease in running speed immediately 

turns into an increase in absolute harm. This characteristic becomes even clearer under the 

framework of the present paper. 

Bastani and Cachon (2025) independently derive the economic dimension of this problem from a 

contract-theoretic framework. In their model, as AI accuracy improves, errors become rare, and 

opportunities for supervisors to actually detect errors and receive rewards decline. As a result, 

the compensation required to economically motivate supervisory effort diverges. In other words, 

accuracy improvement collapses the incentive design of supervision. 

The argument in this paper and the argument by Bastani and Cachon are complementary. Bastani 

and Cachon show that even when a supervisory regime is complete, supervision cannot be 

economically motivated. We show that even if supervision were economically motivated, the 

supervisor’s cognitive processing capacity would be exceeded. When both hold simultaneously, 

supervision enhancement has no solution either in terms of incentives or in terms of cognitive 

capacity. This more strongly supports the conclusion of the previous work that institutional limits 

on output volume itself are necessary. 

Verification cost also depends strongly on the time required to detect the first breakdown 

contained in an output. Low-quality outputs that contain obvious factual errors or outdated 

information can be rejected at an early stage of verification, consuming relatively little cognitive 

cost. As AI capabilities improve, however, such easily detectable breakdowns decrease. Outputs 

that appear coherent on the surface and formally appropriate, but contain errors that only an 

expert can detect after reading the entire text carefully, maximize verification cost. In other words, 

AI capability improvements may increase L by raising the difficulty of detecting breakdowns, 

rather than lowering the verification component of L. Moreover, because errors from a highly 

accurate model appear only rarely, the condition identified in the previous work, E_detected 

being far smaller than E_actual, becomes more severe as accuracy improves. 

B-2 On AI-Use Disclosure Regimes 

Regimes requiring disclosure of whether AI was used are being introduced in many domains. 

However, if there is no means of verifying the truth of the disclosure, supervisors cannot exclude 

the possibility that AI was involved. Even for a work product declared to have been produced 

without AI, supervisors must read it on the assumption that AI may have been involved. 

This uncertainty creates an additional triage burden before the content of the output can be 

evaluated: the supervisor must triage the origin of the output and the evaluation criteria to be 

applied. In an environment where AI use has become widespread, even work products created 

without AI must be verified on the assumption that they may be low-quality AI-generated 



artifacts. The diffusion of AI therefore increases supervisory cost even when AI was not used. 

These are examples of a vulnerability common to self-disclosure regimes. For penalties against 

false disclosure to function effectively, there must be an independent means of verifying the 

content of the disclosure. However, no reliable method has been established for post hoc 

distinguishing between generative AI output and human-created work. 

Liang et al. (2023) evaluated seven widely used GPT detectors and showed that more than half of 

essays written by non-native English speakers were misclassified as AI-generated, while simple 

prompt manipulation reduced detection rates from 100% to 13%. OpenAI’s own AI text classifier, 

released in 2023, correctly identified AI-generated text only 26% of the time and was discontinued 

because of insufficient accuracy. 

Thus, approaches that automatically determine the origin of content using AI lack reliability in 

both false positives and false negatives. They cannot be used as the foundation of a human 

supervisory regime.  

B-3 Why Triage Is Costly 

Why triage consumes substantial human cognitive resources can be explained by findings in 

cognitive science that have accumulated independently of AI research. The observation that 

conscious processing concentrates resources on selection among multiple candidates was 

systematized in Baars’s (1988) global workspace theory. Among the countless processes running 

in parallel in the brain, only those that compete with one another and require integrated judgment 

are elevated into the conscious workspace, where they compete for limited bandwidth. 

Dehaene and Naccache (2001) extended this theory neuroscientifically and showed that conscious 

access involves global activation of distributed cortical networks. The basic structure — that 

conscious processing is a scarce resource and is intensively consumed when conflicts among 

multiple candidates must be resolved — has been reproduced repeatedly in subsequent research 

(Dehaene et al., 2017). 

When parallel processes are resolved automatically, this scarce resource is not consumed. 

Schneider and Shiffrin (1977) demonstrated that repeatedly trained information processing 

becomes automatic processing that does not require consciousness, while processing in novel and 

ambiguous situations becomes controlled processing that requires conscious resources. 

Kahneman’s (2011) distinction between System 1 and System 2 restates this distinction for a 

general audience. The important question is what activates System 2, and the answer is ambiguity 

that cannot be resolved by automatic response. 

Within decision-making contexts, depletion of finite decision-making resources has also been 

observed. Baumeister et al. (1998) showed that the quality of judgment declines in subjects who 

are repeatedly required to make decisions or exercise self-control, and named this phenomenon 

ego depletion. Replications of this effect vary, and debate continues regarding effect size (Hagger 



et al., 2016). Nevertheless, the general direction — that there is an upper bound on the number of 

high-quality judgments that can be made in a day — is independently supported by research on 

decision fatigue (Vohs et al., 2008; Danziger et al., 2011). Judgment resources are not infinite. Once 

consumed, they require time to recover. 

What these findings show is the following proposition: conscious judgment is a scarce resource, 

and what triggers its consumption is not the amount of information, but the presence of ambiguity. 

Even if the amount of information increases, resources are not consumed if it can be processed by 

automatic response. Conversely, even if the amount of information is small, conscious resources 

are drawn upon when multiple interpretations coexist and cannot be resolved automatically. 

When an AI-generated text may be a fact, an inference, an opinion, or a fictional narrative, and 

none of these interpretations can be rejected automatically, the reader must place multiple 

interpretations in the conscious workspace and choose among them. As a trigger for conscious 

processing, this satisfies a classical condition. The fact that generative AI outputs consume 

substantial cognitive resources is not an AI-specific phenomenon. Rather, AI outputs 

systematically generate the conditions described by consciousness research since Baars. 

It is also logically derived from the design of generative AI that automatic response is difficult to 

establish, because generality and human-likeness are central to its commercial value. The 

ambiguity of triage is therefore not a transient problem caused by the immaturity of current AI. 

It is a property inherent in the design of general-purpose AI. As AI capabilities improve and 

output style becomes closer to human speech, triage ambiguity increases rather than decreases. 

The information sources that human cognitive systems have processed over tens of thousands of 

years can be roughly divided into the natural environment, other animals, and other humans. 

Allocation of conscious resources toward these sources has been adjusted by selection pressures 

on an evolutionary time scale. Generative AI supplies outputs that are statistically very similar to 

speech from other humans, but are not produced by other humans, at a rate whose marginal cost 

approaches zero. Put differently, it continuously fires triggers that ignite conscious processing at 

a rate exceeding human processing capacity. The finitude of conscious resources is an 

evolutionarily fixed constraint. Since that constraint is not removed by improvements in AI 

capability, the accumulation of triage cost inevitably collides with finite resources.  

B-4 Human Supervisors as Discriminators 

The development process of commercial interactive AI can be characterized as adversarial 

training between a generator and a discriminator (Goodfellow et al., 2014). The generator 

produces outputs. The discriminator evaluates whether those outputs are plausible as human 

speech, and the evaluation result is fed back into updates of the generator. RLHF (Ouyang et al., 

2022) is a large-scale implementation of this structure through human comparison evaluation and 

reward models. 



The role of discriminator is played, at the training stage, by human evaluators who provide 

preference data, and at the deployment stage, by human users who use the service. The generator 

is updated with each model generation and moves closer to more human-like output by reflecting 

the history of this adversarial process. Human cognition, which plays the role of discriminator, is 

updated only on an evolutionary time scale and is nearly fixed on the time scale of product cycles. 

As the adversarial process repeats across generations, the cues that allow the discriminator to 

distinguish the generator’s output as “something other than human speech” diminish. This is an 

explanation from the generator side of the pathway, discussed in the previous section, through 

which triage cost rises over time. The important point is that this asymmetric adversarial process 

is not an accidental technical side effect. It is part of the very definition of capability improvement 

in current AI. 

The return of triage and criterion invocation from the device side to the user side is already 

observed in AI evaluation. In generational comparisons of physical products, agreement forms 

when evaluation can be reduced to a hierarchy of physical quantities. The superiority of an old 

television and the latest 8K television can be judged by external criteria such as resolution, 

contrast ratio, and response time. Even in comparisons among video games, once factors such as 

map size, number of missions, and resolution are decomposed, opinions converge within each 

factor, allowing discussion to move on to what individuals personally value. 

By contrast, in generational comparisons of AI models, the release of a new model is repeatedly 

accompanied by the coexistence of polar evaluations such as “AGI has arrived” and “it is worse 

than the previous generation.” Benchmarks have lost reliability for comparison because of 

contamination in training data and leakage of evaluation sets (Sainz et al., 2023; Balloccu et al., 

2024). Different use cases require different axes for evaluating intelligence, and users themselves 

must determine which axis should be invoked. 

Indistinguishability does not eliminate triage. It increases triage cost. Even when discrimination 

is impossible, empirical evidence shows that supervisors continue to switch evaluation criteria 

depending on whether an output is AI-derived (Longoni et al., 2022; Altay & Gilardi, 2024). 

Therefore, the attempt at triage itself continues. And as discrimination accuracy approaches 

chance level, the cognitive resource consumption per attempt increases. 

If supervisors abandon triage and process all outputs under a uniform criterion, they must choose 

either to treat all outputs as AI-generated and apply maximum verification cost to all items, or to 

treat all outputs as human-generated and omit verification. The former maximizes the judgment 

component of L for all items. The latter means abandoning supervision in high-loss domains.  

B-5 The Cognitive-Load Externalization Function of Information Infrastructure 

Many information infrastructures used by humans have functioned by moving individual 

cognitive load outside the individual. Writing moved memory retention from the brain to 



material objects (Goody, 1977; Ong, 1982). Money moved comparison of the value of goods from 

individual negotiation to a common unit. Double-entry bookkeeping moved the consistency 

check of transactions from memory and mental arithmetic to mechanical verification in ledgers. 

Legal systems moved the judgment of dispute resolution from the parties to procedures and 

precedents. Scientific publication and peer review moved the evaluation of the truth of claims 

from individual persuasiveness to reproducibility and mutual examination. Internet search 

indexes moved memory of where information is located from individuals to search engines. 

What these systems share is a design direction in which cognitive load, instead of being 

completed within the individual, is distributed through external materials, procedures, and 

institutions. Hutchins (1995) organized this phenomenon as distributed cognition, and Clark and 

Chalmers (1998), under the concept of the extended mind, presented a framework for treating 

cognitive systems that include external devices as the unit of analysis. 

A common property of these information infrastructures is that they are designed to suppress 

users’ triage cost. When looking up a dictionary entry, the order of entries is fixed by an external 

criterion, alphabetical order. The user does not have to re-determine “this is the headword,” “this 

is the definition,” or “this is an example.” Because such designs process triage in advance through 

devices or institutions, conscious resources can be concentrated on judgment and response. 

Generative AI output runs counter to this externalization. As discussed above, because generative 

AI output does not fix boundaries among semantic types on the device side, triage returns to the 

user side. This is not a design feature of individual applications. It is a design consequence that 

cannot be avoided as long as generality and human-likeness are placed at the center of 

commercial value. 

Triage costs that had historically been externalized must therefore be processed again by 

individual cognitive resources when the new information source is generative AI output. The 

diffusion of generative AI also spreads into externalized information infrastructures themselves. 

For information sources such as search-engine results, encyclopedia entries, preprints, and news 

articles — sources for which triage had previously been processed by the device or institution 

side — the contamination of generative-AI-derived outputs forces users to determine item by 

item whether a given item originates from generative AI. Triage that had been omitted under the 

premise that the source itself was reliable returns at the level of each item. 

Multiple experiments have repeatedly observed that this triage is processed before other 

evaluation axes. Longoni, Fradkin, Cian, and Pennycook (2022) showed that the credibility 

evaluation of a news article declines when the same content is labeled as “AI-generated.” Altay 

and Gilardi (2024), in a preregistered experiment (N = 4,976), reported that attaching an “AI-

generated” label to a headline reduces both perceived accuracy and intention to share, regardless 

of whether the content is true or false and regardless of whether it was actually written by a 



human or by AI. These results show that determining whether content is AI-derived is processed 

independently of, and often prior to, the evaluation axis of the content itself.  

B-6 Consequences of the Hollowing-Out of Human Oversight 

When V × L exceeds C_max, the institution does not necessarily stop immediately. Rather, in 

many cases, supervisors can be expected to come to work as before, approve items as before, and 

report processing counts as before. From the outside, the institution appears to be operating 

normally. However, what is maintained in this state is not substantive oversight, but a flow of 

formal approval. 

Supervisors are not sufficiently verifying individual outputs. In that case, it becomes rational for 

supervisors to rely on external signals rather than the content itself in order to minimize their 

own responsibility risk. In academic peer review, proxy indicators include institutional affiliation, 

existing reputation, the author’s country, institutional email addresses, and past citation records. 

In law, administration, and pharmaceutical review, similarly, the applicant’s institutional status, 

representative’s qualifications, and relationships with existing organizations become substitutes 

for content evaluation. 

This occurs because supervisors are more likely to face clear responsibility if they allow AI slop 

to pass, or if they reject a valid application from a famous institution. By contrast, if they reject a 

legitimate low-signal application without reading it, the loss is likely to be invisibilized.  

B-7 Limits of Content Judgment 

In current AI governance debates, human oversight almost always means content judgment. 

Humans judge whether the output text is accurate, whether generated code contains 

vulnerabilities, or whether a drafted document contains legal defects. 

However, as this chapter has shown, as long as content judgment remains the foundation of 

governance, if AI capability continues to grow beyond the sum of human capability improvement 

and institutional reinforcement, many high-loss domains cannot avoid the collapse of oversight. 

Delegating content judgment to AI itself does not solve this problem. 

Nor is this problem limited to hallucination. For example, even when an AI-generated summary 

consists only of facts contained in the original document, it may reverse the intention of the 

original document through the choice of what to retain and what to omit. Moreover, measures 

including source disclosure, retrieval-augmented support, cross-checking by multiple LLMs, 

output constraints, and all forms of prompt engineering may reduce errors through 

improvements in models or operating methods, but they cannot reduce errors to zero. 

If AI is asked to judge whether an output is correct, the question of who verifies the correctness 

of that AI judgment arises recursively. Therefore, what is needed is not to improve content-

judgment capability, but to bypass it. 



Appendix C. Consistency with the Mythos Release Problem 

In April 2026, Anthropic restricted access to the preview version of Claude Mythos to 

approximately forty institutions, under Project Glasswing, on the grounds that the model’s 

capabilities in the cybersecurity domain had improved beyond expectations. Regardless of 

whether the reason for this measure was the model’s autonomous threat potential or the 

exceedance of human supervisory capacity, the result was a flow-rate limitation. 

The fact that cybersecurity was the first domain to reach lockout was predictable in advance from 

the ordering implied by the B variable, because the physical-space constraint in this domain is 

almost zero (B ≈ 0). This paper positions the measure as the first visible case of Weakest-Link 

Lockout. However, the theoretical claim of this paper does not depend on the consequences of 

this single case. 

Appendix D. Additional Discussion of the Physical Waiting Path 

This appendix collects additional analysis of the physical waiting path that was moved from the 

main text in order to maintain focus on the four design invariants as the central contribution. 

D-1 Relationship to Computational Proof-of-Work 

The physical waiting path also belongs to the lineage of computational proof-of-work proposed 

by Dwork and Naor (1993) as a defense against spam email. Traditional anti-machine screening 

mechanisms, represented by CAPTCHA (von Ahn et al., 2003), have functioned by imposing 

cognitive tasks that are low-cost for humans and high-cost for AI. Yet these mechanisms have 

been repeatedly bypassed as AI capabilities improve, and many implementations are now 

circumventable (Searles et al., 2023). Because the physical waiting path requires physical time 

expenditure rather than a cognitive task, it realizes a form of proof-of-work that is robust against 

improvements in AI capability. 

D-2 Cooling-off Period as an Alternative 

As an alternative to the physical waiting path, one could imagine imposing on an account a 

prohibited period for applications or submissions, namely a cooling-off period, in proportion to 

the exceedance multiplier of the cognitive cost score. Under this design, however, the optimal 

strategy for AI-enabled mass applicants would be to incur a large penalty at one institution and 

then immediately move to another. Preventing this evasion would require a massive surveillance 

infrastructure for sharing KYC and penalty information across institutions, creating both the 

construction and operating costs of that infrastructure and the secondary problem of 

concentrated power in the hands of infrastructure administrators. 

D-3 Capital-Rich Entities and Proxy Labor 

A capital-rich corporation may distribute the burden of physical waiting among employees, but 

the personnel cost per employee, including wages during waiting time, scales with the number 



of employees. Even an actor that can generate 100,000 outputs without concern for API fees faces 

costs incomparable to API fees if it must employ 1,000 employees and require each of them to 

wait physically 100 times. Even if humanoid robots become practical, the purchase and 

maintenance costs of 1,000 robots are physical costs of an entirely different order from mass API 

calls in information space. This is an institutional operation that artificially raises B, the physical-

space constraint variable defined in the previous work. 

The purpose of the exceedance pathway is not to make outsourcing or proxy use impossible. Its 

purpose is to ensure that each threshold-exceeding application remains attached to a non-zero, 

identity-bound, per-application marginal cost. The physical waiting path is one implementation 

of this principle, but any mechanism satisfying the four invariants would serve the same 

institutional function. 

D-4 False-Positive Criticism 

For the false-positive criticism against composite flow as applied to non-AI humans to hold, the 

cost of false positives under flow limitation must exceed the quality-degradation cost borne by 

all applicants under no flow limitation. This presupposes that the probability that LLMs do not 

increase V x L is at least 50%. The empirical data of Kusumegi et al. (2025) suggest that this 

premise is not supported. 

D-5 Monetary Friction as a Precursor 

Fee-based friction on formal features already exists. After the EPO introduced excess claim fees 

in 2008, claim counts fell while the breadth of protection was preserved through reduced claim 

depth (Lefebre, Debackere & Willekens, 2025). Under the USPTO's asymmetric schedule, which 

prices claims above twenty but leaves specification length effectively unpriced, specifications 

have lengthened monotonically for more than two decades (Crouch, 2026). Practitioner guidance 

openly recommends consolidating separate claims into alternative embodiments within a single 

claim to avoid claim fees (Schwartz, 2022). 

Monetary friction nevertheless fails Invariant 3. A fee is not bound to identity-verified human 

time; it is a marginal cost that capital replicates without limit. For an AI-enabled mass producer 

whose expected return per application exceeds the fee, the fee operates as a tax on volume, not 

as a separator, and batch payment restores the batch clearance excluded by Invariant 4. The 

deposit-based alternatives discussed in Section 7 share this defect and add a distributional one. 

Fees are therefore a component that flow design can incorporate, but not a substitute for an 

identity-bound, per-application exceedance pathway. 

Availability Statement 



The simulation has also been implemented as an HTML file that can be run in a browser and is 

publicly available at UTIE Research Institute (https://utie-instruments.com/utie-research-

institute.html). Parameters can be changed and the simulation can be rerun freely. 
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