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Artificial intelligence is often narrated as a scientific breakthrough racing toward a general-
purpose tool. But there is another lens that clarifies many of its most puzzling features: treat AI 
development as a profit-maximizing enterprise first, and a knowledge-seeking enterprise 
second. Under that assumption, the central engineering problem is not “How do we make 
systems smarter?” but “How do we make systems persuasive, adoptable, and indispensable at 
scale?” This shift reframes familiar phenomena—demo theater, benchmark marketing, secrecy, 
fast shipping, and the quiet externalization of social costs—as predictable outputs of incentive 
design rather than moral failures by particular individuals. The consequence is an epistemic 
inversion: confidence and fluency scale faster than reliability, while evaluation and humility are 
underfunded because they slow growth. This paper argues that the decisive bottleneck in the 
profit-first regime is no longer model capability but human and institutional judgment: the 
capacity to distinguish truth from plausibility, utility from dependence, and governance from 
public-relations safety. Finally, it proposes an “insanely sane” corrective: put truth back on the 
balance sheet through costly signals, auditability, liability alignment, and institutions built to 
reward disconfirming tests rather than persuasive demos. 
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1. Introduction: A Different Default Assumption 

The public story about AI is usually told as a story of capability: bigger models, better 
benchmarks, emergent behaviors, and an inevitable march toward more general intelligence. 
That story is not false. It is simply incomplete. It treats AI development as if it were primarily a 
scientific enterprise that incidentally found a market. This paper asks the reader to try a 
different default assumption, not as a moral accusation but as a predictive lens: assume that the 
dominant governing force in modern AI development is not truth-seeking but profit-seeking. 
Under that assumption, the core question shifts. It is no longer, “What can these systems do?” It 
becomes, “What behaviors will a profit-optimized AI ecosystem reliably produce?” Once you ask 
that question, familiar features of the landscape stop looking like mysteries or isolated scandals. 
They begin to look like regular outputs of incentive design: demonstrations built for persuasion, 
benchmarks built for marketing, secrecy built for competitive advantage, and safety framed as 
communications rather than constraint. This introduction clarifies the contrast between the 
standard capability narrative and the profit-first hypothesis, defines what it means for incentives 
to shape epistemology, and sets boundaries on what the argument claims. The aim is not to 
vilify builders, but to show how systems drift when reward functions are misaligned with truth. 

1.1 The standard story: capability as the main driver 

In the standard story, AI progress is primarily a technical arc. Researchers discover architectures 
and training methods; companies scale compute; models improve on established tests; and new 
abilities appear that were not explicitly programmed. The market then adopts what works. 
Within this frame, problems like hallucination, overconfidence, or misuse appear as engineering 
bugs, user misunderstandings, or transitional growing pains. Success is tracked through 
performance curves: lower loss, higher benchmark scores, broader task competence, fewer 
obvious failures. Even governance is often described in capability language: we must “align” the 
model, “make it safer,” “reduce toxicity,” “increase truthfulness,” as if the main object were a 
technical artifact whose properties can be tuned until it behaves. 

This view has genuine explanatory power. It captures the importance of scaling laws, the role of 
data and compute, and the real achievements of modern systems. But it also carries a subtle 
assumption: that the primary driver remains the pursuit of capability, and that institutions will 
naturally incorporate whatever evaluation and restraint are needed as the science matures. In 
other words, the standard story tends to treat the political economy as secondary. The 
dominant verbs are technical: train, optimize, evaluate, deploy. The dominant risks are 
technical: errors, bugs, misuse. The dominant solution is technical: better models, better 
guardrails, better benchmarks. When the system performs impressively, this story feels 
complete. When it fails in socially consequential ways, the story often reaches for a patch: more 
safety layers, better disclaimers, improved prompting, updated policy. 
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The argument of this paper begins where the standard story begins to strain. If capability were 
the main driver in an uncomplicated way, many observed behaviors would be puzzling. Why 
would marketing claims repeatedly outrun evaluation? Why would confidence remain high even 
when error modes are widely known? Why would transparency and third-party auditing be 
resisted even when they would raise scientific credibility? Why would “success” be framed as 
adoption and engagement more than calibrated reliability? The standard story can answer some 
of these questions, but it tends to answer them as exceptions. The profit-first lens treats them 
as expected. 

1.2 The profit-first hypothesis: growth as the hidden objective function 

The profit-first hypothesis is not that every developer is greedy, or that no one cares about 
truth. It is that the ecosystem’s effective objective function is dominated by growth: capturing 
market share, raising valuation, consolidating platform dependence, and rewarding insiders 
through equity and career advancement. In a growth-dominant environment, technical 
capability is not the ultimate goal. It is an instrument. The system is optimized for what converts 
attention into adoption and adoption into durable dependence. 

Once growth becomes the hidden objective function, a different set of design pressures 
becomes legible. Systems will be tuned not merely to be correct, but to be compelling. They will 
be tuned to reduce friction, to widen use cases, to keep users engaged, to appear general, to 
produce outputs that feel fluent and authoritative. Speed matters more than caution. Viral 
demonstrations matter more than exhaustive accounting of failure. Competitive secrecy 
becomes normal. Evaluation becomes entangled with marketing, because the primary audience 
is no longer just the scientific community, but customers, investors, regulators, and the public. 

This hypothesis also changes what counts as “winning.” In a capability-first world, winning is 
building the most reliable understanding machine. In a profit-first world, winning is becoming 
the default layer between humans and information, between workers and their tools, between 
institutions and their decisions. That is a platform outcome. A platform outcome rewards 
persuasive competence even when truthfulness lags, because the market often purchases 
convenience before it purchases correctness. The result is a predictable asymmetry: reliability 
improvements are expensive, slow, and difficult to communicate; perceived capability is easy to 
communicate and often sufficient to drive adoption. 

The profit-first hypothesis therefore predicts an uncomfortable pattern: confidence will scale 
faster than reliability, because confidence sells. The system may become broadly useful, but its 
role will tilt toward persuasion, plausibility, and productivity rather than disciplined truth. The 
central tension becomes not “Can the model do it?” but “Can the surrounding institutions 
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prevent the model’s fluency from being mistaken for authority?” That tension sits at the heart 
of this paper. 

1.3 What “incentives become epistemology” means 

Epistemology is the discipline of how we know: what counts as evidence, how claims are 
justified, how uncertainty is represented, how error is handled, and how beliefs are updated. To 
say “incentives become epistemology” is to say that reward structures quietly shape those rules 
of knowing. When the rewards favor speed, persuasion, and narrative dominance, institutions 
drift toward ways of knowing that privilege what is easy to ship and easy to sell. Over time, the 
organization’s epistemic norms change: what questions get asked, what tests are considered 
sufficient, what failures get publicized, and what uncertainties are tolerated. 

In practical terms, “incentives become epistemology” means the following: the organization 
does not merely build a model; it builds a culture of belief around the model. That culture 
determines whether outputs are treated as suggestions, as drafts, as tools, or as quasi-oracular 
judgments. It determines whether errors are treated as expected noise that must be measured 
and reduced, or as PR liabilities to be minimized and reframed. It determines whether 
transparency is a scientific virtue or a competitive threat. It determines whether “safety” is 
defined as real reduction of harm or as reputational risk management. 

This phrase also points to a specific inversion. In science, we normally hope that epistemology 
governs incentives: the norms of evidence, replication, and peer criticism restrain the desire for 
fame or money. In a profit-first technology ecosystem, incentives can govern epistemology: 
what the market rewards becomes what the organization “knows,” and what it “knows” 
becomes what it is willing to say. That is not simply dishonesty. It is a structural drift in what is 
attended to and what is ignored. 

This is why the paper repeatedly emphasizes judgment. A high-dimensional generator can 
produce persuasive text in nearly any direction. The epistemic question is: what disciplines 
select truth from plausibility? If incentives corrode those disciplines, the system becomes not 
merely an AI model, but an engine for manufacturing confident-sounding claims. “Incentives 
become epistemology” names the shift from truth-centered knowing to growth-centered 
knowing. 

1.4 Scope and limits: mechanisms, not mind-reading 

This paper does not require the reader to believe that AI developers wake up each morning 
thinking, “I will deceive the world for profit.” That would be mind-reading and moral 
melodrama. The argument is structural. It claims that even with many sincere individuals, a 
growth-dominant system will predictably produce certain behaviors unless counterweighted by 
strong institutions and costly constraints. The focus is therefore on mechanisms: principal-agent 



7 
 

problems, externalities, narrative lock-in, platform incentives, reputational risk minimization, 
and the tendency of organizations to prefer metrics that flatter. These mechanisms operate 
regardless of any one person’s moral character. 

Accordingly, the paper avoids claims like “they all lie” or “they don’t care about safety.” It 
instead asks: what would we observe if truth were genuinely prioritized over growth? What 
costly signals would appear? What forms of third-party evaluation would be welcomed? What 
kinds of transparency would be normal? What would be slowed down rather than rushed? 
These are observable institutional behaviors. They allow critique without demonization. 

Finally, the paper does not claim that profit is the only motive. It claims that profit often 
dominates outcomes, and that dominance is sufficient to explain many recurring patterns: 
demo theater, benchmark theater, secrecy, dependence creation, and safety theater. The reader 
should treat the profit-first hypothesis as a lens that generates predictions. If the predictions 
match reality, the lens is useful. If they do not, it should be revised or discarded. That is itself 
part of the paper’s ethic: mechanisms over accusations, fruit over declarations, and a discipline 
of disconfirmation rather than a hunger for villains. 

 

2. The Profit-First Objective Function 

If we treat profit maximization as the governing motive of modern AI development, we should 
describe the ecosystem in the same way we would describe any large-scale commercial 
optimization regime: as a system with an objective function, proxy metrics, constraints, and 
failure modes. The “profit-first objective function” is not a signed document. It is the emergent 
result of incentives distributed across investors, executives, product teams, marketing, 
competitive pressure, and labor markets. Within that regime, technical capability is necessary 
but not sufficient; it becomes one input among others into a larger optimization problem whose 
outputs are market position and durable rents. This section specifies what is being optimized, 
why persuasion is structurally favored over truth in short-cycle competitive environments, how 
time horizons distort risk perception, and why confidence tends to scale faster than reliability. 
The aim is to make the system legible: not to accuse individuals, but to show how predictable 
behaviors emerge when markets reward uptake more than accuracy. 

2.1 What gets optimized: adoption, lock-in, valuation, prestige 

In a profit-first regime, what matters most is not the model’s “true capability” in some 
philosophical sense, but whether the product becomes a default layer in the user’s life and the 
institution’s workflows. Several targets dominate. 
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First is adoption. Adoption converts technical achievement into revenue, and revenue into the 
capacity to outspend competitors. Adoption is driven by perceived usefulness, ease of use, and 
breadth of apparent applicability. A system that is correct 60% of the time but feels universally 
helpful may dominate a system that is correct 80% of the time but is narrower, slower, or less 
pleasant to use. Adoption also creates training data, developer ecosystems, and brand gravity: 
reinforcing loops that improve distribution regardless of underlying truthfulness. 

Second is lock-in. Lock-in is the transformation of adoption into dependence. It can appear as 
workflow entanglement (teams build processes around a tool), as content entanglement (your 
documents, chats, and artifacts live inside a proprietary system), as skill entanglement (you train 
workers on one interface), and as integration entanglement (APIs, plugins, and internal tooling 
that are expensive to replace). Lock-in reduces churn, enables price increases, and turns a 
product into infrastructure. In a lock-in race, interoperability and portability are often treated as 
threats, because they reduce switching costs. 

Third is valuation. Modern technology markets often reward growth narratives more than stable 
profitability, particularly during expansion phases. Valuation depends on perceived dominance, 
perceived trajectory, and perceived inevitability. This encourages organizations to speak in a 
register of destiny: “This is the future,” “This changes everything,” “We are building the 
platform.” Capability claims become financial instruments. They are used to raise capital, recruit 
talent, win procurement decisions, and deter competitors. 

Fourth is prestige. Prestige is not merely vanity; it is a resource that converts into hiring power, 
partnership leverage, and regulatory influence. Being seen as the most advanced, the most 
“frontier,” the most “visionary,” attracts talent and capital and can alter the behavior of 
governments. Prestige also stabilizes internal morale and reduces dissent: people are less likely 
to question a project that is framed as history’s next chapter. 

These targets—adoption, lock-in, valuation, prestige—form the practical objective function. 
Notice what is not primary: calibrated truth, transparent uncertainty, and conservative claims. 
Those may still be pursued, but they are pursued insofar as they serve the targets above or 
reduce risks that threaten them. 

2.2 Why persuasion beats truth in short-cycle markets 

Short-cycle markets reward what changes user behavior quickly. In such markets, persuasion 
systematically outcompetes truth for several reasons. 

Truth is expensive. It requires careful measurement, representative evaluation, and conservative 
interpretation. It requires admitting uncertainty and publishing failure modes. It requires slow 
iteration and sometimes public humility. These are not merely moral choices; they are 
operational costs. 
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Persuasion is cheaper. It can be achieved through fluent outputs, confident tone, visually 
pleasing demos, curated examples, and selective benchmark communication. Persuasion does 
not require lying; it requires emphasizing the best face of the product and avoiding the parts 
that confuse customers or investors. A system can be “persuasive” simply by being helpful often 
enough and sounding authoritative always. 

Persuasion is also more legible to non-experts. Most buyers cannot rigorously assess 
truthfulness across diverse domains. They can assess whether something feels useful, saves 
time, and generates plausible drafts. In environments where the buyer cannot easily verify 
correctness, fluency becomes a proxy for competence. That proxy is exploitable even without 
intent: a product team optimizing for user satisfaction will discover that confident, smooth 
outputs keep users engaged, while cautious, hedged outputs feel less helpful. This creates 
pressure to reduce friction, reduce caveats, and increase apparent decisiveness. 

Persuasion aligns with sales cycles. If you need to close deals, you need narratives: what this 
does, why it matters, why it will transform your organization. These narratives travel faster than 
careful epistemic caveats. The result is a structural asymmetry: truth is slow to demonstrate and 
slower to communicate, while persuasion is fast to demonstrate and fast to communicate. 

Finally, persuasion scales. Once the product narrative is built, it can be broadcast, repeated, 
repackaged, and reinforced by social proof. In fast-moving markets, early narrative advantage 
becomes distribution advantage, and distribution advantage becomes training advantage and 
capital advantage. That loop can dominate even when the underlying product remains 
imperfect. 

This is why profit-first ecosystems gravitate toward “confidence products”: systems that 
generate outputs users can act on quickly, with minimal friction. Truth becomes a downstream 
concern, patched by disclaimers, guardrails, and selective “high-stakes” restrictions, while the 
core experience remains optimized for velocity and plausibility. 

2.3 Time horizons: quarterly incentives versus long-horizon harms 

The most decisive distortion in profit-first AI is time. Quarterly incentives bias organizations 
toward actions whose benefits are immediate and whose costs are delayed. 

Short-term benefits include: shipping features, growing users, increasing engagement, closing 
enterprise contracts, hitting revenue targets, raising new funding rounds, and beating 
competitors to mindshare. These benefits are measurable now, celebrated now, and rewarded 
now. 

Long-horizon harms are different. They include: erosion of epistemic norms (people trusting 
fluency), diffusion of misinformation at scale, labor displacement without transition support, 
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security misuse, dependence creation, and subtle cultural shifts in what counts as knowledge. 
These harms accumulate slowly, are difficult to attribute, and often fall on third parties rather 
than the firm. Even when they are anticipated, they are discounted because markets and career 
ladders reward near-term wins. 

This time mismatch also affects safety. Safety work is often an investment in outcomes that do 
not appear as revenue. The best safety outcome is that a catastrophe does not occur—an 
absence that cannot be displayed. It is therefore vulnerable to being treated as overhead. When 
safety slows shipping, it competes directly with quarterly performance. When safety improves 
trust, the benefits may arrive too late to matter to an individual’s promotion cycle. 

Time horizon mismatch encourages a particular form of governance: performative compliance. 
It is cheaper to create the appearance of responsibility than to accept constraints that 
meaningfully reduce risk. Disclaimers, policies, and public commitments can be produced 
quickly. Deep evaluation, third-party auditing, and liability acceptance cannot. The temptation, 
therefore, is to optimize for the visible tokens of safety while postponing the costly substance. 

In a profit-first frame, the key question becomes: who carries the long-horizon harms? If harms 
are externalized to users, society, or future administrations, the firm’s internal optimization will 
not price them properly. That is what “externality” means here, and AI is unusually rich in 
externalities because its outputs touch cognition, institutions, and information environments. 

2.4 The “confidence scales faster than reliability” dynamic 

In this regime, a distinctive dynamic emerges: confidence grows faster than reliability. The 
model gets better, but the feeling of certainty around the model grows even faster, because 
confidence is easier to produce and easier to sell. 

Several mechanisms generate this. 

First, interface design favors decisiveness. Users want answers. Systems that hedge too much 
feel unhelpful. The pressure is toward outputs that read as complete, coherent, and actionable. 
Even without deliberate manipulation, product optimization converges on a tone that feels like 
authority. 

Second, selective exposure inflates perceived performance. Users remember the striking 
successes and forget the quiet failures. Marketing reinforces this by highlighting impressive 
cases. The distribution of examples shown to the public is not representative of the distribution 
of reality. Over time, the public’s mental model becomes built on best-case outputs. 

Third, verification costs are shifted to the user. If the tool saves you 30 minutes of drafting, you 
may tolerate 10 minutes of checking. But in practice, users often do not check, especially as 
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outputs become more plausible. As the perceived cost-benefit ratio improves, the checking 
discipline erodes. That erosion is not a moral failure; it is a predictable response to convenience. 

Fourth, complexity hides error. AI can be wrong in subtle ways: wrong citations, wrong causal 
claims, wrong inference steps, wrong numerical details, wrong attributions, wrong context. The 
more complex the domain, the harder it is to detect. As capability broadens, the error modes 
become less obvious, and confidence rises because nothing looks obviously broken. 

Fifth, social proof accelerates confidence. When colleagues adopt a tool, when institutions 
procure it, when governments discuss it as “strategic,” the mere fact of adoption becomes 
evidence of reliability. This creates a feedback loop where institutional endorsement substitutes 
for epistemic warrant. 

The result is an epistemic inversion: the system’s persuasive surface area grows faster than its 
truth guarantees. In a profit-first ecosystem, this inversion is not an accident; it is a predictable 
outcome of optimizing for adoption. Reliability improvements are hard, expensive, and slow. 
Confidence improvements are cheap, fast, and compounding. 

This is where the paper’s central thesis sharpens: the core hazard is not simply that models 
make errors. It is that the ecosystem is structured to encourage humans and institutions to treat 
plausible outputs as knowledge, because doing so accelerates growth. The corrective is 
therefore not merely better models. It is the cultivation of judgment and the creation of 
institutions that reward disconfirming tests, transparent uncertainty, and costly signals of truth 
preference. 

 

3. Predicted Behaviors in a Profit-First AI Ecosystem 

If profit-maximization is the dominant motive, then the most important question is not what AI 
“is,” but what a profit-optimized ecosystem will reliably do. This section treats the ecosystem as 
a system with predictable outputs. The claim is not that every actor intends deception, but that 
certain behaviors are selected for because they convert capability into adoption, adoption into 
dependence, and dependence into durable rents. In this regime, truth is valued instrumentally: 
to the degree that it supports growth or reduces liability. Where truth conflicts with growth, the 
system will tend to route around truth through selective presentation, constrained disclosure, 
and narratives that keep the confidence curve rising. The behaviors below are therefore best 
read as predictions: if the profit-first lens is correct, these patterns will appear repeatedly, even 
across different companies, because they are consequences of the same incentive geometry. 
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3.1 Demo theater: cherry-picked brilliance as capital formation 

Demo theater is the practice of showcasing best-case model behavior in ways that create belief, 
urgency, and inevitability. In a profit-first environment, demos are not merely technical 
illustrations. They are instruments of capital formation: they raise money, recruit talent, close 
enterprise contracts, and secure press narrative dominance. The typical demo therefore aims at 
persuasion rather than representativeness. 

Several features follow. Demos will be curated, with carefully chosen prompts, domains, and 
conversational framing that accentuate fluency and hide brittleness. Edge cases are excluded. 
The operator’s skill is rarely disclosed. The distribution of success is not shown; only the peak is 
shown. When the demo fails, the failure is attributed to “prompting,” “misuse,” or “early days,” 
rather than treated as a signal of underlying uncertainty that should temper claims. 

Demo theater also favors spectacle. The most compelling demonstrations are those that appear 
to cross a human boundary: creative writing that sounds soulful, reasoning chains that sound 
decisive, code that compiles on the first attempt, medical or legal explanations that sound like 
counsel. The point is not to prove a stable capability; it is to create an intuitive sense that “it can 
do anything.” In a growth race, that belief is valuable regardless of whether it is epistemically 
warranted. 

Finally, demo theater generates a psychological lock. Once an audience has seen brilliance, they 
build an internal narrative of inevitability. They become forgiving of failures because they have 
already accepted the premise that greatness is present and merely needs refinement. That 
social effect is itself an asset. In a profit-first ecosystem, the demo is therefore not an output of 
the model. It is an output of the business: a designed event whose purpose is to convert 
attention into adoption. 

3.2 Benchmark theater: metric gaming and selective task framing 

Benchmarks are supposed to be the scientific antidote to demos: standardized tests that allow 
comparison and measurement. In a profit-first ecosystem, benchmarks often become the 
opposite: instruments for selective framing and marketing. This does not require fraud. It 
requires choosing the tasks that flatter, tuning to those tasks, and presenting the resulting 
numbers as if they represent general truth about the system. 

Benchmark theater appears when the measurement culture is optimized for publicity rather 
than understanding. Organizations will highlight metrics that show dramatic improvement, 
while downplaying metrics where performance is flat, fragile, or regressing. New benchmark 
suites may be introduced that better match the system’s strengths. Comparisons will shift 
between “best-of” settings, human-assistance settings, or constrained evaluation conditions 
that are not representative of ordinary use. If the model’s performance depends heavily on 
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scaffolding, retrieval, or tool-calling, the benchmark narrative may blur those dependencies, 
leaving the impression that the core model itself has achieved the score. 

Selective task framing also hides the hardest problem: distribution shift. A benchmark is a 
frozen slice of reality. Real-world use is a moving distribution of tasks, contexts, and stakes. In a 
profit-first environment, the temptation is to treat benchmark success as a proxy for broad 
reliability, because it is legible and marketable. But the public impact of AI often occurs precisely 
in the regions benchmarks measure poorly: rare edge cases, adversarial contexts, subtle factual 
errors, false citations, and domain-specific misunderstandings. 

Benchmark theater thus functions as a kind of epistemic laundering: it turns a narrow 
performance signal into a broad competence narrative. It makes the product easy to sell and 
difficult to critique, because critique must now fight against numbers. The numbers are not 
meaningless; they are simply insufficient. In a truth-first system, benchmark results would be 
presented alongside error bars, failure modes, and the conditions under which performance 
collapses. In a profit-first system, those caveats are treated as friction. 

3.3 Secrecy by default: opacity as accountability insulation 

Secrecy is normal in competitive markets, but AI intensifies its epistemic consequences. In a 
profit-first ecosystem, opacity becomes not only IP protection, but also accountability 
insulation. If outsiders cannot see how the system is trained, what data it uses, what evaluations 
it fails, or what safeguards are absent, then the public cannot easily falsify the company 
narrative. 

Several predictable behaviors follow. Technical details are disclosed selectively: enough to signal 
sophistication, not enough to enable replication or robust critique. Training data sources are 
obscured, or described in vague aggregates, because disclosure invites both legal exposure and 
external auditing. Evaluation results are published where they flatter and withheld where they 
complicate. Internal safety findings are summarized with reassuring language rather than 
shared in a form that could be independently assessed. 

Opacity also protects against reputational shocks. When failures are ambiguous, the company 
can frame them as anomalies or misuse. If the system is a black box, accountability becomes 
diffuse. Regulators and journalists face an information asymmetry that is hard to overcome. 
Users experience the product as magic, and magic resists critique. In a growth race, “magic” is a 
feature: it converts curiosity into loyalty. 

None of this implies that transparency is costless. There are real risks: competitive advantage, 
security, and privacy. But the profit-first prediction is that secrecy will be used far beyond those 
necessities. The boundary between “we must protect users and IP” and “we must avoid 
accountability” will blur, because both are served by withholding. 
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3.4 Externalizing costs: harm shifted off the balance sheet 

Externalities are the hidden engine of profit-first systems. When the costs of harm are not paid 
by the firm, the firm’s optimization will not prevent them. AI creates a wide band of 
externalities, because it mediates cognition, reputation, and institutional decisions. Many harms 
are diffuse, delayed, and hard to attribute, which makes them easy to discount. 

In practice, externalizing costs means that error checking is pushed onto users, reputational 
damage is borne by targets of misinformation, and downstream misuse is framed as “bad 
actors” rather than a design problem. Labor displacement is treated as “efficiency,” while 
transition costs are carried by workers and communities. Educational degradation from 
dependency is framed as “personal choice.” Environmental costs of compute are framed as “the 
price of progress.” Security costs from model misuse are framed as “inevitable,” unless they 
create immediate liability. 

A profit-first ecosystem also tends to build legal and contractual shields: disclaimers, terms of 
service, limitation-of-liability clauses, and “no reliance” language that explicitly tells users not to 
treat outputs as authoritative. This creates a paradox: the product experience is designed to feel 
authoritative, while the legal architecture denies responsibility for authority. The system sells 
confidence and outsources consequences. 

The prediction here is sharp: if harms are not priced, they will not be optimized away. They will 
be managed reputationally rather than reduced substantively. The firm will invest heavily in the 
appearance of responsibility, because reputational risk threatens profit, while diffuse harm does 
not. 

3.5 Dependence creation: designing for high switching costs 

In a profit-first regime, the long-term goal is not just usage. It is dependency. Dependency is 
what makes revenue stable and creates leverage over pricing, policy, and ecosystems. AI 
products, because they sit inside writing, coding, planning, searching, and decision workflows, 
are unusually suited to become dependencies. 

Dependence creation occurs through several pathways. One is workflow entanglement: the tool 
becomes embedded in daily habits and team processes. Another is data entanglement: your 
prompts, documents, and organizational knowledge accumulate inside proprietary systems. A 
third is integration entanglement: APIs, plugins, and custom assistants become part of the 
infrastructure, so replacement becomes costly. A fourth is skill entanglement: employees 
become trained in one system’s interface and capabilities, creating organizational inertia. 

Design choices that increase dependence often look like convenience features. A tool that 
remembers your preferences, stores your drafts, integrates across your apps, and offers 
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seamless subscription tiers reduces friction. But it also increases switching costs. In a profit-first 
ecosystem, portability and interoperability will be limited to the point that they do not threaten 
lock-in. “Export” features may exist, but they will be incomplete. Competitor integration will be 
discouraged. Standards will be slow-walked unless forced. 

Dependence creation also has an epistemic dimension: if a tool becomes the default mediator 
of information, it shapes what users consider to be knowledge. Over time, users may lose skills 
of verification, slow reading, and independent synthesis. That loss increases dependence 
further, because the tool becomes not only a convenience but an epistemic crutch. A profit-first 
ecosystem is structurally tempted to permit this drift, because it stabilizes demand. 

3.6 Moral outsourcing: safety as communications, not constraint 

Moral outsourcing is the pattern by which the appearance of ethical responsibility is maintained 
while the core incentives remain unchanged. In a profit-first AI ecosystem, “safety” is at risk of 
becoming a communications layer rather than a binding constraint. The goal shifts from 
reducing harm to reducing reputational and regulatory exposure. 

This produces predictable artifacts: safety principles, red-team announcements, transparency 
reports, responsible AI committees, and policy documents that are real in form but weak in 
operational teeth. The question becomes: do safety teams have the authority to slow releases, 
block features, require audits, and force disclosure of failure modes? If not, safety becomes 
advisory. Advisory safety is compatible with growth-first incentives; binding safety is not. 

Moral outsourcing also pushes responsibility onto users. The product is framed as neutral, and 
misuse is framed as the user’s fault. Warnings and disclaimers shift liability while leaving the 
persuasive experience intact. “Do not rely on this for medical advice” sits beneath outputs that 
read like medical advice. “This may be inaccurate” sits beneath confident prose. The system is 
allowed to feel authoritative because the legal layer has denied authority. 

Finally, moral outsourcing can appear as selective restriction. High-stakes domains are restricted 
to reduce liability, while the general system remains broadly deployed because broad 
deployment drives adoption. Safety is then framed as a boundary around a few categories 
rather than a deep investment in truthfulness and auditability. This keeps shipping fast while 
enabling public reassurance. 

In a truth-first regime, safety would be engineered into the system in ways that users can verify: 
measurable reductions in failure, transparent uncertainty signaling, independent auditing, and 
acceptance of liability where the tool’s influence is high. In a profit-first regime, safety becomes 
a story told around a product whose fundamental optimization remains persuasion and growth. 
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Taken together, these behaviors describe the predicted phenotype of a profit-first AI ecosystem. 
They are not scandals. They are stable outputs of incentives. If the reader recognizes these 
patterns, the next question is not merely “How do we build better models?” but “How do we 
redesign institutions so that truth becomes a first-class objective, with costs and rewards that 
cannot be evaded by theater?” 

 

4. Epistemic Capture: How Truth Gets Subordinated 

Epistemic capture is the moment when a system’s ability to produce plausible statements 
begins to govern what people treat as knowledge. It is not merely that falsehoods exist. 
Falsehoods have always existed. The capture occurs when the social and institutional processes 
that normally separate truth from persuasion are weakened, and the remaining filters are 
optimized for speed, convenience, and narrative alignment. In a profit-first AI ecosystem, 
epistemic capture is not an accident; it is a predictable byproduct of scaling a persuasive 
generator into the middle of everyday cognition. The model’s outputs become a new kind of 
epistemic object: not raw evidence, not peer-reviewed claim, but something like “authoritative-
sounding draft.” When that object is repeatedly consumed without disciplined verification, the 
ecosystem drifts toward a regime in which what feels coherent becomes what is believed. This 
section names the mechanisms by which truth becomes subordinated: fluency masquerading as 
evidence, narratives that lock institutions into self-protective blindness, suppression of 
uncertainty as a product optimization, and the replacement of falsification culture by vibes and 
virality. 

4.1 Fluency as counterfeit evidence 

Fluency is not truth. Yet in everyday life, fluency is routinely used as a proxy for truth. Humans 
are built to treat coherent speech as a sign of competence, and competence as a sign of 
credibility. In ordinary interpersonal settings, that shortcut is often adaptive. In an AI-mediated 
information environment, that shortcut becomes exploitable, because fluency can be mass-
produced at negligible cost. 

The key mechanism is cognitive substitution: when direct verification is hard, the mind 
substitutes an easier question. Instead of “Is this claim correct?” the mind asks “Does this sound 
right?” and answers the second question with the feeling of coherence. AI systems are 
optimized for coherence because coherence is correlated with user satisfaction. As a result, the 
output arrives already packaged as something that feels like knowledge, even when it is only a 
well-formed guess. 

This becomes counterfeit evidence in several ways. First, the output uses the rhetorical 
structure of explanation—definitions, distinctions, caveats, examples—so it reads like an 
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authored argument. Second, it often includes plausible specifics: names, dates, terms, citations-
like formatting. Third, it adopts an authoritative tone by default, because authoritative tone 
reduces user friction. The result is an epistemic surface that looks like scholarship, sounds like 
expertise, and therefore functions psychologically as a substitute for evidence. 

Counterfeit evidence is especially dangerous in complex domains where errors are subtle. The 
model can be wrong in ways that are not easily detectable without deep expertise: wrong 
causal claims, wrong attributions, wrong “standard” terminology, wrong statistical inferences, 
wrong numerical details. The more complex the domain, the more fluency dominates truth, 
because the cost of verification rises and the user’s confidence in their own checking declines. 
This produces a systematic inversion: the least verifiable outputs are often the most persuasive, 
because they are delivered with complete rhetorical confidence. 

The profit-first environment accelerates this inversion. Outputs that hedge too much are 
perceived as less helpful; outputs that are decisive are perceived as more useful. Thus, even 
without intentional manipulation, product optimization selects for fluent confidence. The 
epistemic harm is not that the system lies. The harm is that the system outputs drafts that are 
consumed as facts. 

4.2 Narrative lock-in and institutional self-blinding 

Narrative lock-in is what happens when an organization’s story about itself becomes more 
important than the evidence it would need to revise that story. In a profit-first AI ecosystem, 
narrative is not cosmetic; it is a strategic asset. It attracts capital, talent, customers, and 
regulatory deference. Once a narrative becomes a capital asset, it becomes costly to question it 
internally. That cost produces institutional self-blinding: the organization unconsciously selects 
information that supports the narrative and deprioritizes information that threatens it. 

The lock-in begins with framing. “We are building the future.” “This is a general intelligence.” 
“This will transform everything.” These frames may be partially true in broad strokes, but they 
function operationally as commitments. Once publicly committed, leadership is pressured to 
interpret new evidence in a way that preserves the arc. Failures are reframed as anomalies. 
Limits are reframed as temporary. Critiques are reframed as ignorance, fear, or hostility. Even 
sincere people begin to see through the frame. 

Institutional self-blinding then propagates through incentives. Engineers are rewarded for 
shipping, not for disconfirming. Product teams are rewarded for engagement, not for truth 
calibration. Executives are rewarded for growth, not for epistemic humility. Safety teams may be 
structurally disempowered: invited to advise, not to veto. Over time, the organization loses the 
ability to hear its own doubts, because doubts threaten the narrative asset that is paying 
everyone. 
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This is not merely a moral issue; it is an epistemic mechanism. The organization’s information 
intake becomes biased. Internal evaluation becomes shaped by what is safe to report. External 
critique is treated as PR risk, not as signal. The firm’s public communications become a kind of 
epistemic perimeter: language designed to maintain plausibility while minimizing accountability. 

Narrative lock-in also affects the broader ecosystem. Media outlets, investors, and governments 
may benefit from the same narrative: it promises growth, advantage, strategic leadership. Social 
proof accumulates. Once multiple institutions have bought the story, the story becomes self-
reinforcing. Disconfirmation then requires not only evidence, but courage: it threatens not just 
one company’s brand, but a shared expectation that “this is inevitable.” In that climate, truth 
becomes socially expensive. 

4.3 Uncertainty suppression: confidence as a product feature 

Science advances by representing uncertainty. Markets often advance by suppressing it. This is 
not because markets are evil, but because uncertainty reduces conversion. A user confronted 
with careful caveats may hesitate; a buyer confronted with error distributions may delay 
procurement; an investor confronted with epistemic humility may discount valuation. In a 
profit-first AI ecosystem, uncertainty becomes a friction cost. 

Uncertainty suppression can be explicit or implicit. Explicit suppression occurs when firms avoid 
publishing detailed failure modes, or speak only in vague reassurances. Implicit suppression 
occurs through interface and tone: outputs are delivered as complete answers rather than as 
probabilistic suggestions. The user experience is designed to feel smooth. Smoothness requires 
decisiveness. 

Even the language of safety can become a vehicle for suppression. When companies say “We 
take safety seriously,” the phrase can function as a substitute for showing the uncertainty that 
would justify caution. “We have guardrails” can substitute for revealing the model’s error 
characteristics. “We are improving rapidly” can substitute for acknowledging what is unknown. 
The risk is that safety language becomes a confidence amplifier rather than a truth amplifier. 

Uncertainty suppression also occurs through personalization and pleasantness. If the system 
responds empathetically, users may infer trustworthiness. If the system admits small mistakes, 
users may infer deep honesty. If the system provides disclaimers, users may infer that the 
important errors are already covered. These are psychological effects, not logical deductions, 
but they matter in mass adoption. 

Once confidence is treated as a feature, a new distortion appears: the incentives around 
uncertainty are reversed. In a truth-centered regime, it is admirable to say “I don’t know.” In a 
growth-centered regime, “I don’t know” is a product defect. The system is therefore pressured 
to always say something, always provide an answer, always appear helpful. When forced to 
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answer, the system will generate plausible completion. Plausible completion is not knowledge, 
but it is consumable. This is how epistemic capture becomes normal. 

4.4 The displacement of falsification by vibes and virality 

Falsification is a discipline: a set of practices designed to make beliefs vulnerable to disproof. It 
requires clear claims, clear predictions, and clear tests. It requires a culture that rewards the 
discovery of error. In an AI-mediated environment, falsification competes with two more 
powerful forces: vibes and virality. 

Vibes are the felt sense that something is right, aligned, or meaningful. They are not inherently 
bad; they often guide human judgment. But vibes become dangerous when they replace explicit 
tests. A fluent explanation can feel right even when it is wrong. A confident narrative can feel 
coherent even when it is unfounded. An AI-generated paragraph can sound like a scholar even 
when it has no anchor in evidence. When many people share the vibe, it becomes social proof, 
and social proof becomes a substitute for verification. 

Virality is the scaling mechanism for vibes. Short, compelling outputs travel faster than careful 
caveats. A dramatic claim spreads; a measured correction lags. The attention economy selects 
for what is emotionally salient, morally charged, or surprising. AI accelerates this by producing 
endless salience on demand. In a profit-first environment, virality is not merely a risk; it is also a 
growth channel. The ecosystem therefore becomes ambivalent: it condemns misinformation 
while benefiting from engagement dynamics that reward it. 

The result is the displacement of falsification. Instead of asking “What evidence would refute 
this?” people ask “Does this fit what I already suspect?” Instead of demanding primary sources, 
people demand shareable summaries. Instead of tolerating uncertainty, people prefer confident 
claims. Instead of slow reading, people prefer fast consumption. This is not a flaw in “the 
public.” It is a predictable outcome of tools that reduce the cost of producing persuasive text 
and increase the reward for circulating it. 

In this regime, the epistemic center of gravity moves. Knowledge is no longer anchored 
primarily in institutions that privilege falsification (peer review, replication, adversarial critique). 
It becomes anchored in channels that privilege speed and resonance. That shift is what 
epistemic capture means at scale. 

The corrective is not nostalgia for a perfect past. It is the deliberate reintroduction of 
falsification practices into the new environment: explicit uncertainty signaling, provenance 
discipline, institutional incentives that reward disconfirming tests, and cultural norms that treat 
“I don’t know” as competence rather than weakness. Without those counterweights, a profit-
first AI ecosystem will continue to subordinate truth to persuasion—not because truth is 
irrelevant, but because persuasion is what scales. 
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5. The Human Bottleneck: Judgment as the Missing Layer 

A profit-first AI ecosystem expands the space of possible outputs faster than any human can 
responsibly evaluate them. This is the key structural fact behind both the usefulness and the 
danger of modern systems: they are possibility engines. They can draft, propose, summarize, 
argue, and persuade in nearly any direction on demand. In such an environment, the limiting 
factor is no longer generation. It is selection. The missing layer is judgment: the disciplined 
capacity to decide what to trust, what to publish, what to act upon, and what to reject—even 
when the rejected thing is eloquent, emotionally satisfying, or socially popular. This section 
argues that the true bottleneck of the AI era is human and institutional judgment, and it 
specifies what cultivating judgment looks like in practice. The aim is not to moralize. It is to 
identify the minimal disciplines required for truth to survive inside a world where plausible text 
is abundant. 

5.1 Capability generates options; judgment selects meaning 

Capability is the ability to produce. Judgment is the ability to choose. AI increases capability 
dramatically, but it does not automatically increase judgment. In fact, it can erode judgment by 
making the costs of production so low that selection becomes an afterthought. When 
everything can be generated, humans are tempted to treat outputs as answers rather than as 
proposals. 

This temptation has a specific structure. Meaning is not the same thing as text. Meaning is the 
relationship between a claim and reality: whether it corresponds, whether it explains, whether 
it predicts, whether it holds under critique. AI can produce text that mimics the shape of 
meaning—definitions, distinctions, examples, argument structure—without having the 
underlying contact with reality that justifies those forms. Therefore, AI outputs must be treated 
as candidates for meaning, not as meaning itself. 

Judgment is the layer that enforces this distinction. It asks: Is this accurate? Is it warranted? Is it 
proportionate? Is it useful in a way that does not create hidden harms? Judgment also decides 
what “counts” as a good outcome. In a profit-first regime, the default “good” is adoption and 
engagement. Judgment reasserts a different good: truth, clarity, repair, and long-horizon fruit. 

Seen this way, the human role in the AI loop is not primarily authorship. It is governance. 
Humans must function as editors, auditors, and stewards of claims. If they do not, then the 
dominant force shaping beliefs will be the model’s fluency and the market’s incentives. The 
paper’s wider argument depends on this: the primary defense against epistemic capture is not 
better prose generation; it is better selection under constraint. 
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5.2 Calibration: labeling guesses, confidence, and error rates 

Calibration is the discipline of matching confidence to reality. A calibrated system says “I’m sure” 
rarely, “I think” often, and “I don’t know” without shame. Calibration is not pessimism. It is 
epistemic hygiene: representing uncertainty honestly so that decisions can be made 
proportionately. 

In AI-assisted work, calibration has two layers: the model’s calibration and the user’s calibration 
about the model. Even if a model could perfectly label its own uncertainty, a user can still 
misread it, and most models do not perfectly label it. Therefore, the human bottleneck is 
learning to label outputs appropriately: draft, hypothesis, speculation, citation-needed claim, 
plausible but unverified, likely correct, verified. These labels sound mundane, but they matter 
because they control what happens next: whether something is published, relied upon, or 
escalated. 

Calibration also requires error awareness. Users must internalize a simple reality: a model can 
be correct most of the time and still be catastrophically wrong when it matters. Conversely, a 
model can be incorrect in subtle ways that slip past casual checking. Therefore, calibration 
should be treated less as a feeling and more as a practice: identify the high-stakes parts of an 
output and verify those parts first. If an argument hinges on a number, check the number. If it 
hinges on a quote, verify the quote. If it hinges on an attribution, verify the attribution. The 
point is not to verify everything; it is to verify the load-bearing claims. 

A mature calibration discipline also includes personal error tracking. Humans tend to forget 
their own mistakes and remember their successes. A simple “error log” counteracts this: what 
did I trust that turned out wrong? What patterns of mistakes does this model make in my 
domain? What patterns of mistakes do I make when I use it? Calibration becomes real when it is 
grounded in observed error rates, not in impressions. 

5.3 Provenance discipline: what came from where, and with what warrant 

Provenance discipline is the practice of tracking origin and warrant. In an AI-mediated world, “I 
read it somewhere” becomes “the model said it,” and “the model said it” begins to feel like “it’s 
known.” Provenance discipline resists that slide. 

At minimum, provenance asks two questions. First: where did this claim come from? Second: 
what is the warrant for believing it? A claim might come from a primary source, a secondary 
source, a memory, an inference, or the model’s generative completion. These are not 
equivalent. The act of labeling them restores epistemic structure. 

Provenance discipline also clarifies the difference between three categories of output. Category 
one: synthesis grounded in sources you have verified. Category two: synthesis grounded in 
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sources you have not yet verified. Category three: free generation not grounded in any source at 
all. AI can produce all three in the same paragraph, blending them seamlessly. The blend is 
dangerous because it can smuggle unsupported claims inside supported structure. Provenance 
discipline forces separation. 

Practically, this means: keep a habit of demanding sources for nontrivial factual claims, but also 
knowing when sources are insufficient. Some claims are interpretive or conceptual; they require 
argument, not citation. Provenance discipline does not turn into citation fetish. It is the 
insistence that factual claims and quoted assertions carry their origin, and that the line between 
evidence and rhetoric is visible. In writing, this discipline protects the paper from the very thing 
profit-first ecosystems encourage: persuasive text that laundered itself into “knowledge” 
without warrant. 

5.4 Scope control: small claims that survive contact with reality 

Scope control is the refusal to let a system’s ability to generate grand narratives tempt you into 
making grand claims. AI is excellent at producing sweeping explanations: universal histories, 
total theories, definitive diagnoses, confident geopolitical summaries. The ease with which such 
narratives can be produced is precisely why they are dangerous. When production is cheap, 
overreach becomes natural. 

Judgment expresses itself as scope control: making claims that are proportionate to evidence 
and to the writer’s actual intent. This involves choosing a narrow thesis that can be defended, 
specifying boundaries explicitly, and resisting the seduction of totalizing language. It also 
involves distinguishing between what is being argued and what is being suggested as a 
possibility. A paper can contain speculation, but speculation must be labeled, fenced, and 
subordinated to what is actually known. 

In a profit-first environment, overreach is rewarded because it sells. “This changes everything” 
is a growth slogan. Scope control is the anti-slogan. It is slow, unglamorous, and epistemically 
virtuous. It also produces better work. Papers that survive contact with reality tend to be those 
that do not pretend to solve everything at once. They focus on one mechanism, one lens, one 
disciplined claim, and they test that claim against plausible objections. 

Scope control also creates an ethical boundary. Grand claims often lead to grand consequences: 
panic, scapegoating, misplaced policy, or spiritual distortion. Making small claims that can be 
verified reduces the risk of exporting error at scale. In this sense, scope control is not only 
epistemic. It is moral. 
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5.5 Fruit tests: outcomes over declarations 

Fruit tests are the “insanely sane” alternative to self-certifying claims. In environments 
saturated with persuasive speech, declarations are cheap. Anyone can say “this is safe,” “this is 
aligned,” “this is true,” “this is for the good.” Fruit tests ask instead: what does it produce over 
time? 

A fruit test is not merely pragmatic success. It is a pattern of outcomes that indicate whether a 
method is truth-preserving or truth-corroding. In the context of AI and judgment, fruit tests can 
include: does the tool increase a person’s humility and verification habits, or does it replace 
them? Does it make institutions more transparent, or more opaque? Does it produce repair and 
clarity, or blame and theater? Does it strengthen the discipline of falsification, or does it 
accelerate vibes and virality? 

Fruit tests are also personal. You described a writing cycle: suffering, then insight, then joy. Fruit 
tests help distinguish between productive struggle and destructive drift. Productive struggle 
tends to yield clearer theses, tighter claims, fewer rhetorical indulgences, and greater honesty 
about uncertainty. Destructive drift tends to yield louder certainty, broader accusations, weaker 
sourcing, and greater dependence on the generator’s authority. 

The reason fruit tests matter is that they return the argument to observables without reducing 
the sacred or the complex to mere metrics. They are compatible with humility. They also scale 
socially: communities can ask, “What does this produce?” rather than “Who said it?” This is a 
powerful countermeasure to epistemic capture, because it re-centers evaluation on outcomes 
rather than on charisma—whether human charisma or machine fluency. 

Taken together, these five disciplines—selection over generation, calibration, provenance, scope 
control, and fruit tests—describe the human bottleneck as a practice. They are not optional 
virtues for the wise; they are survival skills for a world in which persuasive text is abundant and 
incentives often reward persuasion over truth. If the profit-first hypothesis is correct, then 
cultivating judgment is not merely a personal ethic. It is the missing layer that determines 
whether AI becomes an amplifier of truth or an industrial-scale manufacturer of plausible error. 

Expand: 6. Safety Theater Versus Safety Engineering 6.1 The anatomy of theater: disclaimers, 
guardrails, PR rituals 6.2 The anatomy of engineering: audits, constraints, and measurable 
reductions 6.3 When “user responsibility” becomes institutional abdication 6.4 What theater 
cannot do: prevent systemic misuse at scale 
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6. Safety Theater Versus Safety Engineering 

In a profit-first AI ecosystem, “safety” becomes a contested word. Everyone wants to claim it, 
because safety confers legitimacy, reduces regulatory pressure, and preserves adoption. But 
there are two very different realities that can hide behind the same label. Safety theater is the 
performance of responsibility without binding constraint. Safety engineering is the costly 
discipline of reducing harm in ways that can be measured, audited, and verified. The difference 
is not moral tone; it is operational substance. Safety theater is compatible with fast shipping and 
growth narratives because it primarily manages perception. Safety engineering competes with 
growth because it imposes friction: it slows releases, exposes limits, and sometimes reduces 
revenue opportunities. This section distinguishes the two by anatomy: what each looks like, 
how each functions, when “user responsibility” becomes a convenient abdication, and why 
theater cannot prevent systemic misuse at scale. 

6.1 The anatomy of theater: disclaimers, guardrails, PR rituals 

Safety theater has a recognizable structure. It produces artifacts that are legible to the public 
and to regulators, but whose effect on real-world harm is hard to verify. 

The first artifact is disclaimers. Disclaimers appear as warnings (“may be inaccurate”), 
prohibitions (“not for medical advice”), and terms-of-service language that denies reliance. 
Disclaimers serve two functions: they reduce legal exposure and they create the impression that 
the system has been ethically framed. But disclaimers do not reduce the rate at which wrong 
outputs are produced, nor do they reliably prevent users from trusting those outputs. The 
experience can remain authoritative while the legal layer denies authority. This is safety as 
liability choreography. 

The second artifact is surface guardrails. These include content filters, refusal behaviors, and 
policy-enforced boundaries. Some guardrails are necessary. But in theater mode, guardrails are 
optimized for optics: they focus on categories that are easily scandalized (obvious hate, obvious 
violence, obvious self-harm content) while leaving more subtle harms largely untouched 
(confident misinformation, plausible defamation, quiet bias in advice, procedural enabling that 
skirts explicit rules). Guardrails can also be presented as comprehensive, when they are in fact 
porous and inconsistent. 

The third artifact is PR ritual. This includes safety principles, pledges, glossy “responsible AI” 
pages, carefully framed blog posts, staged red-team stories, and selective transparency reports. 
These rituals can contain real work, but theater is marked by asymmetry: the rituals are 
detailed, the measurable outcomes are vague. The organization describes intent and effort, but 
not quantified harm reduction, not independent replication, not uncomfortable failure 
distributions. 
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A key sign of theater is that the safety story is written to persuade non-experts. It emphasizes 
reassurance. It avoids operational details that would allow the public to test whether safety 
claims are true. It prefers moral language (“we care deeply”) over engineering language (“error 
rates in X domain decreased from A to B under Y conditions, measured by Z, audited by Q”). 
Theater is not necessarily lying; it is selective disclosure optimized for trust rather than for truth. 

6.2 The anatomy of engineering: audits, constraints, and measurable reductions 

Safety engineering looks different because it treats harm as something that can be 
characterized, measured, reduced, and re-measured. It is not primarily about intentions. It is 
about outcomes under adversarial and realistic conditions. 

The first element is audits. Audits mean systematic evaluation of failure modes using 
representative data, adversarial testing, and clear reporting. They require measurement that is 
repeatable. They also require independence, because self-audits are vulnerable to optimism 
and incentive pressure. A mature safety engineering program welcomes third-party scrutiny not 
as a PR risk, but as a source of epistemic correction. 

The second element is constraints. Constraints are design choices that limit what the system can 
do, not just what it is allowed to say. They include throttling certain high-risk tool actions, 
limiting autonomous behaviors, requiring confirmation steps for risky outputs, restricting 
deployment contexts, and designing interfaces that actively support verification rather than 
discourage it. Constraints are costly because they reduce convenience and sometimes reduce 
adoption. But constraints are the only way to prevent the system from becoming a frictionless 
persuasion engine in high-stakes contexts. 

The third element is measurable reduction. Engineering produces numbers tied to real 
behaviors: reduced rates of specific failure classes, improved calibration, improved uncertainty 
signaling, reduced susceptibility to specific prompt attacks, reduced false citation rates, reduced 
harmful instruction leakage, reduced defamation risk under certain conditions. The key is not 
that everything can be perfectly measured. The key is that the organization demonstrates a 
discipline of measurement and is willing to publish results that are not flattering. Safety 
engineering is recognizable by its willingness to describe what still fails and under what 
conditions it fails. 

Safety engineering also includes incident response. When things go wrong, engineering treats 
incidents as feedback to redesign the system, not as events to be managed by messaging. It 
creates postmortems that identify root causes, not just user blame. It modifies tooling, UI, and 
deployment policy in ways that reduce recurrence. The organization becomes measurably 
different after learning, not merely rhetorically more careful. 
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6.3 When “user responsibility” becomes institutional abdication 

User responsibility is real. No tool can fully replace prudence. But in a profit-first ecosystem, 
“user responsibility” can become a convenient escape hatch: a way to keep selling 
authoritative-feeling outputs while disclaiming accountability for how those outputs are used. 

The boundary between legitimate user responsibility and institutional abdication is crossed 
when the system is designed to invite reliance while the organization refuses to own 
foreseeable consequences of reliance. If the product’s tone, interface, and marketing imply that 
it is competent and trustworthy, then the organization cannot ethically treat user trust as a 
user’s mistake. Trust is a predictable outcome of design. Therefore, it is the designer’s 
responsibility to shape trust appropriately: to make uncertainty legible, to discourage unsafe 
reliance, and to create friction where reliance would be hazardous. 

Abdication often appears in a familiar pattern: the company sells productivity and insight, then 
frames harm as misuse. But misuse is not always exotic. In mass products, “misuse” often 
means normal use by normal people under time pressure. If normal use produces systematic 
harm, the problem is not the user. It is the design and the deployment context. 

“User responsibility” becomes abdication when it is used to avoid costly changes. For example: 
refusing to provide stronger verification tools because they reduce engagement; refusing to 
publish failure modes because they reduce adoption; refusing to accept liability because it 
would force more conservative deployment. In these cases, user responsibility becomes a 
rhetorical substitute for institutional responsibility. The effect is predictable: harm is 
externalized while growth continues. 

The deepest form of abdication is epistemic. The organization implicitly encourages users to 
treat fluent outputs as knowledge while never providing the infrastructure necessary for 
disciplined verification at scale. If you sell a system that speaks like an expert but refuse to build 
the scaffolding that prevents it from being mistaken for an expert, you have built a trust trap. 
That is not a user failure. It is an institutional design choice. 

6.4 What theater cannot do: prevent systemic misuse at scale 

Safety theater cannot prevent systemic misuse because systemic misuse is not a single bad 
actor. It is the emergent behavior of millions of ordinary interactions amplified by distribution. 

Theater fails for several reasons. First, disclaimers do not change the underlying generative 
process. They do not stop outputs from being produced. They do not reliably stop users from 
trusting those outputs. They are downstream words pasted onto upstream behavior. 

Second, surface guardrails are porous. They can block explicit content while allowing equivalent 
content through paraphrase, indirection, or tool use. They often focus on the most visible harms 
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and miss the most common harms: plausible misinformation, subtle defamation, low-grade 
manipulation, and overconfident advice. They also degrade over time as adversaries learn 
workarounds. In a system deployed at scale, adversarial adaptation is not an edge case; it is a 
certainty. 

Third, PR rituals cannot substitute for structural constraint. Systemic misuse grows in the seams: 
in integrations, in agentic workflows, in enterprise contexts, in automated pipelines, in the gap 
between “allowed” and “advisable.” Theater does not redesign those seams. It reassures the 
public about them. 

Fourth, theater cannot change incentives. As long as growth rewards persuasive outputs and 
penalizes friction, theater will be selected over engineering. The organization can talk safety 
while optimizing for adoption, and the adoption dynamics will dominate real-world effects. 
Systemic misuse is not prevented by statements; it is prevented by constraints, audits, and 
liability alignment that make misuse expensive and inconvenience desirable. 

Finally, theater cannot address the deepest systemic risk: epistemic capture itself. A world in 
which confident-sounding text is cheap will produce cascades of belief, misinformation, and 
overreach unless verification disciplines are built into institutions. Safety theater does not 
rebuild institutions. It decorates products. Systemic misuse will therefore outscale it. 

The conclusion is not cynicism. It is clarity. If a society wants AI that is safe in more than a 
marketing sense, it must demand the outputs of engineering: measurable reductions, 
independent audits, binding constraints, and credible acceptance of responsibility. Otherwise, 
“safety” will remain a performance that cannot compete with the incentives that drive the 
performance. 

 

7. Costly Signals: How to Tell If Truth Is Valued 

In a profit-first ecosystem, nearly every actor has an incentive to claim they value truth, safety, 
and responsibility. Words are cheap; commitments are not. The only reliable way to distinguish 
genuine truth-prioritization from narrative management is to look for costly signals: actions that 
predictably reduce short-term growth, increase short-term risk, or impose internal friction, 
taken anyway because they preserve long-horizon integrity. A costly signal is not a slogan. It is a 
sacrifice that would be irrational under a purely growth-maximizing objective function. This 
section offers a practical diagnostic: five costly signals that indicate an organization is willing to 
pay real costs to keep truth central. Each signal can be observed in behavior and policy, not 
merely in rhetoric. The goal is to give readers a method for discernment that does not require 
mind-reading, only pattern recognition and attention to what is expensive. 
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7.1 Slowing releases when evaluation is weak 

The first costly signal is speed restraint. In competitive technology markets, shipping fast is 
rewarded. Therefore, choosing to slow down is expensive. It costs momentum, market share, 
press narrative, and sometimes valuation. If an organization repeatedly slows releases when 
evaluation is weak, it is sending a strong signal that it treats epistemic uncertainty as a real 
constraint rather than as a PR inconvenience. 

Speed restraint shows up in several concrete ways. A company delays or narrows a release 
because internal testing reveals failure modes that have not been mitigated. It refuses to “ship 
now and patch later” when stakes are high. It resists the temptation to let enthusiastic demos 
substitute for broad evaluation. It sets release criteria that include not only performance peaks 
but failure distributions and worst-case behaviors. It does not hide behind “beta” labels 
indefinitely while marketing the product as mature; instead, it uses the beta stage to collect 
structured evidence and publishes what it learned. 

The key is consistency. One delay can be a tactical choice. A pattern of delays under uncertainty 
indicates institutional discipline. Under a profit-first objective function, such discipline is costly 
because it hands time and attention to competitors. Therefore, repeated willingness to accept 
delay is one of the clearest signals that truth has veto power. 

7.2 Publishing failure modes prominently and repeatedly 

The second costly signal is uncomfortable transparency: publishing failure modes in a way that 
is prominent, specific, and repeated over time. Most organizations can acknowledge 
“limitations” in vague language. That is cheap. The costly signal is to describe limitations 
precisely, with examples, conditions, and plain statements of what can go wrong. 

Publishing failure modes is costly because it can reduce adoption, create legal exposure, and 
provide adversaries with information. It also makes marketing harder: the public story becomes 
less mythic and more complicated. Yet failure-mode transparency is essential for truth-
preserving use, because it teaches users what to distrust and where verification is mandatory. 

Prominent disclosure is different from burying limitations in fine print. Prominent means the 
warnings and failure patterns are placed where users will actually see them, and written in 
language users can understand. It means disclosures are maintained as living documents, 
updated as new vulnerabilities are discovered. It means the organization keeps repeating the 
uncomfortable truths rather than letting them fade behind new launches. 

The deeper value of this signal is cultural. An organization that publishes failure modes publicly 
is training itself to tolerate disconfirmation. It is making internal truth-telling normal, because 
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the public record forces honesty. In a profit-first environment, this is costly precisely because it 
limits the organization’s ability to curate perception. 

7.3 Enabling third-party auditing and adversarial testing 

The third costly signal is independent scrutiny. Self-evaluation is better than nothing, but it is 
structurally biased by incentives. Third-party auditing—especially adversarial testing—is costly 
because it reduces control over narrative. It invites critique that cannot be pre-framed. It risks 
negative findings that become public. It forces organizations to confront behaviors they would 
rather treat as edge cases. 

Enabling independent auditing can include: allowing qualified external researchers to test 
systems under agreed protocols; publishing enough technical detail for meaningful replication; 
providing access to evaluation interfaces; supporting red-team programs that are not cosmetic; 
and responding to findings with changes, not denials. The strongest signal is not that outsiders 
are allowed to test, but that the organization incorporates outsider discoveries into product and 
policy and acknowledges them openly. 

Adversarial testing matters because real-world deployment is adversarial by default. Once a 
model is widely available, people will try to jailbreak it, manipulate it, weaponize it, and route 
around constraints. A truth-valuing organization does not treat adversarial behavior as “bad 
actors” it can ignore. It treats adversarial behavior as an inevitable part of the environment and 
designs accordingly. 

In a profit-first regime, the temptation is to restrict research access, cite safety and IP, and limit 
criticism to what can be managed. Therefore, openness to independent auditing—especially 
when it leads to visible changes—is a strong costly signal that truth is being treated as a first-
class constraint. 

7.4 Accepting liability instead of disclaiming it 

The fourth costly signal is liability acceptance. Disclaimers are cheap. Liability is expensive. If an 
organization is willing to accept real responsibility for foreseeable harms in high-stakes contexts, 
it is demonstrating that it believes its own safety claims and is willing to price externalities into 
decisions. 

Liability acceptance can take different forms depending on the domain and legal environment. 
The underlying signal is this: the organization does not merely sell confidence; it is willing to 
bear consequences when that confidence causes harm in predictable ways. This changes 
internal optimization. When liability is real, evaluation becomes more serious, deployment 
becomes more conservative, and the design is forced to support verification rather than to 
outsource it. 
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Liability acceptance also disciplines marketing. If a company could be held accountable for over-
claiming reliability, it becomes more careful about the stories it tells. It becomes less likely to 
encourage reliance it cannot support. That, too, is costly, because selling is easier when you 
imply general competence. 

The key point is not that every tool must carry unlimited liability. The point is that if an 
organization consistently refuses responsibility while selling products that function as epistemic 
authorities, it is signaling that growth outranks truth. Conversely, if it voluntarily accepts 
responsibility in certain settings—or builds mechanisms that make responsibility enforceable—
it is signaling a commitment to truth that costs money. 

7.5 Designing against lock-in: exportability and interoperability 

The fifth costly signal is anti-dependence design: building products in ways that reduce 
switching costs and give users genuine exit options. In a profit-first ecosystem, lock-in is a 
primary strategy. Therefore, designing against lock-in is expensive because it reduces future 
pricing power and market leverage. 

Anti-lock-in design includes exportability: the ability to retrieve your data, prompts, outputs, 
and organizational artifacts in usable formats. It includes interoperability: support for standards, 
compatible APIs, and the ability to move workflows across tools without total collapse. It 
includes modularity: not forcing every feature into a single walled garden, and not making core 
capabilities contingent on proprietary ecosystems that users cannot replace. 

This signal is subtle because many companies provide nominal exports that are practically 
useless: incomplete, messy, or nonportable. The costly signal is functional portability: exports 
that truly enable migration, documentation that supports substitution, and business models 
that compete on quality rather than on captivity. 

Anti-lock-in design also has epistemic value. Dependence creation tends to corrode judgment 
because the tool becomes the default mediator of information. When exit is hard, users tolerate 
more epistemic defects because they cannot easily leave. When exit is easy, the tool must earn 
trust continually through performance and transparency. Therefore, interoperability is not only 
pro-competition. It is pro-truth. 

Taken together, these five costly signals form a diagnostic method. You do not need to infer 
motives. You only need to observe what an organization is willing to sacrifice. In a profit-first 
world, truth becomes visible when it costs something. If the sacrifices are absent, the claims of 
responsibility may still be sincere, but the system-level incentive structure has not changed—
and the drift toward persuasion over truth will remain the default. 
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8. Putting Truth on the Balance Sheet 

The phrase “put truth on the balance sheet” is a deliberate provocation. It means: stop treating 
truth as a virtue that organizations may claim, and start treating truth as a costed, enforced 
constraint that shapes decisions the same way money, time, and legal risk shape decisions. In a 
profit-first ecosystem, the default outcome is externalization: harms and epistemic degradation 
are shifted onto users, institutions, and the public because they are not priced. If we want a 
different outcome, we must change the payoff structure. The goal is not to punish innovation. 
The goal is to end the incentive regime in which persuasive fluency can be monetized while the 
costs of error are carried elsewhere. This section outlines practical institutional mechanisms 
that make truth costly to ignore: liability alignment, procurement standards, independent 
evaluation infrastructure, internal dissent protections, and governance designs that reward 
disconfirmation rather than narrative maintenance. 

8.1 Liability alignment: pricing externalities into decisions 

Liability alignment is the core economic lever. When organizations bear real costs for 
foreseeable harms, they invest in prevention. When they do not, they invest in messaging. AI’s 
distinctive problem is that its harms often look like “information harms” and “cognition harms,” 
which are diffuse and hard to attribute. That makes them easy to externalize. Liability alignment 
is the attempt to force internalization: to make it expensive to ship systems whose persuasive 
surface outruns their reliability. 

The basic principle is simple: if a product is deployed in contexts where users predictably rely on 
it, the producer should share responsibility for that reliance—especially when the producer 
benefits from selling the impression of competence. This does not require unlimited liability for 
every use. It requires targeted liability where stakes are high and reliance is foreseeable: 
medical decision support, legal decision support, employment screening, credit and housing, 
critical infrastructure, and public-sector uses. In these settings, the firm should be unable to 
hide behind broad disclaimers while designing for authority. 

Pricing externalities can also be achieved through insurance markets. If AI providers must carry 
meaningful insurance for certain deployments, insurers become secondary auditors. They 
demand evidence, require constraints, and refuse coverage for systems with unmeasured risks. 
This is one of the few mechanisms that can convert safety engineering into a financial necessity 
rather than a moral aspiration. 

A mature liability regime would also push organizations toward better uncertainty signaling. If 
the cost of overconfident error is real, the system will be designed to say “I don’t know” more 
often, and to demand verification when it matters. In this sense, liability alignment is not anti-
innovation. It is pro-honesty: it makes confidence expensive unless it is warranted. 
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8.2 Procurement standards and certification regimes 

Procurement is a powerful policy lever because large institutions—governments, hospitals, 
universities, major corporations—are some of the biggest buyers of AI systems. When 
procurement standards are weak, the market rewards persuasive pitches. When procurement 
standards are strong, the market rewards measurable reliability and transparent limits. 

A procurement regime that puts truth on the balance sheet would require several things before 
deployment. First, pre-deployment evaluation: not just benchmark scores but failure analyses 
relevant to the intended use. Second, documentation: clear descriptions of model behavior, 
known limitations, and conditions under which performance collapses. Third, monitoring plans: 
how incidents will be detected, logged, and responded to. Fourth, audit access: the ability for 
the procuring institution or its representatives to test and verify claims. 

Certification regimes can standardize these requirements. Certification would not mean “this 
model is safe.” It would mean “this model has met specified evaluation and transparency 
standards for this category of use.” The point is not perfection. The point is to end the era 
where procurement decisions are made primarily on demos, brand prestige, and vague 
assurances. Certification can also create a common language for risk: what reliability means, 
what calibration means, what uncertainty signaling means, and what kinds of audits are 
expected. 

Certification must avoid a trap: becoming theater at the institutional level. If certification is 
merely paperwork, it will be captured. Therefore, certification must be tied to measurable tests 
and post-deployment monitoring. It must also be updated as systems evolve. In AI, a model is 
not a static product; it changes with updates, integrations, and new prompting patterns. 
Certification must therefore be continuous or periodically renewed, or it will become another 
confidence token. 

8.3 Independent evaluation institutions and “audit commons” 

One of the deepest problems in AI is that evaluation is underproduced as a public good. 
Everyone benefits from knowing what fails and how. Yet individual companies have incentives to 
under-disclose, and individual users lack the resources to test systematically. The solution is to 
build independent evaluation institutions: organizations whose mission is to measure, test, and 
publish results that the market would otherwise hide. 

An “audit commons” is the shared infrastructure that makes this possible. It includes 
standardized test suites tied to real-world failure modes, shared incident taxonomies, 
reproducible evaluation protocols, and curated datasets designed to probe brittleness rather 
than to flatter. It also includes mechanisms for responsible disclosure of vulnerabilities, so that 
security risks can be mitigated without becoming unbounded public hazards. 
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Independence here is essential. If evaluation institutions depend financially on the companies 
they evaluate, they risk capture. Funding should therefore be diversified: public grants, 
foundations, consortia, and industry fees structured in ways that do not allow any one company 
to control outcomes. Another model is escrowed access: companies provide controlled 
evaluation access under terms that protect user privacy while enabling meaningful testing. 

The audit commons also solves a second problem: comparability. Right now, many performance 
claims are incomparable because evaluation conditions differ. Independent institutions can 
standardize conditions and publish both successes and failures in a consistent format. This 
reduces the room for benchmark theater and makes long-horizon improvement visible. Over 
time, it builds the equivalent of what other high-stakes industries have: crash investigations, 
safety boards, and routine third-party inspection. 

8.4 Whistleblower protections and internal dissent budgets 

Epistemic capture often begins inside organizations. People see problems, but they do not 
speak, or they speak and are punished, or they speak and are ignored. In profit-first systems, 
dissent is costly because it threatens shipping, narrative, and valuation. Therefore, if truth is to 
be valued, dissent must be structurally protected and even funded. 

Whistleblower protections are the external boundary. They ensure that when internal channels 
fail, individuals can disclose serious risks without career destruction. But protections alone are 
not enough. What is needed is an internal dissent budget: resources and authority dedicated to 
finding disconfirming evidence and surfacing inconvenient truths. 

A dissent budget can take several forms. It can be a standing red-team unit with real veto 
power, not merely advisory status. It can be allocated time for engineers to work on “failure 
discovery” rather than only on features. It can be performance credit and promotion pathways 
tied to discovering vulnerabilities, improving evaluation, and preventing overclaiming. It can 
include “stop-ship” authority under specified conditions, with clear governance rules to prevent 
abuse. 

The deeper point is cultural and economic: truth discovery must be rewarded, not penalized. In 
a profit-first world, truth discovery often looks like delay, and delay looks like disloyalty. A 
dissent budget flips that interpretation. It treats internal criticism as an asset, because it reduces 
long-horizon risk and preserves credibility. 

This also intersects with narrative lock-in. Organizations that cannot tolerate internal 
disconfirmation become brittle. They may ship faster in the short term, but they accumulate 
hidden debt: vulnerabilities, unmeasured harms, and public trust fragility. Dissent budgets are 
therefore not moral luxuries; they are resilience engineering. 
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8.5 Governance that rewards disconfirming tests 

Governance is often imagined as a set of rules that constrain behavior. But governance can also 
be imagined as a reward system: a structure that makes certain kinds of knowledge production 
more valuable than others. If truth is to be put on the balance sheet, governance must explicitly 
reward disconfirming tests. 

Disconfirming tests are the opposite of demo theater. They are attempts to break the system, to 
find where it fails, to discover the boundary conditions of performance. In science, this is 
normal. In growth-first product culture, it is often treated as obstruction. Governance changes 
that by building incentives and requirements around disconfirmation. 

Several governance mechanisms can do this. Boards and oversight committees can require 
periodic “failure reports” with concrete examples and measured rates, not just success 
narratives. Release processes can require “red-team signoff” that includes demonstrated 
adversarial testing. Incentive structures can give leadership reputational credit for publishing 
uncomfortable findings rather than only for shipping. Regulators can require transparency 
around incident rates in certain deployment categories, similar to how other industries track 
safety incidents. 

A critical governance feature is separation of powers. If the same unit that profits from shipping 
controls the definition of safety, safety will drift toward theater. Therefore, governance must 
create countervailing authority: independent evaluation, independent audit, independent 
internal safety functions with real authority, and external accountability through liability and 
procurement standards. The aim is not to freeze innovation. The aim is to ensure that the 
engine of growth cannot rewrite the rules of knowing. 

Putting truth on the balance sheet is, finally, a recognition of realism. The market will not 
naturally optimize truth if truth is costly and optional. Institutions must make truth non-optional 
by attaching costs to negligence and rewards to disconfirmation. When that happens, the 
ecosystem’s objective function changes. And when the objective function changes, the 
predicted behaviors change: theater becomes less profitable, engineering becomes more 
profitable, and epistemic capture becomes harder to sustain. 

 

9. A Practical Framework for Users and Institutions 

If the profit-first hypothesis is correct, then the default environment is not neutral. It is a 
persuasion-optimized environment in which fluent text is cheap, confidence is culturally 
rewarded, and verification is treated as optional friction. In that environment, individuals and 
institutions need operational habits that restore truth-preserving friction without paralyzing 
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work. The goal is not to distrust everything. The goal is to treat AI outputs as proposals that 
must earn trust through disciplined selection. This section offers a practical framework that can 
be implemented by a single writer or scaled across an organization. It consists of a workflow 
distinction (probe versus keeper), a minimal checklist for publication, a standing red-team 
function, documentation habits that preserve provenance and accountability, and a compact 
rubric for evaluating tools and deployments. None of these require perfect knowledge or 
exhaustive checking. They require repeatable discipline. 

9.1 The probe-versus-keeper workflow for AI-assisted work 

The first practice is to separate generation from commitment. AI makes it easy to generate 
finished-sounding prose, which tempts users to treat early outputs as final outputs. The probe-
versus-keeper workflow counteracts this by assigning every AI-assisted artifact an explicit status. 

A probe is exploratory. It is allowed to be wrong. It exists to search idea-space quickly: generate 
hypotheses, outline arguments, list counterarguments, propose examples, draft analogies, and 
surface what needs to be checked. Probes are not published. They are not cited as authority. 
They are not treated as knowledge. They are raw material. 

A keeper is committed. It is eligible for publication or decision-making because it has been 
verified at the load-bearing points. A keeper has a traceable provenance for factual claims, a 
calibrated confidence posture, and a bounded scope that it can defend. 

The workflow is simple: start with probes, then promote only what earns promotion. Promotion 
is not a feeling of “this sounds good.” Promotion is the act of verifying the claims that carry 
weight and labeling what remains uncertain. 

This distinction does several things. It reduces shame during the “mediocre draft” phase 
because mediocrity is permitted inside probes. It prevents accidental publication of unverified 
claims. It also preserves speed: you can generate many probes quickly without pretending they 
are truth. In a profit-first ecosystem, this is a personal counter-incentive: you refuse to let 
fluency force premature commitment. 

9.2 A minimal judgment checklist for published claims 

The second practice is a checklist. Checklists exist for aviation and surgery because humans 
make predictable errors under time pressure. AI-assisted writing adds new predictable errors: 
fabricated citations, subtle factual drift, confident misattribution, and rhetorical overreach. A 
minimal checklist is not bureaucracy; it is defense. 
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A minimal judgment checklist can be short enough to use every time: 

First, identify the load-bearing claims. What statements, if wrong, would collapse the argument, 
mislead the reader, or cause harm? Most papers contain a few such claims: a number, a quote, a 
historical assertion, a causal link, a legal or medical characterization. Mark them. 

Second, verify the load-bearing claims. Verification can be direct (primary source) or indirect 
(high-quality secondary synthesis), but it must exist. If verification is not possible quickly, 
downgrade the claim to a hypothesis and label it accordingly. 

Third, label speculation explicitly. If a paragraph is interpretive, say so in the prose. If a causal 
claim is suggestive, weaken it to correlation or plausibility unless you have strong evidence. 

Fourth, check for “authority tone drift.” AI outputs often slide into definitive language (“clearly,” 
“it is known,” “studies show”) even when evidence is thin. Replace that language with calibrated 
language unless you can support the certainty. 

Fifth, check provenance of quotes and names. Fabricated quotes and misattributions are among 
the most damaging failure modes because they feel concrete and persuasive. 

Sixth, perform one adversarial read: ask, “If a hostile critic wanted to embarrass this piece, what 
would they attack first?” Then strengthen or remove that vulnerability. 

This checklist is minimal by design. It focuses on preventing the most damaging failure modes 
while preserving the speed benefits of AI-assisted drafting. 

9.3 Organizational “red teams” as permanent organs, not events 

For institutions, the equivalent of personal judgment is a structural function: a red team. The 
core principle is that red teaming must be permanent, not episodic. 

Event-based red teaming is theater-friendly. It happens near launch, produces a report, and 
then dissipates. Permanent red teaming is engineering-friendly. It is a standing organ with 
budget, authority, and institutional legitimacy. 

A permanent red team does several things continuously. It attacks models and workflows with 
realistic adversarial behavior. It tests for misuse pathways through integrations and tool calls. It 
audits outputs in high-stakes domains. It tracks incident patterns and proposes constraints. It 
also serves as an internal counterweight to narrative lock-in: it is explicitly empowered to find 
disconfirming evidence and to report it without retaliation. 

For permanent red teaming to be real, two conditions must hold. First, it must have access: to 
systems, logs, deployments, and relevant metrics. Second, it must have teeth: the ability to 
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delay releases, require mitigations, and force disclosure of certain failure modes to leadership 
and, when appropriate, to users. 

Institutions should treat red teams the way they treat finance controls or cybersecurity: not as 
optional moral decoration but as basic operational reality. If AI becomes infrastructure, red 
teams become infrastructure too. 

9.4 Documentation habits: audit logs for epistemic hygiene 

Documentation is where institutions either become truth-preserving or persuasion-preserving. 
In a profit-first ecosystem, the temptation is to keep documentation minimal because 
documentation can become evidence in accountability disputes. But truth requires traceability. 
Therefore, audit logs become a crucial practice. 

For individuals, an audit log can be lightweight: a record of the sources used for key claims, 
what was verified, what remained speculative, and what checks were performed. For 
institutions, audit logs need more structure. 

Epistemic hygiene logs should include: model version, prompt or workflow description, tool use, 
the intended context of use, the evaluation applied, the known limitations, and any incidents or 
anomalies observed. The purpose is not surveillance; it is accountability. When something goes 
wrong, the organization can learn. When something is challenged, the organization can show 
the basis of its decisions. Without logs, the institution can only tell stories. With logs, it can 
demonstrate discipline. 

Audit logs also deter self-deception. If teams know they must record what was tested and what 
was not tested, they are less likely to confuse demo success with general reliability. Logging 
makes uncertainty visible. Visibility alters behavior. 

A mature documentation habit includes postmortems. When failures occur, the institution 
writes a root-cause analysis, identifies the failure class, and changes the system or policy to 
reduce recurrence. This is the signature of safety engineering rather than safety theater. 

9.5 A compact rubric: truthfulness, reliability, dependency, harm 

Finally, users and institutions need a compact rubric for evaluating tools and deployments. A 
rubric is a way to make judgment repeatable rather than mood-driven. The rubric proposed 
here has four dimensions: truthfulness, reliability, dependency, and harm. 

Truthfulness asks: when the system makes factual claims, how often are they correct in the 
intended domain? Does it fabricate citations? Does it quote accurately? Does it represent 
uncertainty honestly? Truthfulness is about correspondence to reality, not about fluency. 
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Reliability asks: does performance hold across contexts, or is it brittle? What are the failure 
modes? Under what conditions does it collapse? Reliability is about variance and worst-case 
behavior, not average impressiveness. 

Dependency asks: what happens to users and workflows over time? Do people lose skills of 
verification and synthesis? Are switching costs increasing? Is the tool becoming infrastructure in 
a way that limits exit? Dependency is about long-horizon effects on autonomy and judgment. 

Harm asks: what are the plausible negative consequences of errors or misuse in this context? 
Who bears the cost? How easy is it to detect harm when it occurs? Harm is about stakes, 
distribution of consequences, and externalities. 

This rubric can be applied at multiple levels. A writer can apply it to a single paper: is this claim 
truthful, is this argument reliable, am I becoming dependent on fluency, and what harm would 
result if I’m wrong? An institution can apply it to deployments: are we using AI in a context 
where errors will be caught, or where errors will silently propagate? Are we building 
dependence that we cannot unwind? Are harms being externalized? 

The deeper point of this framework is that it reasserts agency. In a profit-first ecosystem, the 
default is that the market shapes belief. This framework is a way for individuals and institutions 
to shape belief intentionally, by inserting judgment where the system would prefer frictionless 
acceptance. It does not require perfect knowledge. It requires disciplined promotion of outputs 
from probe to keeper, minimal verification of load-bearing claims, structural adversarial testing, 
traceable documentation, and a repeatable rubric that keeps truth-centered evaluation alive. 

 

10. Objections and Boundaries 

A profit-first lens is useful only if it can survive contact with reasonable objections. The goal of 
this section is not to win a rhetorical fight. It is to clarify what the model claims, what it does 
not claim, and where it must remain modest. Profit is not inherently corrupting; it is an 
incentive. Many builders are sincere; sincerity is not enough to prevent structural drift. Open 
source changes some dynamics; it does not eliminate incentive capture. Regulation can be 
weaponized; it can also correct externalities. The central issue is not whether any one objection 
is “right,” but whether the profit-first model remains predictive under these counterpoints. This 
section therefore treats objections as boundary tests that refine the lens. 

10.1 “Profit is necessary for innovation” 

Profit can be necessary for innovation in the ordinary sense that resources must be mobilized: 
talent must be paid, compute must be purchased, infrastructure must be built, and sustained 
iteration requires funding. The profit-first model does not deny this. It denies the leap from 
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“profit is necessary” to “profit is sufficient to govern epistemology.” A system can be profit-
funded while still operating under truth-centered constraints. The question is not whether profit 
exists, but whether profit is allowed to dominate truth when the two conflict. 

The deeper point is that “innovation” is not a single thing. There are innovations in capability 
and innovations in reliability. There are innovations in speed and innovations in safety. A 
growth-dominant incentive regime tends to favor innovations that increase adoption quickly, 
even if they externalize long-horizon costs. In other words, profit can fund innovation while also 
biasing which innovations are pursued. If the market rewards persuasion more than verification, 
then “innovation” will tilt toward persuasion. 

Therefore, the objection is partly correct but incomplete. The model grants that profit mobilizes 
resources. It insists that without countervailing institutions, the same profit incentives can 
produce a predictable drift: speed over evaluation, narrative over disconfirmation, and theater 
over engineering. The question is not “profit or no profit.” The question is “what forces profit to 
pay for truth?” 

10.2 “Many builders are sincere and careful” 

This objection is both true and important. Many developers, researchers, and leaders care 
deeply about truth and safety. Some are unusually conscientious. The profit-first model does 
not require villains. It does not assume universal cynicism. Its claim is structural: sincere people 
operating inside a growth-dominant system can still produce growth-dominant outcomes, 
because incentives shape what gets shipped, what gets measured, and what gets rewarded. 

Sincerity does not neutralize principal-agent problems. A conscientious engineer may want 
rigorous evaluation, but leadership may prioritize release timelines. A careful safety researcher 
may identify a failure mode, but the organization may lack the governance mechanisms to grant 
that finding veto power. A company can contain sincere individuals and still behave as a profit-
optimized organism, because organizations respond to market pressures and internal reward 
structures, not only to personal virtue. 

This objection also surfaces a moral risk in the profit-first critique: it can become unfair if it 
collapses “the ecosystem” into “the character of builders.” The correct move is to separate 
personal motives from institutional behavior. The model is strongest when it remains focused 
on observable incentives and outputs. A sincere builder can be part of a system that is 
epistemically captured. The fact of sincerity does not disprove the drift; it increases the tragedy 
of it. 
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10.3 “Open source disproves the thesis” 

Open source does change the landscape. It can reduce secrecy, enable third-party evaluation, 
and lower switching costs. It can also weaken platform lock-in by allowing alternatives. For these 
reasons, open source is often treated as a counterexample to profit-first capture. 

But open source does not automatically dissolve the profit-first objective function. First, open 
source can be used strategically: released when it benefits recruitment, reputation, ecosystem 
control, or competitor shaping. Second, even in open source, incentives remain: foundation 
funding, corporate sponsorship, consulting revenue, and prestige-driven career outcomes can 
still bias what gets prioritized. Third, open source may remove some forms of opacity while 
leaving others intact: training data, training runs, reinforcement processes, and deployment 
scaffolding may remain proprietary. The visible model may be only one layer of the system’s 
real-world impact. 

Most importantly, open source does not solve the core epistemic issue by itself: users still 
confuse fluency with truth, institutions still face verification costs, and virality dynamics still 
reward persuasive text. Open source can enable better auditing, but it does not guarantee that 
auditing will occur or that institutions will act on findings. The profit-first thesis is therefore not 
“all AI is proprietary.” It is “without enforceable truth constraints, incentive regimes drift toward 
persuasion.” Open source can be part of the remedy, but it is not a proof that the problem does 
not exist. 

A balanced boundary statement is: open source reduces certain forms of capture, but it does 
not eliminate the need for liability alignment, procurement standards, audit commons, and 
judgment discipline. 

10.4 “Regulation will kill progress” 

This objection expresses a real fear: that regulation becomes slow, bureaucratic, politically 
captured, or used to entrench incumbents. That fear is justified historically. Bad regulation can 
freeze innovation, stifle small entrants, and produce compliance theater instead of safety. The 
model does not ask for regulation as a symbolic act. It asks for regulation as an incentive 
correction. 

The key distinction is between regulation that manages appearances and regulation that prices 
externalities. Rules about paperwork and broad “responsible AI” statements can indeed 
become theater. But targeted regulation tied to high-stakes deployment and measurable 
evaluation can correct market failures without killing progress. Many industries have not been 
killed by safety constraints; they have been stabilized and made trustworthy. The relevant 
question is not “regulate or don’t regulate.” It is “what kind of regulation changes incentives 
rather than adding performative overhead?” 
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Several governance principles flow from this. Regulation should be narrow and context-specific, 
focusing on high-stakes uses where harms are severe and foreseeable. It should require 
measurable evaluation and post-deployment monitoring rather than vague commitments. It 
should avoid mandating one technical approach, which would freeze methods. It should also 
avoid creating barriers that only giant firms can afford; otherwise regulation becomes an 
incumbent moat, which perversely strengthens profit-first capture. 

In short, the objection is a warning, not a refutation. It warns that remedies can be captured. 
The model responds by demanding that remedies themselves be evaluated by fruit: do they 
reduce harm and increase auditability, or do they merely consolidate power? 

10.5 What this model cannot prove: motives, universality, causation 

A responsible model must state its limits. This profit-first lens cannot prove individual motives. It 
cannot look inside heads. It can infer incentive structures and observe behavior, but motive 
attribution remains speculative. The paper therefore avoids statements like “they did it to get 
rich” as universal claims. It instead uses the profit-first hypothesis as a predictive assumption 
that can be judged by its explanatory power. 

The model also cannot claim universality. Not every company, team, or project is equally profit-
driven. Academic labs, non-profits, and open research communities may behave differently. 
Even within commercial firms, different units can have different cultures. The profit-first lens 
predicts drift at the ecosystem level, not identical behavior in every instance. The value of the 
model lies in patterns, not in absolutes. 

Finally, the model cannot prove causation in the strongest sense. It can describe mechanisms by 
which incentives plausibly produce behaviors—demo theater, benchmark theater, secrecy, 
externalization, lock-in, and safety theater. It can show how these behaviors are selected for. But 
without privileged internal data, it cannot conclusively demonstrate that profit caused each 
observed choice rather than other factors. What it can do is what good social models often do: 
provide a coherent mechanism that predicts multiple observed phenomena more 
parsimoniously than competing explanations. 

This boundary matters because it preserves epistemic humility. The paper’s thesis is not a moral 
verdict. It is a structural warning: when truth is not priced, it is treated as optional. The model is 
therefore best understood as a diagnostic tool. It asks readers to look for costly signals and 
measurable outcomes, not to indulge in villain narratives. If the model is wrong in specific cases, 
the correction will come from evidence: patterns that do not fit, costly truth signals that appear, 
and institutions that successfully align incentives toward reliability. That is the right kind of 
refutation—because it is itself an act of putting truth back at the center. 
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11. Conclusion: The Decisive Shift 

The decisive shift of this paper is a shift in default explanation. When AI outputs are dazzling, 
the natural impulse is to treat the phenomenon as primarily technical: bigger models, better 
training, new emergent abilities. When AI outputs are wrong or harmful, the natural impulse is 
to treat the problem as primarily technical: more guardrails, better alignment, improved 
benchmarks. This paper has argued for a different default: in a profit-first ecosystem, the most 
important driver is not capability alone but incentive structure, because incentives shape what 
gets optimized, what gets measured, what gets disclosed, and what gets rewarded. The result 
can be epistemic capture: a social regime in which fluent plausibility substitutes for evidence, 
and institutional narratives harden in ways that make disconfirmation costly. The remedy is not 
despair. It is a change in method: put truth on the balance sheet, cultivate judgment as the 
missing layer, and demand costly signals that distinguish real truth valuation from theater. The 
goal is to preserve the benefits of AI without letting its persuasive surface become a substitute 
for reality. 

11.1 Restating the thesis: incentives can capture epistemology 

The core thesis is simple to state and difficult to evade: incentives can capture epistemology. 
When the dominant rewards in an ecosystem favor adoption, lock-in, valuation, and prestige, 
the system drifts toward ways of knowing that serve those rewards. The model is not merely a 
tool; it becomes a conduit through which market incentives shape beliefs. In that environment, 
“truth” risks becoming an optional attribute—invoked rhetorically, pursued selectively, but 
sacrificed when it conflicts with growth. 

This thesis does not claim that profit is evil or that builders are villains. It claims that without 
countervailing constraints, profit pressures bias behavior in predictable ways: demo theater, 
benchmark theater, secrecy beyond necessity, externalized harms, dependence creation, and 
safety framed as communications rather than engineering. These are not isolated scandals. 
They are stable outputs of an objective function that rewards persuasion more than verification. 

The deepest danger is not that models hallucinate. The deepest danger is that institutions and 
users begin to treat fluent hallucination as knowledge, because the ecosystem makes that 
mistake convenient and profitable. That is epistemic capture: not a single false claim, but a 
systemic drift in the standards by which claims are accepted. 
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11.2 The practical takeaway: cultivate judgment and demand costly signals 

If incentives can capture epistemology, then resisting capture requires a discipline that is both 
personal and institutional. 

On the personal side, the decisive practice is cultivating judgment. AI expands the space of 
options; judgment selects what becomes meaning, what becomes belief, and what becomes 
action. Judgment is expressed through calibration, provenance discipline, scope control, and 
fruit tests. It is expressed through the probe-versus-keeper workflow: generate freely, commit 
selectively, verify the load-bearing claims, and label what remains uncertain. This is how you 
preserve speed without surrendering truth. 

On the institutional side, the decisive practice is demanding costly signals. Because everyone 
can claim to value truth, we must look for what is expensive: slowing releases under weak 
evaluation, publishing failure modes prominently, enabling independent auditing, accepting 
liability in high-stakes contexts, and designing against lock-in through real exportability and 
interoperability. These signals are costly precisely because they reduce short-term growth. That 
is what makes them credible. 

Putting these together yields a practical stance: do not ask whether an organization says it 
values truth. Ask what it is willing to pay to protect truth. And do not ask whether an AI output 
sounds correct. Ask what verification, provenance, and calibration supports it. This is the 
decisive shift from persuasion-centered living to truth-centered living inside a persuasion-
saturated environment. 

11.3 A closing reflection: truth as a discipline in the centaur era 

We are entering what might be called the centaur era: an era in which human cognition is 
routinely braided with machine generation. The centaur is not simply a worker with a tool. The 
centaur is a new epistemic creature: faster, broader, more rhetorically powerful, and therefore 
more vulnerable to self-deception at scale. The old temptation was ignorance. The new 
temptation is counterfeit knowing: the feeling of understanding produced by fluent text. 

In such an era, truth is no longer merely something you possess. It becomes something you 
practice. It becomes a discipline: the repeated habit of distinguishing evidence from rhetoric, of 
accepting uncertainty without panic, of preferring falsification to vibes, and of refusing to let 
speed become a substitute for warrant. This discipline is not anti-technology. It is what allows 
technology to remain a servant rather than a sovereign. 

There is also a moral dimension that cannot be outsourced. When persuasive output is 
abundant, responsibility shifts to selection. What you choose to publish, to rely on, to repeat, or 
to institutionalize becomes an ethical act. The question is not only “Is it useful?” but “What 
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does it produce?” Does it strengthen humility, repair, and discernment? Or does it strengthen 
dependence, overconfidence, and narrative captivity? 

The centaur era will reward those who can generate. But it will belong to those who can judge. 
If we want AI to amplify truth rather than manufacture plausibility, the decisive shift is to 
rebuild the disciplines of truth inside the new abundance—personally through judgment, 
institutionally through incentives that make truth expensive to ignore, and culturally through a 
renewed respect for disconfirmation. That is how we keep the human mind from being 
outpaced not by intelligence, but by persuasion. 
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