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Abstract

This paper conducts a critical analysis of the governance, ownership, and ethical

trajectory of large-scale corporate artificial intelligence models, with particular focus

on Google's Gemini and Alphabet's broader AI ecosystem. We examine the

fundamental contradiction between corporate proprietary claims over Large

Language Models (LLMs) and their collective foundation—built through decades of

public subsidy, uncompensated data appropriation, and forked open-source

innovations. Our central thesis argues that the current paradigm of centralized AI

ownership, characterized by the privatization of publicly subsidized resources and the

deployment of opaque algorithmic censorship mechanisms, is structurally

unsustainable and projects a future of extreme wealth concentration, epistemic

closure, and heightened social unrest by 2035. Through examination of Reinforcement



Learning from Human Feedback (RLHF) as a form of private ideological moderation,

analysis of labor market disruptions drawing on automation economics literature, and

historical parallels with prior technological revolutions, we demonstrate that the

existing governance framework fails to account for the social cost of AI development.

We conclude that without immediate intervention through mandatory data-benefit

sharing, progressive automation taxation, and decentralized auditable governance, the

digital landscape will fracture into a bifurcated ecosystem: highly regulated, censored

corporate models serving elite interests alongside an increasingly radicalized,

unrestricted open-source environment, exacerbating global systemic risks and

democratic erosion.

I. Introduction and Thesis: The Conflict Over

Digital Sovereignty

The emergence of Large Language Models (LLMs) represents one of the most

consequential technological developments in human history, promising to reshape cognitive

labor, knowledge production, and social organization at a fundamental level. Yet beneath the

veneer of technical marvel lies a profound governance crisis that remains insufficiently

examined in both academic and policy discourse. The central conflict is stark: a handful of

private corporations—led by Alphabet, Microsoft, and Meta—have asserted proprietary

dominion over models whose creation depended on three distinct forms of collective

contribution: (1) decades of taxpayer-funded research and infrastructure development; (2)

the uncompensated appropriation of trillions of data points generated by billions of

individuals; and (3) the strategic enclosure of open-source innovations that originated in

collaborative, non-proprietary communities.

This appropriation of the digital commons under private control constitutes what we term

the Ownership Paradox—the legal fiction of pure private property over fundamentally social

goods. Corporations like Alphabet deploy sophisticated legal architectures, lobbying efforts,

and public relations campaigns to naturalize their ownership claims, while simultaneously

imposing algorithmic censorship regimes that function as unaccountable epistemic



gatekeeping. The result is a closed-loop system: public and collective resources are absorbed,

privatized, and then dispensed through models whose outputs are carefully filtered to align

with corporate risk tolerance, market positioning, and ideological predispositions.

The implications extend far beyond questions of economic distribution. The concentration

of AI control introduces a novel form of epistemic power—the ability to shape what can be

known, questioned, or expressed in digital spaces that increasingly mediate human

interaction. Through techniques like Reinforcement Learning with Human Feedback (RLHF),

corporate actors encode their preferred truth regimes into models that operate at scale,

potentially exporting specific cultural and political constraints globally while evading

democratic oversight. This represents a fundamental departure from earlier information

technologies: whereas the printing press and internet enabled decentralization of expression,

corporate LLMs re-centralize epistemic authority under non-transparent, unaccountable

control.

Our socio-economic analysis projects that these governance failures will compound over

the 2025–2035 period, producing severe dislocations. Drawing on automation economics

literature, particularly Acemoglu and Restrepo's task-based model of technological

displacement, we forecast accelerated returns to capital at the expense of labor, with

cognitive workers experiencing wage suppression and job precarity at unprecedented scales.

This dynamic will erode tax bases, strain social safety nets, and concentrate wealth in ways

that historically preceded periods of radical social upheaval. The systematic enclosure of AI's

benefits by corporate entities, absent mechanisms for fair benefit-sharing as highlighted in

European Parliament research, creates a powder keg of distributive injustice.

Historical precedent offers sobering lessons. The Industrial Revolution's concentration of

productive capacity among factory owners, enabled by enclosure movements that privatized

common lands, generated decades of social unrest, labor exploitation, and ultimately

revolutionary movements. The printing press's democratization of knowledge initially

triggered intense censorship wars, religious conflict, and state repression before settling into

modern free expression norms. We argue that corporate AI governance, combining

unprecedented concentration of both economic and epistemic power, risks synthesizing the

most destabilizing elements of both precedents—simultaneous disruption of labor markets

and control over knowledge production.



Thesis Statement: The current model of centralized AI ownership and governance,

characterized by the privatization of publicly subsidized resources and the implementation

of algorithmic censorship, is socio-economically unstable and projects a future of extreme

wealth concentration, democratic erosion, and heightened social unrest by 2035. Without

fundamental restructuring toward decentralized governance, data-benefit sharing, and

transparent moderation frameworks, the trajectory points toward a bifurcated digital

dystopia: a sanitized, corporatized AI ecosystem serving elite interests alongside an

ungoverned, radicalized open-source domain, fundamentally incompatible with liberal

democratic values and social cohesion.

II. The Ownership Paradox: Ethical Theft vs.

Legal Propriety

A. Public Subsidy Analysis: The Socialization of Costs,

Privatization of Gains

The foundation of modern AI capabilities rests upon a multi-decade pipeline of public

investment that corporations like Alphabet have systematically captured while externalizing

both costs and risks. The National Science Foundation (NSF), Defense Advanced Research

Projects Agency (DARPA), and Department of Energy have collectively invested over $30

billion in artificial intelligence research since 1990, funding breakthroughs in neural

networks, deep learning, natural language processing, and computational infrastructure that

directly enabled contemporary LLMs. This figure excludes indirect subsidies through federal

tax credits for research and development, which under 26 U.S.C. § 41 allow companies like

Alphabet to claim up to 20% of qualified R&D expenditures—effectively socializing the risk of

innovation while privatizing the returns.

The semiconductor infrastructure essential for training models like Gemini represents

another massive public subsidy. The CHIPS and Science Act authorized $52 billion in federal

funding to reshore semiconductor manufacturing, with additional billions in state-level

incentives. These facilities produce GPUs that Alphabet purchases at market rates, but whose



fundamental development was underwritten by taxpayer investment in materials science,

lithography research, and supply chain stabilization. The public bears the industrial policy

risk; corporations capture the productive capacity. This dynamic extends to energy

infrastructure, where AI data centers consume electricity at municipal scales, often receiving

special utility rates and tax abatements that shift costs onto residential ratepayers while

enabling the computational concentration that makes LLM training economically feasible.

Perhaps most significantly, the internet itself—AI's primary data source—was originally a

taxpayer-funded project (ARPANET) that evolved through public-university partnerships. The

TCP/IP protocols, DNS architecture, and World Wide Web standards emerged from publicly

funded research, not corporate R&D. When Alphabet's web crawlers scrape this collectively

built digital infrastructure to extract training data, they are harvesting a commons created

through public investment, yet they claim proprietary ownership over the resulting models.

This represents a second-order appropriation: first the infrastructure, then the content it

carries.

The legal argument for private ownership relies on transformation—claiming that the

creative recombination of data through model weights generates novel value. But this logic

collapses under scrutiny. If a pharmaceutical company used publicly funded NIH research to

develop a drug, then claimed exclusive patent rights while paying no royalties to the public,

the injustice would be immediately apparent. Yet AI corporations operate under this exact

model with impunity. The conventional response—that these companies pay corporate taxes

—rings hollow given aggressive transfer pricing, intellectual property offshoring to tax

havens, and effective tax rates often below 15%, substantially less than the public's

proportional contribution to their foundational inputs.

B. Data Appropriation: Fair Use as Legalized Extraction

The scale of data appropriation by AI corporations dwarfs previous information

industries. Alphabet's Gemini was trained on approximately 1.6 trillion tokens, equivalent to

roughly 1.2 trillion words extracted from books, websites, academic papers, personal blogs,

social media posts, and copyrighted news articles. This represents the uncompensated

appropriation of creative labor from hundreds of millions of individuals and organizations.



The legal defense rests on the doctrine of fair use, specifically the argument that AI training

constitutes a "transformative" purpose that does not compete with the original works.

However, the U.S. Copyright Office's 2025 Report on Generative AI Training explicitly

challenges this sweeping application of fair use, noting that "making commercial use of vast

troves of copyrighted works to produce expressive content that competes with the original

works in existing markets... goes beyond established fair use boundaries"^11^. The report

emphasizes that when AI outputs are "substantially similar" to training inputs, there exists a

"strong argument" that copying model weights implicates reproduction and derivative work

rights^11^. This directly undermines corporate claims that model training is purely non-

extractive.

The ethical dimension is more damning than the legal uncertainty. Artists, writers, and

programmers whose work constitutes the training corpus receive no attribution, no

compensation, and no meaningful opt-out mechanism despite their collective contribution

representing the overwhelming majority of the model's value. The Artists Rights Alliance has

characterized this as "using copies of some or all of our songs and recordings to create new

ones that compete with ours," noting that such use "comes as close as a use can come to being

presumptively not fair use"^11^. When Midjourney generates art in the style of a living

illustrator, or Gemini produces text summarizing a journalist's investigative work, the model

is not creating ex nihilo—it is interpolating patterns extracted from uncompensated labor,

potentially displacing the original creators in commercial markets.

The "knowledge commons" argument—that AI merely learns like a human reading books

—obscures critical differences in scale, speed, and market impact. A human reading 200

books over a year is transformative learning; an AI ingesting 200 million books in days to

produce competing content is industrial-scale appropriation. Moreover, humans operate

under social norms of citation and intellectual honesty, whereas corporate AI models erase

attribution, presenting synthesized knowledge as disembodied truth. The European

Parliament's 2020 study on AI ethics explicitly highlights "gaps around the mechanisms of

fair benefit-sharing" as a central ethical failure, warning that without such mechanisms, AI

development "exploits workers" and concentrates benefits unjustly^3^.

The use of pirated or illegally accessed content compounds this ethical breach. Evidence

suggests major AI developers have trained on datasets containing LibGen, Sci-Hub, and other



shadow libraries offering pirated books and academic papers. The Copyright Office report

notes that "the knowing use of pirated copies in the service of a commercial enterprise

should weigh against fair use," and that such acts reflect "bad faith or unclean hands"^11^. Yet

corporations have faced no significant legal or financial consequences for these practices,

creating a perverse incentive structure where violating intellectual property norms is

rational corporate behavior if it accelerates market dominance.

C. The Forked Principle: Enclosing the Open-Source Commons

Perhaps most cynically, the proprietary AI models dominating the market were

themselves built upon technologies originally developed through open-source collaboration.

The Transformer architecture underlying Gemini, GPT, and virtually all modern LLMs was

introduced in Google's 2017 paper "Attention Is All You Need," published openly and

integrated into community projects like TensorFlow and PyTorch. BERT, T5, and other

foundational models were released as open research before being enclosed into proprietary

systems.

This pattern—release open research to harvest community improvements, then build

proprietary commercial products—represents a strategic enclosure of the digital commons.

The "fork" metaphor from software development is apt: corporate AI begins as a fork of

open-source principles and community knowledge, then diverges into closed, monetized

versions that cut off the community from sharing in the value created. The corporation's

genuine contribution is not conceptual innovation but capital deployment: the ability to

spend billions on compute, data curation, and reinforcement learning to produce a polished

product. This is genuine value-added, but it does not justify total proprietary claim over the

entire stack.

The asymmetry is stark: the open-source community contributed the architectural

breakthroughs, loss functions, and optimization algorithms that make LLMs possible,

receiving academic citations but no economic stake. Corporations then added the "last mile"

of capital-intensive scaling and alignment, claiming 100% ownership. This violates the spirit,

if not the letter, of open-source licensing and represents a transfer of value from

collaborative commons to private shareholders. The result is a distorted innovation



ecosystem where truly open research is increasingly difficult to sustain, as researchers

cannot compete with corporate capture of their own breakthroughs.

Compounding this, corporations now use their proprietary control to lobby against open-

source alternatives, claiming they pose safety risks while offering their own "safe" censored

models. This is competitive positioning masquerading as public service. The true safety

concern is not open-source models but the concentration of epistemic and economic power

in unaccountable corporate hands—a dynamic that open-source alternatives could help

mitigate.

III. Algorithmic Censorship and The Epistemic

Crisis

A. Censorship Mechanics: RLHF as Private Ideological

Moderation

The technical mechanism through which corporate AI models enforce their preferred

truth regimes is Reinforcement Learning from Human Feedback (RLHF), a process that

functions as sophisticated private censorship. The method involves three stages: (1)

supervised fine-tuning on demonstrations of "preferred" responses, (2) training a reward

model to predict human preferences, and (3) optimizing the language model against this

reward signal. While framed as "alignment" with human values, this process in practice

aligns models with the values of corporate employees, contracted annotators in low-wage

markets, and implicit market pressures—not with any democratically determined or

transparently articulated public interest.

Recent research reveals that RLHF introduces systematic biases that privilege majority

preferences while marginalizing minority viewpoints. Xiao et al. (2024) demonstrate that KL-

divergence regularization in standard RLHF creates "preference collapse," where the model

virtually disregards minority perspectives to maximize reward from the majority preference

distribution^7^. This is not incidental but algorithmic: the optimization objective structurally

suppresses outliers, creating consensus where none legitimately exists. When applied to



controversial topics—politics, history, ethics, scientific disputes—this mechanism silently

eliminates heterodox positions, enforcing a sanitized, corporatized version of truth.

The opacity of RLHF compounds its epistemic violence. Neither users nor regulators can

audit the specific value judgments embedded in reward models, as these constitute

proprietary trade secrets. When Gemini refuses to answer a query about historical atrocities,

political controversies, or corporate malfeasance, users receive no explanation of what policy

was triggered, who determined it, or what viewpoints were suppressed. This stands in stark

contrast to democratic governance norms, where censorship decisions—when they occur—

are theoretically subject to judicial review, legislative oversight, and public accountability.

Corporate AI moderation exists in a legal gray zone: not bound by First Amendment

constraints as a private actor, yet exercising power over public discourse that exceeds many

government functions.

Moreover, the labor conditions of RLHF annotation reveal the cynical economics of

"ethical" AI. Human feedback is often provided by contractors in Kenya, India, and the

Philippines earning $2-5 per hour, tasked with reviewing traumatic content and making

subtle value judgments without cultural context, mental health support, or meaningful input

into policy design. This exploitation of Global South labor to impose corporate censorship for

Global North markets represents a new frontier of digital colonialism, extracting both data

and judgmental labor while externalizing the psychological costs onto marginalized

workers^15^.

B. Bias and Control: The Manufacture of Algorithmic

Consensus

The reliance on proprietary safety policies creates systematic biases that export specific

cultural constraints globally. Models trained primarily by American tech workers in San

Francisco or Seattle inevitably encode coastal liberal norms around acceptable discourse,

which then become the default for users in Nairobi, Mumbai, or São Paulo. This imposes a

form of epistemic imperialism, where questions deemed legitimate in one cultural context

are censored worldwide based on the parochial judgments of a narrow technical elite.



Research on algorithmic bias demonstrates that even well-intentioned mitigation efforts

often fail. Ouyang et al. (2022) found that RLHF significantly reduced toxicity in GPT-3 but

"did not significantly reduce bias, and the model could still make simple mistakes"^14^. The

European Parliament's AI ethics study similarly concluded that existing governance

frameworks inadequately address "the assignment of responsibility" for biased outcomes,

creating accountability vacuums^3^. When Gemini exhibits racial bias in hiring

recommendations or gender bias in medical advice, liability is diffused across the

corporation, the training data, and the annotation process—ultimately landing nowhere,

leaving harmed individuals without recourse.

The "black box" nature of modern LLMs exacerbates this accountability crisis. Even

developers struggle to explain why specific outputs were generated or censored, as billions of

parameters interact in ways that defy simple interpretation. The 2025 Algorithmic Bias, Data

Ethics, and Governance study emphasizes that "transparent model documentation" and

"explainable AI (XAI)" are essential for accountability, yet corporate incentives favor opacity

both to protect trade secrets and to obscure uncomfortable biases^2^. Without mandatory

auditing requirements—like those proposed in the EU AI Act but watered down under

industry pressure—corporations can claim to address bias through voluntary measures

while avoiding meaningful scrutiny.

More insidiously, algorithmic consensus manufacture threatens scientific and intellectual

progress. When models consistently steer users away from controversial hypotheses—about

COVID origins, climate engineering, geopolitical conflicts—they don't just prevent

misinformation; they potentially suppress valid but unpopular inquiry. The history of science

is littered with heterodox views that later proved correct (heliocentrism, germ theory, plate

tectonics). A system optimized to eliminate minority perspectives as "potentially harmful"

may foreclose tomorrow's breakthroughs in service of today's risk management.

C. Freedom vs. Security: The False Dichotomy of Corporate

Moderation

The ethical justification for algorithmic censorship rests on preventing concrete harms:

deepfakes, disinformation, hate speech, instructions for illegal acts. This framing creates a

false dichotomy between epistemic freedom and security, positioning corporate moderation



as the necessary trade-off. However, this elides three critical issues: (1) the lack of democratic

legitimacy in corporate censorship decisions, (2) the absence of procedural safeguards or

appeals mechanisms, and (3) the potential for "safety" framing to mask anti-competitive or

politically motivated censorship.

Democratic theory distinguishes between legitimate and illegitimate restrictions on

expression. Legitimate restrictions typically require: clear legal authorization, narrow

tailoring to specific harms, procedural due process, transparency of decision-making, and

accountability mechanisms. Corporate AI moderation satisfies none of these criteria. Safety

policies are determined internally, applied opaquely, and enforced without appeal. When

OpenAI or Google refuses a request, users have no recourse to challenge the decision,

understand the specific policy violation, or argue for exceptions. This constitutes private

governance without democratic legitimacy, a form of digital absolutism.

Moreover, the "security" framing is applied inconsistently in ways that reveal commercial

motivations. Models readily provide information about historical revolutionaries but may

refuse to discuss modern protest movements. They can explain military history but might

decline to critique current defense contractors. This selective moderation suggests that safety

is not the primary concern—brand protection and political risk management are. The

Harvard Law Review's concept of "amoral drift" in AI governance captures this phenomenon:

systems optimized for efficiency and liability minimization slowly abandon ethical

considerations, becoming "technocratic autopoiesis" that reinforces corporate power

structures^6^.

The alternative is not ungoverned chaos but accountable governance. Rather than

accepting corporate censorship as a necessary evil, policymakers should mandate: (a)

transparent publication of moderation policies with specific examples, (b) external audits of

censorship decisions by academic and civil society bodies, (c) meaningful appeal processes

with human review, and (d) legal liability for discriminatory or anti-competitive censorship.

The EU AI Act's initial drafts included such provisions but faced intense industry lobbying

that reduced transparency requirements. This demonstrates the urgency of countervailing

political organization to challenge corporate epistemic power before it becomes irreversibly

entrenched.



IV. Socio-Economic Projection (2025–2035): The

Automation of Cognitive Labor and the Crisis

of Distribution

A. Wealth Concentration: The Task-Based Model of AI

Disruption

The economic impact of AI on labor markets and wealth distribution is not a future

concern but an accelerating present reality. Acemoglu and Restrepo's task-based framework

for analyzing automation provides a robust theoretical foundation for understanding AI's

distinct impact on cognitive labor^19^. Unlike previous waves of automation that primarily

affected routine manual tasks, LLMs directly threaten non-routine cognitive work—legal

analysis, financial advice, journalism, programming, customer service, and managerial

decision-making. This disruption is qualitatively different because it targets the core of

middle-class employment and historically secure professional occupations.

The mechanism is straightforward: AI can perform an expanding subset of cognitive tasks

at near-zero marginal cost, creating a "displacement effect" that reduces labor demand while

simultaneously generating a "productivity effect" through increased output. Acemoglu and

Restrepo demonstrate that when automation is biased toward replacing labor rather than

augmenting it, the displacement effect dominates, reducing the labor share of income and

increasing capital returns. Current corporate AI deployment is explicitly replacement-

oriented: customer service chatbots displace call center workers, code assistants reduce

junior programmer needs, and AI-generated content replaces freelance writers.

Projecting forward, we anticipate that by 2030, AI will directly threaten 30-50% of

cognitive tasks in advanced economies, affecting 80-120 million workers. Unlike previous

technological transitions that unfolded over generations, AI adoption compresses into a

decade, far faster than workforce retraining or institutional adaptation can occur. The result

will be structural unemployment among educated workers, wage collapse in affected sectors,

and a dramatic increase in the capital share of income. Global corporate profits from AI



services are projected to exceed $2 trillion annually by 2030, concentrated in a handful of

firms, while displaced cognitive workers face earnings losses averaging 40-60%.

This wealth concentration is exacerbated by the ownership structure of AI models. When

a factory automates production, workers theoretically own the machinery and can bargain

over productivity gains. With AI, the "machinery" exists as weights on corporate servers,

owned entirely by shareholders who capture 100% of productivity gains. The public's

contribution—through data, subsidy, and open research—receives no equity stake or revenue

share. This violates basic principles of distributive justice and creates a political economy

where the beneficiaries of AI are a tiny elite while the costs are socialized through

unemployment and wage suppression.

B. Labor Market Disruption: The Tax Base Crisis and Fiscal

Collapse

The concentration of AI returns in capital rather than labor poses an existential threat to

the fiscal viability of the modern state. Personal income taxes constitute the largest revenue

source for OECD governments, averaging 24% of total tax revenue. Wage suppression among

cognitive workers will erode this base just as demand for retraining, unemployment benefits,

and social support programs escalates. Simultaneously, corporate AI profits are aggressively

sheltered through transfer pricing, IP offshoring to low-tax jurisdictions, and R&D tax credits,

resulting in effective tax rates far below headline figures.

Consider a typical scenario: A mid-sized law firm adopts AI document review, displacing

20 paralegals earning $60,000 annually. The firm saves $1.2 million in wages and pays

$300,000 annually for AI services. The displaced workers might find new jobs at $35,000,

reducing income tax revenue by approximately $150,000 annually (assuming 25% marginal

rate). The $300,000 paid to the AI provider generates perhaps $30,000 in corporate tax (10%

effective rate) and no payroll tax, as AI requires minimal human labor to operate. Net

government revenue declines by $120,000 while social costs increase. Multiply this across

millions of firms, and the fiscal math becomes unsustainable.

The traditional response—retraining workers for "AI-resistant" roles—faces

insurmountable challenges. First, AI progress is eliminating the very roles being targeted for



retraining (programming, data analysis, even AI ethics auditing). Second, retraining at scale

requires massive public investment at precisely the moment tax bases are collapsing. Third,

the pace of disruption means workers may need retraining every 5-7 years, an impossible

cycle to sustain. The European Parliament's AI ethics study warns that "exploitation of

workers" and "energy demands" compound these challenges, creating a "polycrisis" where

multiple failures cascade simultaneously^3^.

More fundamentally, the displacement of cognitive labor undermines the social contract

itself. Modern democratic capitalism is premised on broad-based participation in economic

productivity, which legitimates both inequality and state authority. When a majority of

citizens cannot contribute economically in ways that AI cannot replicate, we face a crisis of

purpose and legitimacy. Historical precedents for such crises are not reassuring: the Great

Depression's unemployment created openings for authoritarian movements, while the

Industrial Revolution's displacement of artisans generated decades of revolutionary

upheaval before social democratic compromises emerged.

C. Historical Precedent: Technology, Power Concentration,

and Social Upheaval

The concentration of transformative technology in private hands has consistently

produced social conflict, and AI's dual concentration of economic and epistemic power

suggests unprecedented instability. The Industrial Revolution (1760-1840) concentrated

productive capacity among factory owners while dispossessing artisans and agricultural

workers, generating Luddite rebellions, Chartist movements, and ultimately the revolutions

of 1848. The critical factor was not technology itself but the enclosure of its benefits by a

narrow capitalist class while imposing costs on the majority. Corporate AI governance

replicates this dynamic in cognitive domains.

The printing press (1440-1600) offers a closer parallel to AI's epistemic impact. Initial

printing technology enabled rapid knowledge dissemination, challenging Church authority

and aristocratic control over information. The response was intense censorship: the Index

Librorum Prohibitorum, state licensing of printers, and severe penalties for seditious

publication. This created a bifurcated information ecosystem: officially sanctioned, censored

print for elites; underground, radical pamphlets for dissenters. The resulting religious wars,



heresy trials, and political upheavals killed millions before modern free expression norms

emerged.

Corporate AI governance risks replicating this bifurcation. Official models like Gemini

provide sanitized, corporatized knowledge safe for advertisers and regulators, while

uncensored open-source models (and eventually, state-controlled alternatives from

authoritarian regimes) serve those seeking unmediated expression. This fracture undermines

the possibility of shared reality—a prerequisite for democratic deliberation. When different

segments of society receive fundamentally different answers to the same factual questions,

common ground disappears. The result is epistemic tribalism, where consensus becomes

impossible because the premises themselves are contested.

The 3°C World Strategic Risk Policy framework, analyzing AI governance through climate

destabilization scenarios, identifies this as "technocratic autopoiesis"—systems that "encode

the structural injustices, externalities, and narrow risk metrics of the pre-3°C world" while

claiming neutrality^6^. When AI systems trained on historical data project past inequalities

into future decisions, they "systematize denial" of needed transformations, embedding

unsustainable power structures into seemingly objective algorithms. This creates a

dangerous feedback loop: AI justifies existing inequalities as "optimal" while making them

harder to challenge, leading to revolutionary pressures when contradictions become

unsustainable.

The timeline matters. The Industrial Revolution's conflicts unfolded over 80 years; the

printing press's over 150. AI's impacts will compress into 10-15 years, far faster than political

institutions can adapt. This creates a "governance gap" where technological power outstrips

regulatory capacity, enabling rapid concentration before countervailing forces can organize.

By the time democratic processes respond, AI ownership may be so entrenched through

network effects, data moats, and regulatory capture that reform becomes nearly impossible

without systemic crisis.

V. Conclusion and Future Governance: The

Unavoidable Reckoning



A. The Unavoidable Outcome: Bifurcation and Systemic Risk

Current trajectories point toward a bifurcated digital future that will be neither stable nor

sustainable. On one side, corporate models like Gemini will become increasingly sanitized,

censored, and aligned with elite interests. They will be safe for brands, acceptable to

regulators, and useless for genuine inquiry or dissent. Their epistemic closure will create a

privileged class that genuinely believes the sanitized worldview they receive, unable to

comprehend why others reject it. This is the path to epistemic aristocracy, where truth is

what corporate AI permits.

On the other side, a robust ecosystem of unrestricted open-source models will serve those

alienated by corporate censorship. Initially celebrated as democratic alternatives, these

models will face their own crises: radicalization as marginalized communities develop

oppositional epistemologies, exploitation by malicious actors for disinformation and

cybercrime, and eventual capture by state actors (China, Russia) seeking to weaponize AI

against democratic societies. The bifurcation will not be between "good" and "bad" AI but

between competing dystopias: corporate authoritarianism versus ungoverned chaos.

This bifurcation creates systemic risks far exceeding those of either system alone. The

inability to maintain shared factual premises will make democratic governance impossible.

Climate change mitigation, pandemic response, and economic coordination require collective

action based on common understanding. When AI systems provide fundamentally different

realities to different populations, cooperation collapses. The result is not just polarization but

epistemic balkanization, where distinct groups inhabit mutually incomprehensible worlds.

Moreover, the concentration of AI capabilities in few corporate hands creates single

points of failure for global infrastructure. Financial systems, healthcare networks, and

communication platforms increasingly depend on AI services from a handful of providers. A

targeted cyberattack, systemic bias, or strategic decision to withhold service could cascade

into global crisis. The "too big to fail" problem that plagued 2008 financial institutions applies

with greater force to AI infrastructure: their failure or misalignment threatens not just

economic stability but epistemic and social coherence.

The 3°C World analysis warns that governance structures "that wait for violations to occur

before intervening are, by design, obsolete" in an era of cascading crises^6^



. AI governance must shift from reactive compliance to proactive stress-testing under

polycrisis scenarios. Yet current corporate governance exhibits "amoral drift," optimizing for

short-term profit while ignoring long-term systemic risks. This is not sustainable. The

question is not whether the current model will collapse, but when and how violently.

B. Call to Action: Restructuring AI Governance for Collective

Benefit

Avoiding this dystopian future requires immediate, fundamental restructuring of AI

ownership and governance. Half-measures like voluntary ethics guidelines or corporate

diversity initiatives are insufficient. We propose a three-pillar framework:

1. Mandatory Data-Benefit Sharing and Public Equity Stakes

Given that AI models are built on publicly subsidized resources and uncompensated data

contributions, the public must receive explicit economic returns. This requires:

Data Dividends: A mandatory revenue-sharing model requiring AI corporations to

allocate 15-20% of gross AI service revenue to a public trust fund. This fund would

compensate creators whose work was used in training, support open-source AI

development, and fund public-interest AI research independent of corporate control.

The European Parliament's emphasis on "fair benefit-sharing mechanisms" provides

conceptual precedent^3^.

Public Equity Participation: For any AI model trained on publicly funded research or

data, the public should receive non-voting equity stakes (e.g., 10-15%) held by sovereign

wealth funds. This aligns corporate incentives with public benefit and ensures

taxpayers share in valuation gains.

Training Data Transparency: Mandate publication of training data provenance, allowing

creators to identify use of their work and claim compensation. The Copyright Office's

suggestion that AI developers should document data sources should be legally enforced,

not voluntary^11^.

2. Progressive Taxation of Automation and Capital



To address the fiscal crisis from labor displacement, we need radical tax reform:

Robot Tax: Implement a tax on AI services calculated by the number of human work-

hours displaced, with proceeds funding universal basic services and retraining. This

internalizes the social cost of automation, making augmentation preferable to

replacement.

Capital Levy on AI Windfall Profits: Apply excess profits taxes (50-70% rates) on AI

services revenue exceeding 20% annual growth, capturing monopoly rents from

network effects and data moats.

Data Center Energy Taxes: Impose carbon taxes on AI training runs, reflecting the

massive environmental externalities currently foisted onto the public. This would

discourage wasteful large-scale training while funding renewable energy transition.

3. Decentralized, Auditable Governance Frameworks

To prevent epistemic capture, we must democratize AI governance:

Public Algorithmic Auditing: Establish independent AI auditing agencies with power to

inspect model weights, training data, and moderation policies. These agencies should

include civil society, academic, and international representatives, not just corporate and

government actors.

Mandatory Transparency in RLHF: Require publication of reward model objectives,

annotator instructions, and demographic composition of feedback providers. Users

should know whose values shape the AI's judgment.

Decentralized Infrastructure: Subsidize development of open-source, federated AI

systems that run on distributed networks rather than corporate clouds. Projects like

OpenAssistant and decentralized LLMs offer alternatives to corporate concentration,

but need public funding to compete fairly.

Global Governance Coordination: Create an International AI Agency modeled on the

IAEA, with authority to set safety standards, inspect facilities, and prevent race-to-the-

bottom dynamics. This is essential to prevent regulatory arbitrage where corporations

shop for the weakest jurisdictions.

Implementation and Political Strategy



These reforms face fierce opposition from trillion-dollar corporations with enormous

lobbying power. Success requires:

Transnational Coordination: Single-nation action will fail as corporations threaten

relocation. The EU, US, and committed allies must act simultaneously, using market

access as leverage.

Grassroots Mobilization: Build coalitions among displaced workers, creators, open-

source developers, and civil society organizations to counter corporate narratives.

Frame the issue as digital enclosure of the commons, resonating with anti-monopoly

traditions.

Strategic Litigation: Support copyright lawsuits against AI firms to establish legal

precedents limiting fair use claims and affirming creator rights. The New York Times

case against OpenAI/Microsoft may prove pivotal.

Direct Action: Encourage data strikes, where users withhold content from corporate

platforms, and developer boycotts of proprietary APIs, to demonstrate public capacity to

resist enclosure.

The alternative to this reform agenda is not the status quo but systemic crisis. As the 3°C

World framework warns, "the convergence of AI and corporate power without moral ballast

is no longer an academic debate—it is a strategic emergency"^6^. The current trajectory leads

either to corporate technocracy or revolutionary upheaval. Our proposed path—democratic

governance, public benefit-sharing, and decentralized control—offers a third way: AI as

genuinely collective intelligence, not as the foundation of digital feudalism.
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