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Abstract. This Article will advance a polyphonic framework for 
regulating generative artificial intelligence (“AI”) by integrating four 
legal regimes—antitrust, copyright, the right of publicity, and 
information privacy—thereby offering a distinct normative 
perspective on AI’s impact. As generative AI systems reshape markets, 
the appropriate doctrines deriving from these legal regimes must 
neither converge artificially nor operate in silos. Instead, this Article 
will argue for regulatory pluralism that preserves each doctrine’s 
integrity while fostering coordinated governance. 

Part I will examine how generative AI reshapes competition across 
the AI “stack” from infrastructure to applications, raising concerns 
about vertical integration, interoperability, and exclusionary 
conduct. It will analyze enforcement strategies and countervailing 
narratives, emphasizing the need for layered, context-sensitive 
antitrust scrutiny that respects dynamic efficiency. Part II will turn 
to copyright law, focusing on transformative use, market harm, and 
emerging licensing practices. The Part will also propose adopting 
analytical tools from antitrust, such as market substitution tests, to 
improve fair use analysis. Part III will address identity-based harms 
and data commodification by arguing for a new data right. Drawing 
from the right of publicity and information privacy law, it will 
propose a bifurcated framework distinguishing between personality-
based and behavioral control claims to restore individual autonomy 
in AI training and deployment. The Article will conclude with a call 
for structured regulatory coordination. Through cross-agency 
collaboration, regulatory sandboxes, and interoperable standards, 
polyphonic regulation offers a principled, pluralistic path forward, 
one capable of promoting innovation while preserving dignity, 
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competition, and democratic accountability in the age of generative 
AI. 
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Introduction 

Hernan Diaz’s Pulitzer Prize-winning novel Trust offers an innovative 
narrative of wealth, deceit, and power set against the backdrop of s 
New York, a time when capitalism reigned supreme.1 The novel 
masterfully unfolds the same story from four distinct perspectives, each 
offering a different version of events and challenging the reader to discern 
the elusive truth.2 Through these multiple voices, Diaz explores the 
interplay between perception and reality, illustrating how wealth and 
influence can shape, distort, and rewrite history depending on who 
controls the narrative.3 

Just as Diaz’s novel compels readers to question who gets to author 
the truth in a world of concentrated wealth and influence, today’s debates 
over generative AI and market power raise similar questions about who 
shapes technological progress and on whose terms. As a handful of 
powerful tech companies dominate the development and deployment of 
foundation models, antitrust regulators guard against market 
concentration that threatens to stifle innovation and limit consumer 
choice.4 These companies train their systems on massive datasets, often 
comprising copyrighted works, enabling them to replicate styles, patterns, 
and structures embedded therein.5 These practices expose deep-seated 
doctrinal tensions between innovation and control, openness and 
exclusivity, public benefit and private rights. 

This Article contributes to the literature by explaining how these 
tensions arise and how we might resolve them through polyphonic 
regulation. Drawing on the musical concept of polyphony, where distinct 
melodic lines retain their individuality while contributing to a 
harmonious whole, this approach envisions a regulatory framework in 
which antitrust, copyright, the right of publicity, and information privacy 
operate in coordinated, non-hierarchical interplay. Each body of law 
brings normative commitments and institutional logic, offering unique 
but complementary insights into generative AI’s societal impact. In 
contrast to frameworks that seek doctrinal unification or convergence 
through top-down harmonization, polyphonic regulation embraces 
structured pluralism. Just as Trust compels the reader to reconcile 
competing narratives to arrive at a deeper understanding, policymakers 
must harmonize diverse legal perspectives to craft a regulatory response 
that is both coherent and context sensitive. 

 

 1 Trust, by Hernan Diaz (Riverhead Books), THE PULITZER PRIZES, https://perma.cc/QU-HD. 

 2 Melissa Gouty, Who Can You Believe? Read the Pulitzer-Prize-Winning Novel, TRUST, by Hernan 
Diaz, LITERATURE LUST (Mar. , ), https://perma.cc/WH-FTPD. 

 3 Id. 

 4 See infra Part I. 

 5 See infra Part I. 
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Part I examines how generative AI restructures market dynamics 
across the vertically integrated AI “stack,” from infrastructure and data to 
foundational models and end-user applications. It analyzes how 
dominant firms may leverage control at each layer to restrict 
interoperability, foreclose rivals, and shape innovation pathways. It calls 
for layered antitrust scrutiny attentive to structural risks and 
countervailing forces, including open-source competition, synthetic data, 
and global market entrants. Part II explores how copyright law, 
particularly the fair use doctrine, mediates conflicts between innovation 
and authorial control in the context of AI training. It evaluates approaches 
to transformative use, market substitution, and licensing; and proposes 
borrowing market analysis tools from antitrust to improve the doctrinal 
coherence of fair use. Part III turns to commodifying identity and 
behavioral data in generative AI, where existing frameworks leave critical 
gaps. It advances tiered data rights, grounded in the right of publicity and 
information privacy, to protect against unauthorized use of personal 
attributes and to restore individual autonomy in AI-driven ecosystems. 

I.  In the Crosshairs of Antitrust 

Understanding how generative AI reshapes market structures 
requires a layered antitrust analysis that accounts for the unique dynamics 
of data, compute, and model access. Unlike traditional tech markets, AI 
development is characterized by a vertically integrated “stack” of 
infrastructure, foundational models, and downstream applications, each 
with potential choke points. This Part explores how dominant firms may 
leverage their control at one or more layers to entrench their market 
positions, restrict interoperability, and foreclose competitors, even 
without traditional mergers or acquisitions. 

A.  Antitrust Risks 

AI product development typically unfolds in three stages: 
development by large tech incumbents, innovation by smaller startups, 
and acquisition or integration into dominant platforms.6 This progression 
highlights the dynamic and competitive nature of AI product 
development, where innovation at the startup level frequently fuels 
growth and acquisition strategies at higher levels.7 Each stage relies on 
critical data, computational infrastructure, and technical expertise that 

 

 6 See Brad Nikkel, How the AI Business World Actually Works: A Startup’s War, DEEPGRAM (Jan. , 
), https://perma.cc/WJM-SEDY. 

 7 See Kit Eaton, Is Big Tech’s Spending Stifling AI Startup Innovations?, INC. (Apr. , ), 
https://perma.cc/JJ-ZT. 
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have all become increasingly centralized.8 Incumbents enjoy 
disproportionate control over key computational layers and proprietary 
datasets.9 By contrast, smaller players face structural exclusion without 
shared standards or legal obligations for interoperability.10 

The rise of partnerships like Microsoft-OpenAI and Google-
Anthropic, alongside efforts by Amazon, Apple, and Meta, suggests a 
potential duopoly or oligopoly in foundation model development.11 The 
high concentration of control over foundational inputs allows a handful 
of firms to leverage their position in ways that may distort competition, 
raise concerns about market dominance, and reduce innovation.12 
Determining when strategic partnerships and data-sharing agreements 
among AI developers cross into antitrust violations requires careful legal 
parsing. 

Antitrust jurisprudence has long recognized the importance of 
preserving competitive dynamics not for the sake of competitors, but 
rather to safeguard competition itself, which ultimately benefits 
consumers through lower prices, higher quality goods and services, and 
increased innovation.13 Under Section  of the Sherman Act, courts focus 
on identifying whether a prohibited “contract, combination . . . or 
conspiracy” exists.14 The critical factor is concerted action involving a 
“conscious commitment to a common scheme designed to achieve an 
unlawful objective.”15 The law targets agreements that deprive the 
marketplace of independent decision-making, posing unique 
anticompetitive risks compared to unilateral action, regardless of the 
latter’s potentially aggressive market impact.16 Liability requires proof, 
often circumstantial, of an agreement or concerted action, rather than 

 

 8 See Jai Vipra & Sarah Myers West, Computational Power and AI, AI NOW INST. (Sep. , ), 
https://perma.cc/YM-GUM. 

 9 Eaton, supra note  (“Critics say technology giants’ multibillion-dollar spending on AI 
infrastructure makes it hard for startups to compete.”). 

 10 See Tejas N. Narechania & Ganesh Sitaraman, An Antimonopoly Approach to Governing 
Artificial Intelligence,  YALE L. & POL’Y REV. , – (). 

 11 Assad Abbas, The AI Monopoly: How Big Tech Controls Data and Innovation, UNITE.AI (Dec. 
, ), https://perma.cc/EZD-DR. 

 12 For example, firms with exclusive rights to vast datasets can deny access to rivals or impose 
restrictive licensing terms, limiting market competition. With control over all computational layers, 
cloud computing, foundational models, and data, incumbents can create insurmountable barriers to 
meaningful competition. 

 13 The Antitrust Laws, FTC, https://perma.cc/Q-FYZU (“Yet for over  years, the antitrust 
laws have had the same basic objective: to protect the process of competition for the benefit of 
consumers, making sure there are strong incentives for businesses to operate efficiently, keep prices 
down, and keep quality up.”). 

 14  U.S.C. § . 

 15 Monsanto Co. v. Spray-Rite Serv. Corp.,  U.S. ,  (). 

 16 Am. Needle, Inc. v. NFL,  U.S. , – (). 
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mere parallel behavior or independent conduct.17 This analytical precision 
helps antitrust regulators differentiate between legitimate collaborative 
innovation and unlawful coordination that undermines competition. 
This distinction is crucial to evaluating the complex interplay of firms 
within the layered GenAI stack, a layered model encompassing 
infrastructure (e.g., chips and cloud services), foundation models, and 
applications. 

Understanding the nature of coordination is only one part of the 
inquiry. Dominant firms may engage in exclusionary conduct under 
Section  of the Sherman Act that exploits structural advantages across 
the AI stack.18 Historical antitrust precedents on exclusionary conduct, 
such as United States v. Microsoft Corp.,19 underscore the potential 
competitive risks of proprietary systems that inhibit interoperability.20 
Modern AI markets mirror these dynamics: Dominant firms may 
foreclose rivals by controlling access to training data and model 
Application Programming Interfaces (“APIs”).21 The lack of 
interoperability between AI systems exacerbates this problem, as smaller 
firms cannot develop alternative models or engage on equal footing.22 
Without shared standards or legal frameworks to govern data access and 
use, dominant firms retain disproportionate influence over the rules of 
engagement in AI-driven markets. 

Coupled with access bottlenecks is the risk that incumbents will 
control the direction of innovation. Dominant AI platforms may benefit 
from what Hideyuki Matsumi and Daniel Solove describe as a “self-
fulfilling prophecy problem.”23 Platforms reflect and shape demand by 
designing systems that predict and amplify certain user behaviors, such as 
what they will click, consume, or create.24 These feedback loops can 
entrench incumbents, marginalize alternative creators, and bias 
algorithmic training toward commercially dominant content, thereby 

 

 17 Theatre Enters., Inc. v. Paramount Film Distrib. Corp.,  U.S. , – (). 

 18 See  U.S.C. § . 

 19  F.d  (D.C. Cir. ) (per curiam). 

 20 See id. at – (discussing Microsoft’s proprietary software that prevented access to 
competitors’ products); see also United States v. Paramount Pictures, Inc.,  U.S. , – () 
(prohibiting vertical integration among major studios that owned both the means of film production 
and the distribution channels). 

 21 See Thibault Schrepel & Alex ‘Sandy’ Pentland, Competition Between AI Foundation Models: 
Dynamics and Policy Recommendations, at – (), https://perma.cc/XV-A. 

 22 BIPARTISAN A.I. TASK FORCE, TH CONG., BIPARTISAN H. TASK FORCE REPORT ON ARTIFICIAL 

INTELLIGENCE, , ,  () (submitted by Co-Chairs Jay Obernolte & Ted W. Lieu); see also 
Robert Koch, Interoperability and the Future of Machine Learning, CLICKWORKER, 
https://perma.cc/NUT-NNR. 

 23 Hideyuki Matsumi & Daniel J. Solove, The Prediction Society: AIand the Problems of Forecasting 
the Future,  U. ILL. L. REV. ,  (). 

 24 See id. at –. 
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reinforcing the incumbents’ market position under the guise of user 
choice or personalization.25 

Regulators examine AI markets through the “GenAI stack” lens to 
counteract anticompetitive threats.26 For instance, the DOJ and FTC have 
launched parallel antitrust investigations into AI market leaders 
Microsoft, OpenAI, and Nvidia, reflecting a coordinated federal effort to 
assess potential anticompetitive conduct.27 The “GenAI stack” framing 
allows agencies to identify potential bottlenecks and anticompetitive 
conduct at each layer, including exclusive access to compute and 
interoperability restrictions in end-user tools. Regulators also focus on 
conditional dealing, including bundling, exclusivity arrangements, and 
loyalty discounts.28 These practices may serve procompetitive functions, 
such as improving user experience or reducing transaction costs, but they 
can also foreclose competition if not properly limited or disclosed.29 

As the U.S. Supreme Court famously articulated, “antitrust laws were 
passed for ‘the protection of competition, not competitors,’” emphasizing 
that their purpose is “not to protect businesses from the working of the 
market; it is to protect the public from the failure of the market.”30 
Moreover, antitrust laws target conduct “which unfairly tends to destroy 
competition itself,” driven by a broader concern for public interest rather 
than private entities.31 This foundational antitrust principle reinforces the 
need for careful regulatory oversight in AI markets to prevent 
exclusionary or anticompetitive practices without stifling legitimate 
competitive vigor. Hence, a fuller understanding of generative AI markets 
also requires engagement with countervailing narratives that caution 
against regulatory overreach and highlight the dynamic potential of open-
source innovation and market entry. 

B.  Countervailing Narratives 

Not all observers agree that AI markets require aggressive antitrust 
intervention. For instance, Satya Marar cautions against overreliance on 
killer acquisition rhetoric without case-specific analysis of innovation 
 

 25 See id. 

 26 Brian C. Rocca, Minna Lo Naranjo, Leonidas Theodosiou & John Ceccio, Generative AI and 
Antitrust Enforcement: Understanding the GenAI ‘Stack’, LEXOLOGY (June , ), 
https://perma.cc/YK-SAPS. 

 27 See David McCabe, U.S. Clears Way for Antitrust Inquiries of Nvidia, Microsoft and OpenAI, N.Y. 
TIMES (June , ), https://perma.cc/JR-XNZQ. 

 28 Rocca et al., supra note . 

 29 Id. 

 30 Brooke Grp. Ltd. v. Brown & Williamson Tobacco Corp.,  U.S. ,  () (quoting 
Brown Shoe Co. v. United States,  U.S. ,  ()); Spectrum Sports, Inc. v. McQuillan,  
U.S. ,  (). 

 31 Spectrum Sports,  U.S. at . 
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effects and market context.32 Marar reported that a  survey of  tech 
acquisitions by major platforms found only one potential killer 
acquisition and argued that acquisitions integrate talent and technology 
to accelerate innovation by eliminating double marginalization, enabling 
economies of scale, or subsidizing model deployment across platforms.33 

Policymakers can also overestimate the entry barriers in AI markets 
by focusing primarily on the dominance of large incumbents and the 
control they exert over foundational technologies. For instance, few 
would have predicted twenty years ago that Google and Apple would 
become the most powerful companies in the world. Google controls the 
internet by solving the problem of information overload.34 Similarly, Apple 
solved the mobility problem by introducing the iPhone.35 Yet despite 
Google’s dominance in search, Android phones have not eclipsed Apple’s 
dominance in mobile hardware.36 

In AI markets, open-source AI models are powerful forces that can 
mitigate barriers to entry. Their meteoric rise offers a compelling 
counternarrative to incumbent entrenchment. For instance, DeepSeek, 
launched in early , was trained with second-tier chips but 
outperformed Meta’s best models on some benchmarks at a fraction of the 
cost.37 DeepSeek R- achieved strong performance despite constrained 
hardware access, suggesting architectural efficiency can compensate for 
infrastructure gaps.38 Open-source platforms allow a global community of 
researchers, developers, and innovators to pool collective expertise, refine 
models, and address technical challenges collaboratively. As Kai-Fu Lee 
observed, DeepSeek’s disruptive pricing and technical efficiency have led 
companies like .AI to abandon proprietary model development entirely 
in favor of customizing DeepSeek’s offerings.39 According to Lee, the 
“biggest nightmare for Sam Altman is that his competitor is free,” a shift 
already prompting cancellations of paid ChatGPT subscriptions.40 This 
suggests that innovation may come from system-level efficiency and 

 

 32 SATYA MARAR, ARTIFICIAL INTELLIGENCE AND ANTITRUST LAW: A PRIMER  (Mercatus Ctr. at 
Geo. Mason Univ. ed., ). 

 33 Id. 

 34 Our Approach to Search, GOOGLE, https://perma.cc/KU-JAB. 

 35 Heather Kelly,  Ways the iPhone Changed Our Lives, CNN (June , , at : ET), 
https://perma.cc/GT-RMZA. 

 36 Jack Hamlin, Apple Dominates Global Smartphone Market with Record-Breaking Sales in Q, 
KANTAR (Feb. , ), https://perma.cc/ZZC-UEL. 

 37 Chinese AI Is Catching Up, Posing a Dilemma for Donald Trump, THE ECONOMIST (Jan. , ), 
https://perma.cc/SCE-ZUJC. 

 38 See id. 

 39 Matthias Bastian, Kai-Fu Lee Says OpenAI’s Sam Altman “Probably Not Sleeping Well” as .AI 
Pivots to DeepSeek, THE DECODER (Mar. , ), https://perma.cc/FCP-MJXL. 

 40 Id. 
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creative workarounds, not just brute-force computing and data 
dominance. 

Regulators are convinced that open standards will help ensure viable 
competition in AI markets.41 At the same time, the FTC has flagged its 
concern over “open first, closed later” strategies, where firms release 
open-source models to attract users and accrue data advantages, only to 
close access later and lock users into proprietary ecosystems.42 This 
practice may undermine long-term competition by creating data-driven 
“moats” while superficially appearing procompetitive.43 Many companies 
train open models on corpora curated or hosted by dominant firms.44 
Moreover, as firms impose new licensing restrictions on model weights 
and outputs, the promise of openness may increasingly resemble a 
strategic deployment of selective transparency. In this light, open-source 
AI serves less as a structural corrective and more as a contingent, 
contestable layer within an ecosystem still shaped by concentration in 
data, compute, and distribution. 

A second source of competitive pressure comes from off-the-shelf AI 
models, available through open-source platforms and commercial APIs 
that enable smaller companies to customize and personalize AI 
applications in niche markets without massive data resources. For 
example, Hugging Face and its Model Hub provide pre-trained models 
that smaller firms can fine-tune for specific applications, reducing the 
need for costly training runs.45 This accessibility reduces the competitive 
gap between large incumbents and smaller players, allowing startups and 
mid-sized companies to build innovative applications that meet specific 
market demands. In this environment, the advantage increasingly lies in 
leveraging and refining foundation models for specialized use cases, not 
necessarily in controlling vast datasets. As a result, the source of 
competitive advantage may shift away from access to vast proprietary 
datasets to foundation models that can be fine-tuned for specific 
applications. 

The third source of competitive pressure comes from global 
competition. The DeepSeek model and the wave of Chinese AI models 
that followed illustrate how global competition is reshaping the 
economics of generative AI. DeepSeek’s success triggered a proliferation 
of high-performing, open-source models across China’s tech sector, 

 

 41 On Open-Weights Foundation Models, FTC: OFF. OF TECH. BLOG (July , ), 
https://perma.cc/MUQ-MHHD. 

 42 Generative AI Raises Competition Concerns, FTC: OFF. OF TECH. BLOG (June , ), 
https://perma.cc/XBQ-GN. 

 43 Id. 

 44 Sara Fischer, Exclusive: Ziff Davis Study Says AI Firms Rely on Publisher Data to Train Models, 
AXIOS (Nov. , ), https://perma.cc/Z-HRBL. 

 45 Fine-Tuning, HUGGING FACE: TRANSFORMERS, https://perma.cc/MAM-LWX. 
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including from firms like Baidu, Alibaba, and Tencent.46 Competitors 
rapidly introduce these models abroad, undercutting premium offerings 
from firms like OpenAI and Google.47 China’s rapid catch-up in generative 
AI has reframed assumptions about innovation and access. The resulting 
business model shockwaves raise regulatory questions about access and 
the sustainability of closed-model economics in a fast-moving AI 
ecosystem. It also suggests that U.S. enforcement priorities must consider 
competitive dynamics beyond national borders. 

Fourth, access to data is becoming less relevant as an entry barrier to 
AI markets. Synthetic data allows firms to bypass the need for large-scale 
data collection.48 This trend reflects a growing recognition that we may 
have reached “peak data,” as experts like Demis Hassabis and Ilya 
Sutskever have observed.49 Firms can use synthetic data generated by AI 
models to simulate real-world datasets to train and fine-tune models 
without requiring access to vast amounts of sensitive or proprietary data.50 
Synthetic data can also empower smaller companies to develop 
competitive AI models that rival data-rich incumbents by generating 
high-quality, diverse, and scalable training data.51 

Further, the finite nature of internet-scale datasets limits the 
scalability of current training paradigms, pushing developers toward 
efficiency, architectural innovation, and synthetic augmentation. Facing 
the limitations of the “more data, more compute” paradigm, OpenAI has 
shifted toward developing “reasoning” models like o and o-mini which 
are capable of outperforming state-of-the-art models.52 The model breaks 
from prior large language models (“LLMs”) by focusing on step-wise 
reasoning through problems, offering more deliberate and accurate 
outputs in areas previously susceptible to hallucination or guesswork.53 
OpenAI’s Noam Brown noted that in some cases, adding twenty seconds 
of reasoning time improved performance as much as scaling the model 

 

 46 Saritha Rai & Yazhou Sun, China Floods the World With AI Models After DeepSeek Success, 
BLOOMBERG: TECHNOLOGY (Mar. , ), https://perma.cc/MXN-ZW. 

 47 Id. 

 48 Alden Abbott & Satya Marar, Is Data Really a Barrier to Entry? Rethinking Competition 
Regulation in Generative AI  (Mar. ) (Geo. Mason Univ. Mercatus Ctr., Working Paper) 
(https://perma.cc/SRE-GCS). 

 49 Cade Metz & Tripp Mickle, Is the Tech Industry Already on the Cusp of an A.I. Slowdown?, N.Y. 
TIMES (Dec. , ), https://perma.cc/ZFA-H. 

 50 Id. 

 51 Tom Simonite, Some Startups Use Fake Data to Train AI, WIRED (Apr. , , at : ET), 
https://perma.cc/AM-. 

 52 Maxwell Zeff, OpenAI Launches a Pair of AI Reasoning Models, o and o-Mini, TECHCRUNCH 

(Apr. , , at : PT), https://perma.cc/UHW-PDG. 
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,-fold.54 These constraints elevate the strategic importance of 
curated small datasets and may shift the locus of competitive advantage 
away from raw data accumulation. 

In sum, AI markets are complex, and antitrust enforcement in AI 
markets should be flexible, calibrated, and empirically grounded. Under 
neo-Brandeisian leadership, the FTCchallenged the narrative that 
technological progress lifts all boats.55 Instead, it saw a real risk that 
unchecked technological progress would exacerbate inequities beyond 
cost, access, and innovation concerns.56 On the other hand, critics have 
argued that recent antitrust investigations into AI companies like Nvidia 
depart from the consumer welfare standard, the traditional benchmark in 
U.S. competition law, instead reflecting a “big is bad” mentality. For 
instance, Jennifer Huddleston warns that regulators increasingly 
emphasize competitor protection and hypothetical market harms over 
tangible consumer outcomes such as price, innovation, and choice.57 
Favoring structural presumptions and rejecting the consumer welfare 
standard may impose high administrative and error costs.58 Marar 
contends that such approaches risk chilling procompetitive mergers, 
especially in innovation-driven sectors like AI, by overemphasizing 
concentration and underestimating market dynamism and efficiency 
gains from integration.59 

Generative AI developers often rely on copyrighted materials to train 
their models, incorporating vast datasets that include books, music, 
images, and other creative works.60 This practice has prompted copyright 

 

 54 Michael Nuñez, OpenAI Scientist Noam Brown Stuns TED AI Conference: ‘ Seconds of 
Thinking Worth ,x More Data’, VENTUREBEAT (Oct. , , at : ET), 
https://perma.cc/F-HF. 

 55 MARAR, supra note , at –. 

 56 See, e.g., Rebecca Kelly Slaughter, Janice Kopec & Mohamad Batal, Algorithms and Economic 
Justice: A Taxonomy of Harms and a Path Forward for the Federal Trade Commission,  YALE J.L. & TECH. 
,  (). 

 57 Jennifer Huddleston, The Misguided Antitrust Investigations in AI, CATO INST.: CATO AT LIBERTY 
(Sep. , , at : ET), https://perma.cc/XYW-ZLQ. 

 58 Giorgio Castaldo & Songrim Koo, The Use of Structural Presumptions in Antitrust , (OECD 
Roundtables on Competition Policy Papers, No. : The Use of Structural Presumptions in Antitrust, 
), https://perma.cc/DDG-HFJZ (noting that structural presumptions may “increase potential 
error-costs, requiring competition authorities or courts to consider potential trade-offs between 
different enforcement strategies” such as certainty, administrability, and efficiency in decision-
making versus accuracy); see also Bruce H. Kobayashi & Timothy J. Muris, Turning Back the Clock: 
Structural Presumptions in Merger Analyses and Revised Merger Guidelines (Feb. , ), 
https://perma.cc/ZG-XVR (“Moreover, even if the use of standards illuminated by complex models 
and data can theoretically outperform structural rules through lower error costs, the higher costs of 
administration could make a standards-based system more costly overall in practice.”). 

 59 MARAR, supra note , at –. 

 60 See infra Part II. 



] Polyphonic AI Regulation  

infringement lawsuits.61 While proponents of generative AI argue that 
training datasets transform copyrighted works into new, independent 
outputs, critics contend that these practices exploit copyrighted works 
without acknowledgment or compensation.62 This conflict underscores 
the intersection of copyright and antitrust law, as dominant firms’ ability 
to harness copyrighted materials without oversight raises infringement 
questions and implicates antitrust concerns by concentrating market 
power. For the reasons above and those that follow, antitrust regulators 
should be slow to condemn text and data mining using copyrighted 
materials under antitrust law. 

C.  Antitrust Law in Copyright Markets 

In December , responding to the U.S. Copyright Office’s inquiry 
on AI and copyright, the FTC signaled its concern over the competitive 
implications of generative AI technologies.63 First, the FTC warned that 
permissive copyright regimes might enable powerful AI developers to 
leverage proprietary data to monopolize downstream markets further, 
potentially disadvantaging smaller creators and innovators.64 Second, the 
FTC highlighted that using copyrighted content to train machine learning 
models could create anticompetitive effects by diminishing the future 
value of original works.65 When this erosion of value results from the 
misuse of copyrighted content or the monopolistic control of training 
data, it may cross the line into anticompetitive behavior. Third, the FTC 
flagged concerns regarding indemnification practices, where AI 
companies may shield themselves from liability by shifting the legal risk 
to downstream users.66 The concern is that this practice could further 
entrench market dominance by creating asymmetrical risk distribution, 
disadvantaging smaller competitors who lack the resources to absorb such 
liabilities. 

Significantly, the FTC’s letter also made clear its willingness to deploy 
antitrust law to curb anticompetitive behavior by AI developers, even in 
scenarios where those developers have not technically infringed upon 
copyrighted material or have relied on fair use defenses.67 As Peter Yu and 

 

 61 See infra Part II. 

 62 Compare Amicus Brief of Copyright Law Professors at –, Kadrey v. Meta Platforms, Inc., No. 
:-cv- (N.D. Cal. July , ) with Pamela Samuelson, Fair Use Defenses in Disruptive 
Technology Cases,  UCLA L. REV. , – (). 

 63 FTC, Comment Letter on Notice of Inquiry and Request for Comments on Artificial 
Intelligence and Copyright (Oct. , ), https://perma.cc/Y-AUQ. 

 64 Id. at . 

 65 Id. at . 

 66 Id. at . 

 67 Id. at . 
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the Author observed, the interface between antitrust and copyright faces 
technological and ideological disruption.68 Technologically, the elements 
that antitrust law seeks to regulate, such as access to data, computing, and 
distribution channels, are essential to the success of AI developers.69 
Ideologically, the policy terrain has shifted from Chicago School 
orthodoxy to Neo-Brandeisian structuralism, complicating how 
regulators approach AI markets.70 Targeting indemnification practices as 
anticompetitive could endanger AI developers from shielding users, who 
are often entangled in emerging copyright disputes, from legal risk. Yet 
banning indemnity clauses in only one direction (e.g., from users to 
developers but not vice versa) may do little to curb coercive dynamics 
unless policymakers address mutual indemnification more 
comprehensively. Indemnification is a standard industry practice that 
promotes user adoption and mitigates uncertainty in emerging 
technologies.71 Treating this practice as suspect risks chilling innovation 
and deterring responsible AI development.72 

Whether antitrust law should be the vehicle for addressing copyright-
adjacent harm remains a matter of institutional design, particularly where 
copyright law already incorporates competition-sensitive doctrines such 
as fair use. Doctrinally, the FTC blurs the line between competition policy 
and copyright law by signaling its willingness to use antitrust law even 
where AI developers succeed in their fair use defense.73 This approach 
raises concerns about regulatory overreach, potentially subjecting AI 
firms to duplicative and conflicting enforcement regimes. 

II. Copyright’s Competition Policy 

If antitrust law focuses on competitive structure and market access, 
copyright law governs generative AI’s expressive inputs and outputs. 
Together, they help frame the legal boundaries of innovation by 
addressing concentration and exclusion while also defining permissible 
use and market harm. This Part examines how copyright doctrine, 
particularly fair use, shapes the development and dissemination of AI-
generated content. Current opt-out mechanisms designed to protect 

 

 68 Daryl Lim & Peter K. Yu, The Antitrust-Copyright Interface in the Age of Generative Artificial 
Intelligence,  EMORY L.J. ,  (). 

 69 Id. at . 

 70 Id. at , . 

 71 Devin R. Bates, Mitigating Risks in Generative AI Integration: The Importance of Indemnification 
Provisions, MITCHELL WILLIAMS: BLOG (Apr. , ), https://perma.cc/X-FLNJ. 

 72 See Lim & Yu, supra note , at . 

 73 Id. at . 
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copyrighted works, such as robots.txt, are ineffective at scale.74 The result 
is a system where non-consensual use has become the default, not the 
exception.75 Therefore, whether AI developers can use content without 
prior authorization has far-reaching consequences for the creative and AI 
industries. 

A.  Fair Use 

Copyright law promotes creativity by granting authors exclusive 
rights to their work and ensuring creators receive economic rewards.76 Fair 
use limits those exclusive rights for uses aimed at developing new 
technologies that provide significant public benefits.77 Courts apply a 
four-factor test: () the purpose and character of the use, including 
whether it is transformative; () the nature of the copyrighted work; () 
the amount and substantiality of the portion used; and () the effect of the 
use on the potential market for or value of the work.78 Courts have often 
emphasized the first and fourth factors as particularly important.79 

In an amicus brief filed in Kadrey v. Meta Platforms, Inc.,80 a few law 
professors argued that Meta’s ingestion of entire works to train its LLaMA 
models was not “transformative.”81 Unlike parody or commentary, which 
reinterpret a particular work, Meta’s training purpose was to merely 
absorb the expressive content to generate substitute outputs, often in the 
same market.82 The brief highlights that plaintiffs’ works were intended to 
cultivate knowledge and skill, precisely the functional outcome Meta’s 

 

 74 Zulekha Nishad, Google Dismisses LLMs.txt as Ineffective and Unused by AI Bots, STAN 

VENTURES (June , ), https://perma.cc/TF-A. 

 75 Enze Liu, Elisa Luo, Shawn Shan, Geoffrey M. Voelker, Ben Y. Zhao & Stefan Savage, Somesite 
I Used to Crawl: Awareness, Agency and Efficacy in Protecting Content Creators from AI Crawlers, CORNELL 

UNIV.: ARXIV (May , ), https://perma.cc/LAE-SCZ (highlighting that while tools like robots.txt 
exist to prevent web crawling, they are often ineffective against AI data collection). 

 76 U.S. CONST. art. I, § , cl.  (“To promote the Progress of Science and useful Arts, by securing 
for limited Times to Authors and Inventors the exclusive Right to their respective Writings and 
Discoveries . . . .”); see also Harper & Row, Publishers, Inc. v. Nation Enters.,  U.S. ,  () 
(“The rights conferred by copyright are designed to assure contributors to the store of knowledge a 
fair return for their labors.”). 

 77  U.S.C. § . 

 78 Id. 

 79 See, e.g., Harper & Row,  U.S. at  (calling the fourth factor, market effect, “undoubtedly 
the single most important element of fair use”); see also Authors Guild v. Google, Inc.,  F.d , 
 (d Cir. ) (explaining that the more the first factor weighs in favor of fair use, the less weight 
will be given to the other factors). 

 80 No. :-cv-, (N.D. Cal. July , ). 

 81 Amicus Brief of Copyright Law Professors, supra note , at . 

 82 Id. at . 
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models aim to reproduce.83 Consequently, there is no divergence in 
purpose sufficient to sustain a transformative use defense. 

Moreover, the professors challenge Meta’s reliance on analogies to 
“non-expressive use” and “intermediate copying,” arguing that the 
training process is fundamentally expressive: LLaMA models are 
optimized to reproduce linguistic patterns drawn from copyrighted 
works.84 Meta’s “commercial” deployment of these models further 
weakens its fair use claim, particularly given its revenue-sharing 
arrangements with model-hosting platforms.85 The brief underscores that 
allowing AI firms to copy works en masse without a license erodes the 
copyright system’s incentives for human creativity and puts authors at a 
structural disadvantage.86 

These arguments echo the arguments heard elsewhere on this issue.87 
The conflict itself echoes earlier battles over library photocopying and 
corporate research copying. In Williams & Wilkins Co. v. United States,88 the 
court found fair use in scientific research photocopying by nonprofit 
institutions, emphasizing minimal market harm and public benefit.89 By 
contrast, in American Geophysical Union v. Texaco,90 the court ruled against 
fair use where photocopying by corporate researchers undermined the 
emerging licensing market operated by the Copyright Clearance Center.91 
These cases suggest that fair use defenses for AI training may hinge on 
whether the courts view current uses as transformative and whether 
robust licensing alternatives exist. 

B.  Transformative Use and Public Interest 

The Supreme Court’s decision in Campbell v. Acuff-Rose Music, Inc.92 
introduced the concept of “transformative use” as a touchstone for fair 

 

 83 Id. at . 

 84 See id. at –. 

 85 Id. at . 

 86 Id. at , . 

 87 See, e.g., Joe Pompeo, Inside the Legal Tussle Between Authors and AI: “We’ve Got to Attack This 
from All Directions”, VANITY FAIR (Oct. , ), https://perma.cc/WWF-KWUS. 

 88  F.d  (Ct. Cl. ). 

 89 Id. at . 

 90  F.d  (d Cir. ). 

 91 Id. at –. 

 92  U.S.  (). 
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use.93 This concept was later expanded in Google v. Oracle America, Inc.94 to 
consider public benefits, particularly in the context of technological 
advancement.95 In that case, Google’s use of Oracle’s Java API was deemed 
fair use, partly because it enabled the development of a new and 
innovative platform that benefited developers and consumers alike.96 

The Kadrey amici argue that training LLMs on copyrighted works is 
not transformative because the models do not parody, comment on, or 
add meaning to individual works.97 However, this is a reductive reading of 
Campbell and Google, which explicitly recognizes that transformation may 
arise not from commentary on a specific work but from new analytical or 
functional use.98 LLMs use copyrighted inputs to detect semantic patterns 
at scale, not to re-express those works but to build statistical relationships 
among words, grammar, and ideas.99 This functional repurposing 
represents a paradigmatic example of transformative use. 

As discussed in Section I.B, the evolution of “reasoning systems” 
further proves that LLM training serves a fundamentally functional and 
not expressive purpose. Modern chatbots “think[] through” problems by 
decomposing tasks, iterating on solutions, and rechecking intermediate 
steps before producing an answer.100 This behavior, facilitated by 
reinforcement learning, reflects not the expressive reproduction of source 
texts but the development of generalizable problem-solving strategies.101 
These processes rely on input data but do not merely reproduce that 
 

 93 Id. at  (“The central purpose of this investigation is to see . . . whether the new work merely 
‘supersede[s] the objects’ of the original creation, or instead adds something new, with a further 
purpose or different character, altering the first with new expression, meaning, or message . . . .” 
(citation omitted)). 

 94  S. Ct.  (). 

 95 Id. at  (“[W]e must take into account the public benefits the copying will likely produce.”). 

 96 Id. at –. 

 97 Amicus Brief of Copyright Law Professors, supra note , at –. 

 98 Campbell,  U.S. at  (noting that transformative works further the goal of copyright and 
that such transformation need not always involve direct commentary on the original); Google,  S. 
Ct. at  (“[W]here Google reimplemented a user interface, taking only what was needed to allow 
users to put their accrued talents to work in a new and transformative program, Google’s copying of 
the Sun Java API was a fair use of that material as a matter of law.”). 

 99 See Matthew Sag, Fairness and Fair Use in Generative AI,  FORDHAM L. REV. , – 
(). 

 100 See, e.g., Shuhe Wang et al., Reinforcement Learning Enhanced LLMs: A Survey, CORNELL UNIV.: 
ARXIV(Feb. , ), https://perma.cc/NZU-MQEC (discussing how reinforcement learning 
techniques, such as Reinforcement Learning from Human Feedback (“RLHF”), are employed to 
enhance large language models (“LLMs”)). These methods focus on improving the models’ ability to 
generate accurate, coherent, and contextually appropriate responses by learning from feedback, 
rather than reproducing the expressive content of their training data. Id. 

 101 Like a student scribbling draft calculations in a notebook, the model uses probabilistic trial 
and error to internalize patterns that enable better performance. Cade Metz & Dylan Freedman, How 
Artificial Intelligence Reasons, N.Y. TIMES (Mar. , ), https://perma.cc/UYU-GNQ. 
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input’s expressive character. As search engines or plagiarism detectors rely 
on copyrighted content without copying expressive meaning, so do LLMs 
extract insights to enable new interaction and understanding, not 
substitution. It is also worth mentioning that the brief’s reliance on the 
“intermediate copying” doctrine misapplies cases like Sega Enterprises Ltd. 
v. Accolade, Inc.102 and Sony Computer Entertainment, Inc. v. Connectix 
Corp.,103 which validated fair use precisely because intermediate 
duplication was necessary to understand and interact with underlying 
systems.104 

From a competition policy perspective, AI-powered tools can lower 
barriers to entry for small businesses, entrepreneurs, and underserved 
communities by enabling more efficient operations, personalized 
learning, and improved decision-making.105 For example, AI can empower 
small businesses to access sophisticated analytics, automate routine 
processes, and expand their market reach without requiring the resources 
of large corporations.106 A  survey by designs found that over half 
of freelance designers use generative tools like Midjourney and Adobe 
Firefly for concept exploration and layout experimentation.107 These tools 
accelerate workflow and democratize access, particularly for small firms 
that lack the resources of major studios. This broadening of creative 
participation may strengthen arguments for fair use under the first factor 
by framing AI as an accessibility-enhancing tool rather than a replacement 
for human creativity. 

Moreover, while the concerns about AI-driven job displacement and 
rising inequality are valid, historical trends suggest that technological 
progress creates new opportunities and industries that ultimately offset 
the losses caused by automation.108 Throughout history, disruptive 
technologies, from the Industrial Revolution to the advent of the Internet, 
have initially displaced certain types of labor but eventually led to the 
emergence of new sectors and job categories that were previously 
unimaginable.109 AI, rather than solely eliminating jobs, has the potential 
to augment human capabilities and shift the workforce toward more 

 

 102  F.d  (th Cir. ). 

 103  F.d  (th Cir. ). 

 104 See id. at , ; Sega Enters. Ltd.,  F.d at , –. 

 105 Jordan Crenshaw, Enhancing Entrepreneurship: AI’s Big Impact on Small Business, U.S. CHAMBER 

OF COM. (May , ), https://perma.cc/LLN-PJ. 
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 107 Ben Khalesi,  Ways AI Is Changing the Game for Artists, Musicians, and Other Creators, 
ANDROID POLICE (Dec. , ), https://perma.cc/QJ-QDD. 

 108 JAMES MANYIKA ET AL., JOBS LOST, JOBS GAINED: WORKFORCE TRANSITIONS IN A TIME OF 

AUTOMATION – (McKinsey Glob. Inst. ed., ), https://perma.cc/RC-X. 

 109 ERIK BRYNJOLFSSON & ANDREW MCAFEE, THE SECOND MACHINE AGE: WORK, PROGRESS, AND 

PROSPERITY IN A TIME OF BRILLIANT TECHNOLOGIES – (). 
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creative, strategic, and cognitively demanding tasks that machines cannot 
easily replicate. 

Governments, industry leaders, and educational institutions are 
critical in designing retraining programs, supporting workforce 
transition, and fostering lifelong learning initiatives to equip workers with 
the skills necessary to thrive in an AI-driven economy. These are labor 
challenges, not copyright or antitrust ones. Countries that prioritize 
workforce adaptation and create pathways for reskilling can mitigate the 
negative effects of technological disruption and harness AI’s potential to 
enhance workforce productivity and economic inclusivity. In the 
copyright context, the goal should not be to prevent disruptive 
technologies but to ensure that legal doctrines and enforcement strategies 
adapt to protect competition and innovation in tandem. 

C.  Market Harm 

Courts have weighed the market effect factor heavily in their fair use 
analysis.110 Challenged uses that substitute and undermine the core 
commercial value of the original work or harm the potential market for or 
value of the original work are disfavored.111 However, not all market harm 
is cognizable under copyright law. Pamela Samuelson’s analysis of 
disruptive technology cases suggests that courts often uphold fair use 
when evidence of market harm is speculative or indirect, especially when 
the secondary use is transformative and serves public or educational 
purposes.112 

1.  Where Content Owners Are Likely to Succeed 

Content owners will likely succeed when unauthorized copying 
supplants or forecloses a reasonably anticipated licensing market. In 
Thomson Reuters Enterprise Centre GMBH v. Ross Intelligence Inc.,113 the 
court held that Ross Intelligence’s use of Westlaw headnotes and the key 
number system to train a competing AI legal research tool was not 
protected by fair use.114 Ross Intelligence’s use was not transformative 
because it served the same purpose as Westlaw’s systems, even though the 

 

 110 Harper & Row, Publishers, Inc. v. Nation Enters.,  U.S. ,  () (calling the fourth 
factor, market effect, “undoubtedly the single most important element of fair use”). 

 111 See Sony Corp. of Am. v. Universal City Studios, Inc.,  U.S. ,  () (noting that 
time-shifting by consumers using VCRs qualified as fair use because it did not materially harm the 
market for the original copyrighted content). 

 112 Samuelson, supra note , at . 

 113  F. Supp. d  (D. Del. ). 

 114 Id. at . 
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copied headnotes were not visible in the final product.115 Significantly, 
harm to potential derivative markets was sufficient to defeat fair use.116 
Even if Thomson Reuters had not yet licensed its headnotes for AI 
training, the court accepted that such a market could reasonably be 
expected to develop.117 Licensing markets for AI training data alter the fair 
use calculus and place the burden on AI developers to avoid foreseeable 
substitution effects. 

While Ross offers an early judicial roadmap, its precedential value for 
generative AI may be limited. The case involved non-generative AI, and a 
narrow dataset (, “bulk memos”) closely modeled on copyrighted 
headnotes.118 The court did not assess whether the model’s outputs 
infringed upon or examine how the AI learned from the inputs. While 
courts are receptive to arguments about actual or probable market harm, 
they are reluctant to infer harm solely from the failure to license when no 
coherent or scalable licensing system is in place.119 As Pamela Samuelson 
argued, allowing such claims would transform fair use into a dead letter 
and incentivize litigation as a tool to manufacture markets.120 

It is also worth noting that while licensing markets for AI training 
data may seem like a good middle ground between uncompensated use 
and outright prohibition, input licensing regimes may paradoxically 
entrench incumbent power structures. Large publishers and rights 
holders are best positioned to negotiate favorable licensing terms, enforce 
rights at scale, and integrate into commercial AI pipelines. By contrast, 
independent creators, academics, and small rights holders often lack the 
bargaining power, visibility, or infrastructure to participate meaningfully 
in these arrangements. The result is a bifurcated licensing landscape: 
Dominant firms obtain lawful access to premium inputs, while 
marginalized creators remain excluded or exploited. Moreover, the 
emergence of high-value licensing deals, such as those between major 
academic publishers and AI developers, may channel resources to already-
powerful intermediaries, reinforcing their gatekeeping roles and reducing 
the relative visibility or discoverability of smaller creators. Thus, even 

 

 115 Id. at  (“Ross was using Thomson Reuters’s headnotes as AI data to create a legal research 
tool to compete with Westlaw.”). 

 116 Id. at  (“I must consider not only current markets but also potential derivative ones ‘that 
creators of original works would in general develop or license others to develop.’” (quoting Campbell 
v. Acuff-Rose Music, Inc.,  U.S. ,  ())). 

 117 Id. (“And it does not matter whether Thomson Reuters has used the data to train its own legal 
search tools; the effect on a potential market for AI training data is enough.”). 

 118 Id. at , . 

 119 Samuelson, supra note , at  (“[T]he mere existence of licensing opportunities that 
defendants declined did not sink fair use defenses in CUP, Sega v. Accolade, and Google v. Oracle. Some 
courts, including Sony, have opined that the harm must be substantial enough to affect authorial 
incentives.”). 

 120 Id. at –. 
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well-intentioned licensing frameworks risk reifying informational 
hierarchies and converting copyright into a pay-to-play system that 
mirrors existing inequalities in the creative economy.121 

2.  Where AI Developers Are Likely to Succeed 

In the lawsuit the New York Times (“NYT”) filed against OpenAI and 
Microsoft, the plaintiffs argued that the unlicensed use of NYT content to 
train AI models like ChatGPT and Bing Chat directly undermines their 
subscription-based business model.122 They contend that these AI tools 
allow readers to bypass the NYT’s paywall by enabling users to access 
summaries or near-verbatim reproductions of their articles without 
subscription, thereby “obviat[ing] the need” to purchase access.123 
According to the complaint, this poses a significant threat to the 
newspaper’s ability to fund its journalism and maintain its subscriber 
base.124 

A closer examination of the facts suggests that this narrative is 
overstated and fails to account for the realities of the media landscape. 
The NYT remains a thriving enterprise, far from being financially harmed 
by generative AI. In , The New York Times Company reported total 
revenue of $. billion, marking a .% increase from the previous year.125 
It added , subscribers in just one quarter to its total subscriber 
count of over . million.126 This robust performance undermines the 
claim that AI models trained on NYT content are causing substantial 
harm to its market position. 

Moreover, the NYT’s insistence that OpenAI’s failure to obtain a 
license amounts to copyright infringement is a circular argument. 
Licensing is not a prerequisite for fair use; the very purpose of the doctrine 
is to allow certain uses without permission when the public interest 
outweighs the potential harm to the copyright holder.127 After all, 
copyright is utilitarian.128 Its constitutional purpose is to promote the 

 

 121 See generally Daryl Lim, AI, Equity, and the IP Gap,  SMU L. REV. ,  (). 

 122 Audrey Pope, NYT v. OpenAI: The Times’s About-Face, HARV. L. REV.: BLOG (Apr. , ), 
https://perma.cc/PPQ-MC. 
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 125 Katie Robertson, New York Times Reports , Additional Digital Subscribers, N.Y. TIMES 
(Feb. , ), https://perma.cc/SUZ-UGH. 
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 127 See Samuelson, supra note , at  (“[T]his argument is circular since it would, in effect, 
preclude defendants from raising a successful fair use defense as long as plaintiffs expressed a desire 
to grant a license for the use. Yet, courts generally recognize that acceding to such claims would defeat 
Congress’s purpose in codifying fair use.”). 

 128 See Sara K. Stadler, Forging a Truly Utilitarian Copyright,  IOWA L. REV. ,  (). 
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progress of science and the useful arts, not to shield incumbents from fair 
competition.129 This perspective supports a balanced approach that avoids 
presuming harm in emerging AI contexts. If AI-generated outputs do not 
serve as market substitutes and instead provide new, non-substitutive 
insights or functionalities, the absence of a license becomes irrelevant to 
the fair use analysis. 

The Kadrey brief similarly overstated the relevance of commerciality. 
While Meta may earn revenue through LLaMA-based applications, 
Campbell instructs that commercial uses can still be fair when they are 
transformative.130 U.S. copyright law has consistently allowed functional 
repurposing of works, even by for-profit actors, when the new use furthers 
access to information, expands knowledge, or enables research.131 The 
amici’s assertion that AI model outputs inherently compete with human-
authored works also lacks nuance. Generative outputs may occupy 
overlapping expressive domains, but this is not dispositive. Market harm 
must be concrete, not speculative, and must account for whether the use 
usurps a traditional, reasonable, or likely-to-be-developed licensing 
market. 

A further complication in assessing fair use claims in generative AI is 
what Hideyuki Matsumi and Daniel Solove call the “unfalsifiability 
problem.”132 Predictions about future behavior, such as whether an AI 
system will substitute for a human author, are unverifiable when the claim 
is made. This temporal indeterminacy complicates the application of fair 
use’s fourth factor, which relies on credible evidence of actual or potential 
market harm. Courts accustomed to evaluating harm based on past or 
current facts are poorly positioned to adjudicate speculative or emergent 
markets, especially where AI tools are still evolving. 

While concerns about attribution, transparency, and fair 
compensation for creators are valid and deserving of attention, it is 
essential to move beyond the overly simplistic narrative of “intellectual 
theft” that often dominates public discourse. This narrative obscures the 
fact that AI training is transformative, often resulting in outputs distinct 
from the underlying works. As Ross demonstrated, courts can fully address 
genuine instances of market substitution and competitive harm without 
resorting to expansive theories of infringement that conflate 
transformative AI uses with direct competition.133 
 

 129 See Lim & Yu, supra note , at  & n.. 

 130 See Campbell v. Acuff-Rose Music, Inc.,  U.S. , – (). 

 131 See, e.g., Authors Guild v. Google, Inc.,  F.d , – (d Cir. ) (holding that 
Google’s digitization of millions of books and the display of “snippets” in search results constituted 
fair use because the use was “highly transformative” and provided a public benefit by improving access 
to information, even though Google was a for-profit entity). 

 132 Matsumi & Solove, supra note , at  (). 

 133 See generally Thomson Reuters Enter. Ctr. GMBH v. Ross Intel. Inc.,  F. Supp. d  (D. 
Del. ). 
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In sum, when generative AI models ingest copyrighted works to 
generate new, distinct outputs, and when plaintiffs fail to show actual or 
likely harm to existing or traditional licensing markets, fair use defenses 
may be viable. The assertion that every use must be licensed does not hold 
if the use is transformative and does not replace the market for the 
original. Aggressive copyright enforcement against AI firms may stifle 
beneficial experimentation and generate false positives that deter 
innovation in the public interest, especially in education, healthcare, or 
research. 

3.  Borrowing from Antitrust 

The FTC’s  submission to the Copyright Office drew sharp 
criticism from scholars who argue that antitrust intervention could upset 
copyright’s delicate balance between access and exclusivity, especially if 
fair use is recharacterized as anticompetitive.134 Rather than supplanting 
copyright law, the FTC’s approach—if carefully calibrated—could serve as 
a backstop to address conduct that copyright law either permits or cannot 
reach, such as exclusionary access arrangements or self-preferencing 
within AI ecosystems. The key is ensuring this supplementary role 
remains clearly defined, lest regulatory polyphony devolve into doctrinal 
cacophony. 

Antitrust doctrine can also inform fair use analysis. Chris Sprigman 
proposes importing analytical tools from antitrust law, particularly the 
hypothetical monopolist test and market definition methodologies, to 
assess whether a defendant’s work substitutes for the plaintiff’s.135 Courts 
applying antitrust law know how to define relevant markets, assess 
substitutability, and determine whether the accused work impairs the 
plaintiff’s ability to monetize the original.136 For example, if a small but 
significant increase in the licensing price of the plaintiff’s work would 
cause consumers to switch to the defendant’s work, the works may be 
substitutable. If not, they may operate in distinct markets, bolstering the 
case for fair use. 

Sprigman’s focus on substitution acts as a clarifying principle, 
deploying antitrust-informed tools to render the fair use inquiry more 
predictable, less subjective, and ultimately more faithful to copyright’s 
constitutional purpose. By treating fair use as a question of market 
dynamics, courts can move beyond artistic interpretation and evaluate 
whether the secondary use impairs the economic incentives copyright 

 

 134 See Lim & Yu, supra note , at . 

 135 See Christopher Jon Sprigman, Copyright, Meet Antitrust: The Supreme Court’s Warhol Decision 
and the Rise of Competition Analysis in Fair Use,  YALE L.J.F. , ,  (), 
https://perma.cc/F-SXWW. 

 136 Id. at ; see also id. at . 
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seeks to preserve.137 This analytical lens aligns with the polyphonic model 
advocated in this Article: It invites copyright doctrine to learn from 
antitrust, not by collapsing normative frameworks, but by cross-
pollinating methods where appropriate. Substitutability in copyright law 
need not adopt antitrust’s consumer welfare test wholesale. Rather, 
policymakers can retool it to reflect copyright’s distinct objectives, 
promoting creativity and balancing incentives, while benefiting from 
antitrust’s empirical discipline. 

While antitrust and copyright law primarily address economic 
dimensions of generative AI—competition, innovation, and market 
harm—they fall short in capturing the personal and dignitary injuries that 
arise when AI systems co-opt individual identity or behavioral data. These 
non-economic harms implicate deeper concerns about autonomy, 
selfhood, and consent, especially as AI technologies increasingly replicate 
human likeness, voice, and behavioral patterns. To address these gaps, the 
next Part turns to the legal frameworks of the right of publicity and 
information privacy, which offer a foundation for recognizing and 
remedying the commodification of identity in AI training and 
deployment. 

III. Towards a Data Right 

With generative AI becoming increasingly capable of generating 
lifelike images, voices, and personas, concerns about the misuse of an 
individual’s identity for commercial gain have intensified.138 In April , 
“ghostwriter” released a viral track titled Heart on My Sleeve using AI-
generated voices of Drake and The Weeknd.139 Copyright law does not 
protect the human voice itself, which prompted artists and industry 
groups to seek alternative remedies in the right of publicity.140 A year later, 
in July, , the SAG-AFTRA actors’ union called a strike against major 
video game companies, demanding stronger safeguards against AI-
generated impersonations of performers’ voices and likenesses.141 

 

 137 See id. at –. 

 138 Myriah V. Jaworski & Chirag H. Patel, ROP on the Rise: Right of Publicity Claims Will Rise as 
States Address AI Generated Deepfakes and Voice Cloning, CLARK HILL (Apr. , ), 
https://perma.cc/VS-QEP. 

 139 Drew Schwartz, Drake or Fake? A Lawyer Explains the Legality of AI-Generated Music, VICE (Apr. 
, , at : ET), https://perma.cc/CDR-VK. 
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 141 Brooks Barnes & Kellen Browning, Hollywood Actors to Go on Strike Against Video Game 
Companies, N.Y. TIMES (July , ), https://perma.cc/YDS-XAXZ. 
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The concentration of control over data and information in the hands 
of a few powerful corporations enables the shaping of narratives.142 
Without effective safeguards, these forces could contribute to a society 
where public opinion is influenced not by facts and reason but by 
manipulated content crafted by AI systems. This Part argues that a data 
right, grounded in the right of publicity and information privacy, can help 
restore individual agency in data-driven economies. 

A.  Commercialization of Identity 

As early as , Samuel Warren and Louis Brandeis argued for a 
privacy “right to be let alone” laying the conceptual groundwork for 
publicity rights.143 Traditionally used to protect individuals from the 
unauthorized commercial exploitation of their name, image, and likeness, 
the right of publicity can be extended to encompass control over the 
digital footprint that individuals leave behind.144 Remedies may include 
statutory damages, disgorgement of profits, injunctive relief, or punitive 
damages in cases of willful infringement.145 Importantly, plaintiffs are 
generally not required to prove actual harm, making the doctrine a 
powerful tool for challenging unauthorized AI-generated likenesses.146 

Orin Kerr’s “equilibrium-adjustment” theory posits that legal 
doctrines evolve to preserve individual protections as technology shifts 
power toward the state or private actors.147 Applying this framework to AI 
and identity suggests that the right of publicity may require doctrinal 
recalibration, expanding in scope or remedy to preserve individuals’ 
control over their digital personhood. One salient example of this 
regulatory turn is Tennessee’s passage of the Ensuring Likeness, Voice, and 
Image Security (“ELVIS”) Act of , which expanded the state’s existing 
right of publicity framework to explicitly prohibit the unauthorized 
commercial use of a person’s AI-generated voice or image.148 The Act 
defines “voice” to include actual and simulated sounds that are “readily 
identifiable” as belonging to a particular individual, even if no recording 
 

 142 Abhishek Thommandru & Varda Mone, Data Hegemony: The Invisible War for Digital Empires, 
INTERNET POL’Y REV. (July , ), https://perma.cc/SFZ-EU. 

 143 Samuel D. Warren & Louis D. Brandeis, The Right to Privacy,  HARV. L. REV. ,  (). 

 144 Midler v. Ford Motor Co.,  F.d , – (th Cir. ) (using a sound-alike to 
impersonate Bette Midler’s distinctive voice constituted misappropriation, even absent the use of her 
name or image). 

 145 Armand J. Zottola & Channing D. Gatewood, The Right of Publicity, VENABLE LLP (), 
https://perma.cc/QX-QPB. 
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 147 Orin S. Kerr, An Equilibrium-Adjustment Theory of the Fourth Amendment,  HARV. L. REV. 
, – (). 

 148 Tenn. Code. Ann. §§ -- to - (West, Westlaw through Ch.  of the  st Reg. 
Sess.). 
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of the person’s real voice was used.149 In doing so, the law targets precisely 
the kind of voice cloning and synthetic likenesses that generative AI now 
enables at scale. Importantly, liability under the ELVIS Act may extend 
beyond creators to those who develop or distribute generative tools and 
platforms.150 

Two major federal proposals, NO AI FRAUD and NO FAKES, seek to 
create new intellectual property-style protections for digital replicas of 
likenesses and voices.151 Both bills define the protected right expansively, 
covering nearly any audio or visual material generated, altered, or 
simulated with digital technology.152 Notably, by labeling these rights as 
federal intellectual property, the legislation sidesteps Section  
immunity, putting hosting platforms squarely in the litigation path. The 
pending bills also face criticism for potential First Amendment overreach 
and platform liability concerns.153 

Beyond publicity rights, the asymmetry of power between data 
controllers and ordinary citizens creates a situation where corporate 
algorithms, rather than individuals, choose what information is collected, 
how it is used, and how it influences behavior. This power imbalance 
undermines meaningful consent and autonomy, giving consumers little 
control over their digital identities, an issue related to the right of 
publicity. It also creates privacy concerns. The emergence of surveillance 
capitalism has recast consumers as suppliers of personal data, not merely 
users of services.154 

A data right could create a more transparent and accountable AI 
ecosystem by allowing individuals and entities to license, withhold, or 
monetize their data for AI training. Additionally, the right could allow for 
the development of fair compensation models where creators whose 
works contribute to the advancement of AI receive a share of the 
economic value generated by AI output. A data right could be a statutory 
entitlement akin to copyright or publicity rights, enforceable via collective 
licensing schemes, opt-out registries, or fiduciary data intermediaries. It 
would enable creators and users alike to exert granular control over how 
companies use their data and ensure more equitable participation in the 
value chains that generative AI creates. 
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B.  Control of Personal Data 

Information privacy law regulates how personal data is collected, 
processed, and stored.155 Platforms compete to addict, track, and 
manipulate users to maximize behavioral advertising revenues.156 Data is a 
competitive asset and a personal resource with intrinsic value in AI-driven 
markets.157 

The intersection between antitrust and information privacy occurs 
when dominant AI firms leverage their control over massive datasets to 
entrench market power and stifle competition.158 The FTC has signaled its 
intention to scrutinize how data practices affect market power and 
whether privacy measures are being weaponized to exclude competitors.159 
Recent discussions around updating antitrust frameworks emphasize the 
need to consider data governance practices when assessing 
anticompetitive behavior and formulating remedies.160 Maurice Stucke 
characterizes the evolving regulatory approach to privacy and 
competition in three stages: Privacy/Competition . (complete 
separation), . (privacy as a non-price parameter of competition), and . 
(emergent tensions and tradeoffs).161 

Four issues are key in thinking about a data right based on privacy. 
First, while earlier stages saw privacy and competition as complementary 
levers to check the power of “data-opolies,” Stucke’s third stage warns that 
increased competition may degrade privacy, especially when firms exploit 
user data rather than serve user interests. Dominant platforms may use 
privacy compliance as a justification to limit data portability or 
interoperability, thereby preventing smaller firms from gaining access to 
the data necessary to develop competitive AI products. This dynamic can 
create a data “moat,” where incumbents solidify their dominance while 
claiming adherence to privacy standards.162 In this context, privacy laws 
that restrict data collection or require explicit consent can inadvertently 

 

 155 See generally MATTHEW B. KUGLER, PRIVACY LAW: CASES AND MATERIALS (st ed. ). 

 156 Maurice E. Stucke, The Relationship Between Privacy and Antitrust,  NOTRE DAME L. REV. 
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Common Law of Privacy,  COLUM. L. REV. , –,  () (discussing the FTC’s “new 
common law of privacy”). 
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 162 James Mancini, Data Portability, Interoperability and Competition  (OECD Competition 
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create barriers to entry for smaller competitors who lack access to 
similarly rich datasets. 

While antitrust can advance privacy indirectly by enhancing 
consumer choice and reducing lock-in, it is not well-suited to define or 
enforce privacy rights. The American Antitrust Institute warns that 
shoehorning privacy into antitrust may dilute the doctrinal coherence of 
competition law and distract from its central aim of preserving 
contestable markets.163 A better approach is coordinated, but not 
conflated, enforcement that recognizes when privacy restrictions serve 
legitimate ends and when they distort competitive conditions. 

Second, regulatory compliance often requires substantial financial 
and human resources, including investments in legal expertise, 
compliance officers, and ongoing monitoring systems. Large technology 
companies are better equipped to absorb these costs with their established 
infrastructure and deep financial resources.164 By contrast, smaller firms 
and startups with limited budgets and lean teams may struggle to meet 
regulatory requirements, diverting valuable resources from innovation 
and product development. 

Empirical data confirms this disparity. One study found that privacy 
compliance led to an average % increase in cloud data storage costs, 
with the smallest firms facing a % increase compared to just % for the 
largest firms.165 These findings underscore how compliance costs scale 
regressively, reinforcing incumbents’ advantage by raising fixed costs that 
deter entry and suppress innovation among smaller firms. Privacy 
enforcement also increased market concentration in digital advertising 
and web technology markets. For example, the implementation of the 
General Data Protection Regulation (“GDPR”) led to a % short-run 
increase in concentration as websites reduced vendor usage, gravitating 
toward dominant players like Google and Meta.166 Finally, privacy 
compliance has also been shown to dampen new firm formation. An 
analysis of venture investment data found a .% drop in EU tech deals 
relative to the United States after the GDPR rollout, particularly for firms 
reliant on data-intensive services.167 This suggests that privacy laws may 
deter entry and stifle the emergence of innovative competitors. 

Third, antitrust and privacy law share a problematic assumption: 
Consumers will make rational, preference-consistent choices in data-
driven markets. Antitrust assumes privacy can be priced and that privacy 
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competition will emerge naturally; through notice and consent, privacy 
law presumes individuals can evaluate tradeoffs effectively.168 In cases such 
as hiQ Labs, Inc. v. LinkedIn Corp.169 and Epic Games, Inc. v. Apple, Inc.,170 
courts have framed privacy as either a commercial justification or 
collateral concern rather than a co-equal legal interest.171 However, 
mounting evidence shows that asymmetric information, dark design 
patterns, and cognitive overload often frustrate these assumptions.172 

Fourth, leveraging technology also helps. As seen in Part I, synthetic 
data lowers the expenses associated with data acquisition and labeling, 
democratizes access to high-quality training data, and makes AI 
development more accessible for smaller companies and research 
institutions.173 It is also a boon to contestable markets under the antitrust 
policy lens and can reduce concerns about data privacy by eliminating the 
need to use sensitive real-world data. 

The right of publicity guards against unauthorized commercial use of 
persona, while privacy law protects against surveillance, manipulation, 
and loss of agency. Yet the boundaries blur in practice. Voice cloning 
implicates dignity and autonomy-based harm; extracting personality 
from behavioral data (e.g., affective computing) may not fall under either 
doctrine. Harmonizing these approaches requires a shared framework 
grounded in informational self-determination, not merely market-based 
valuation. A dual-track structure would align legal recognition with the 
underlying normative distinctions between expressive identity-based 
claims and informational control claims, echoing China’s differential 
treatment of biometric editing versus behavioral profiling under its 
Personal Information Protection Law.174 

C.  Reform and the Burdens of Regulation 

The regulatory governance of generative AI is not neatly partitioned. 
The four legal regimes considered in this Article—antitrust, copyright, the 
right of publicity, and information privacy—frequently intersect in ways 
that amplify or undermine one another, producing redundancies and 
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blind spots. For instance, copyright and antitrust converge where firms 
use copyrighted materials to entrench market power. While copyright 
grants exclusive control over expression, that exclusivity may be leveraged 
to dominate training data markets or restrict downstream applications. 
The FTC has flagged such risks, particularly when licensing bottlenecks 
or indemnification practices foreclose entry.175 However, antitrust and 
copyright also risk doctrinal collision: Courts may double-count harm or 
impose conflicting duties unless they take care to preserve their distinct 
logical structures—one economic, the other expressive.176 

Similarly, as policymakers consider establishing a data right informed 
by publicity and privacy rights, it is essential to distinguish between two 
conceptual and doctrinally distinct categories of harm: personality-based 
claims and behavioral or informational control claims. While both arise 
from commodifying identity in generative AI systems, they implicate 
different normative concerns and legal traditions. 

Personality-based claims focus on the unauthorized use of 
recognizable attributes, such as a person’s name, voice, likeness, or 
performance. These are governed primarily by the right of publicity and 
are often triggered when generative AI tools replicate a celebrity’s voice in 
a song, simulate an actor’s face in a video game, or generate deepfakes that 
misappropriate a public persona. These harms are dignitary, concerned 
with false endorsement, reputational distortion, or losing control over 
one’s identity as a commercial asset. Remedies typically emphasize 
attribution, consent, and compensation. 

By contrast, behavioral or informational control claims arise from 
collecting, aggregating, or repurposing personal data, including 
clickstreams, location histories, browsing behavior, and social media 
interactions, often scraped or inferred without the individual’s awareness. 
These practices implicate information privacy law and raise concerns 
about autonomy, manipulation, and surveillance. Unlike personality 
claims, the individual need not be famous or publicly recognizable; the 
harm lies in losing control over one’s digital self, not public 
misrepresentation. The regulatory response must prioritize transparency, 
purpose limitation, and control over downstream use. 

Framing the data right without parsing these distinctions risks 
doctrinal confusion and overbreadth. A personality-based claim may 
warrant strong exclusivity and anti-impersonation protection, while 
behavioral data governance may call for softer access, consent, and erasure 
rights. Therefore, a well-calibrated data right must navigate this duality: 
protecting publicly recognizable identities from misappropriation while 
empowering ordinary individuals to control how their behavioral data is 
collected, shared, and used in AI training. This distinction is not merely 
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semantic; it determines which legal safety measures are appropriate and 
what harm the law seeks to prevent. 

To address the diverse harms stemming from generative AI’s use of 
personal data, the proposed data right should therefore adopt a tiered or 
dual-track structure that reflects the distinct normative bases underlying 
personality-based and behavioral claims. A bifurcated statutory design 
could preserve the expressive dimensions of identity while empowering 
individuals to control the economic and informational uses of their 
behavioral data. Such a framework would respect the divergent logics of 
harm and remedy, while providing courts and regulators with more 
administrable categories for adjudication and enforcement. 

Policymakers must also be cognizant that regulation involves 
balancing tradeoffs and knowing when not to intervene. Overregulating 
AI markets in their formative stages may weaken U.S. global leadership. 
Increased compliance burdens and legal uncertainty disproportionately 
affect small firms and researchers, driving talent and investment abroad. 
For instance, Europe’s digital economy is now grappling with regulatory 
saturation. Between  and , the number of EU digital regulations 
more than doubled, from forty-five to ninety-eight, leading to overlapping 
rules and complex compliance burdens, especially for small businesses.177 

In this environment, the EU AI Act has sparked concerns that its 
stringent regulatory framework may exacerbate Europe’s ongoing 
economic malaise and stifle AI innovation across the region.178 Rather than 
promoting certainty, it produced fragmentation, fatigue, and hesitancy 
among firms to launch or expand digital products in the European Union. 
For instance, Meta decided to hold back the launch of its newest AI 
technologies due to regulatory uncertainty.179 European executives called 
for accelerated deregulation at the  World Economic Forum in Davos 
to boost competitiveness in AI and digital markets.180 

In contrast to the European Union, the United States has prioritized 
growth and competitiveness by driving advancements in computer-
related technologies, including AI, cloud computing, and data-driven 
applications. The U.S. approach emphasizes market-driven innovation, 
where regulatory frameworks aim to create an environment that 
encourages risk-taking and rapid technological advancement.181 At the 
Paris AI summit in February , U.S. Vice President JD Vance warned 
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that excessive regulation would entrench Big Tech incumbents and 
suppress startup innovation.182 Vance argued that heavy-handed mandates 
like the Biden AI executive order risk creating a “Big Tech–government 
duopoly” while enabling authoritarian regimes like China’s to export 
censorship-aligned AI models.183 He emphasized that a permissive U.S. 
regulatory environment has encouraged “unparalleled R and D 
investments” and must be preserved to keep America the “partner of 
choice” in global AI markets.184 Vance dismissed fears that AI would 
inevitably automate away the American workforce, stating instead that 
most AI applications “involve supplementing, not replacing” human 
labor.185 He characterized AI as a driver of productivity and potential 
backbone for a “new industrial revolution” that could benefit workers 
provided innovation is not stifled by preemptive regulation.186 

At that same Paris Summit, OpenAI declared that “the race for AI is 
effectively over” if training on copyrighted material is not deemed fair 
use.187 In policy filings to the Trump administration, the company argued 
that restricting such use would allow Chinese firms, including DeepSeek, 
to pull ahead by accessing the same types of content that U.S. firms would 
be barred from using.188 Framing the issue as one of “freedom to learn,” 
OpenAI claimed that AI model training merely extracts “patterns, 
linguistic structures, and contextual insights” from creative works to 
generate novel outputs, activities that align with the core goals of 
copyright law.189 

Regulatory coordination can help prevent interdoctrinal misfires 
between antitrust, copyright, publicity, and privacy laws. Singapore’s 
legitimate interest and business improvement bases for processing 
personal data illustrate how privacy law can flexibly accommodate AI 
development goals, provided procedural safeguards (e.g., anonymization, 
balancing tests) are in place. For example, Singapore’s Trusted Data Sharing 
Framework and Privacy Enhancing Technology (“PET”) Sandboxes create 
structured environments for experimentation and interagency 
interpretation of legal duties, particularly where competition goals (e.g., 
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expanding access to data) intersect with privacy constraints.190 These 
initiatives function as regulatory tuning forks, facilitating innovation 
while preventing data governance from becoming an antitrust or privacy 
impasse. Built-in calibration tools could minimize friction with 
competition objectives that may demand access to personal data for 
model training or product improvement. 

This example of regulatory coordination highlights that polyphony 
need not entail discord. Congress and the Executive Branch should 
consider establishing a cross-agency task force on generative AI 
governance, drawing representation from the FTC, U.S. Copyright Office, 
National Telecommunications and Information Administration, and 
other relevant entities such as the Department of Commerce and the 
National Institute of Standards and Technology. This task force would 
facilitate shared jurisdictional understanding, promote interoperable 
regulatory standards, and prevent doctrinal redundancy or contradiction. 
It would also provide a platform for developing shared principles and 
experimental governance mechanisms, such as AI sandboxes, data trusts, 
and pre-certification regimes, that reflect the joint values of innovation, 
dignity, and competition.191 

Without such coordination, the polyphony of legal regimes risks 
devolving into regulatory cacophony. Doctrinal misfires, such as antitrust 
interventions that duplicate copyright protections or privacy rules that 
inadvertently entrench incumbents, may lead to legal uncertainty, 
overcompliance, and chilling innovation. Similarly, raw data that is 
neither copyrighted nor personal, such as synthetic data, factual 
compilations, or aggregate behavioral patterns, may escape legal 
protection altogether. 

The polyphonic model offers a means of doctrinal orchestration, 
where each regime retains its voice but engages in structured dialogue, 
enabling more holistic responses to AI’s multifaceted impact. Rather than 
doctrinal hierarchy or convergence, structured pluralism offers a more 
resilient foundation for generative AI governance. Through procedural 
harmonization, regulators can preserve the analytical integrity of each 
domain while advancing shared objectives like accountability, innovation, 
and dignity. Whether through regulatory sandboxes, flexible licensing 
regimes, or dual-path legal provisions, these approaches embody a 
concerted governance model responsive to generative AI’s 
multidimensional challenges. 
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Conclusion 

The regulation of generative AI must meet the moment with a 
framework that reflects both the multidimensionality of the technology 
and the pluralism of our legal values. Each examined regime—antitrust, 
copyright, publicity, and privacy—carries a normative legacy, from 
protecting markets and creativity to safeguarding dignity and autonomy. 
No doctrine suffices in the face of developer hegemony, synthetic content, 
predictive modeling, and personalized manipulation. Like Diaz’s Trust, the 
regulatory project involves reconciling multiple, sometimes contradictory 
narratives. 

A polyphonic approach to AI governance embraces this complexity by 
flattening differences and composing coherence through structured 
regulatory pluralism. Antitrust can ensure competitive access to inputs 
and platforms; copyright can balance innovation and expression; publicity 
rights can defend against identity appropriation; and privacy law can 
restore agency over behavioral data. If carefully orchestrated, their 
intersections offer the contours of a just regulatory response. 

But coherence will not emerge organically. Without proactive 
coordination through cross-agency task forces, regulatory sandboxes, and 
interdoctrinal dialogue, we risk a world of overlapping mandates, 
doctrinal gaps, and chilling uncertainty. Generative AI, if governed well, 
can enhance access to information, empower creators, and broaden 
opportunity. If governed poorly, it may entrench monopolies, erode trust, 
and displace human agency. The stakes are not only technological, but 
they are also democratic. In the end, polyphonic regulation aims to 
reconcile law with innovation and to align innovation with a regulatory 
system that is truly AI-ready. 

 


