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Executive Summary
This landscape scan was conducted by Invest in Open Infrastructure in the context of the 
Building Resilient Infrastructure through Dialogue, Growth, and Exchange project exploring 
how stakeholders in the knowledge ecosystem can work together as AI reshapes how 
collections are used and valued.  

Curated collections form part of the digital commons: shared open resources maintained 
academic institutions, non-profit organizations, governments, and private companies. 
Sustained largely by public and private funding and an ethos of open knowledge sharing, 
these collections represent a public good inseparable from the health of open science and 
democratic access to information. That infrastructure is now under strain. AI labs bring 
insatiable demand for immediate access to high-quality training data. Automated bots now 
generate traffic that, in some cases, exceeds human visits, overwhelming servers and 
inflating costs. AI-generated submissions threatens to overwhelm editorial workflows. 
These bots include large technology companies and a significant long tail of start-ups and 
individual experimenters. 

In response, collections stewards have deployed bot-blocking tools, updated access 
policies, and pursued licensing strategies. Yet these responses have proven inadequate. 
Technical countermeasures are routinely circumvented. Licensing frameworks are nascent 
and poorly enforced. Legal protections are fragmented and oriented toward intellectual 
property rather than broader harms to the commons. Defensive access restrictions risk 
accelerating data consolidation, undermining the openness they were designed to protect. 

The report points toward a more promising path: commons-based governance grounded in 
reciprocal norms and shared interests. Data users have concrete reasons to want the 
commons to survive: loss of key data sources reduces training data quality; an increasingly 
walled-off web raises legal risks; and public frustration creates reputational pressure. 
Well-maintained curated collections offer unique, authoritative content that produces better 
models. Investment in the commons, properly framed, is investment in the quality of AI. 

Yet a central tension remains unresolved. Existing frameworks rely on voluntary 
compliance, while evidence shows that voluntary frameworks have so far failed to change 
behaviour at scale. Whether enlightened self-interest will prove more effective than the 
legal and technical mechanisms that have already fallen short remains an open question. 
Answering it requires engaging curators and consumers of open collections as stewards of 
the digital commons, co-creating partnership models that align open knowledge strategies 
with commercial demand. 
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Preamble 

This landscape scan was conducted by Invest in Open Infrastructure (IOI) in the context of 
the Building Resilient Infrastructure through Dialogue, Growth, and Exchange (BRIDGE) 
project (supported by the Mellon Foundation, 2026—28) which explores how different 
stakeholders in the knowledge ecosystem can work together as developments in machine 
learning and AI reshape how knowledge collections are used and valued.  

Through this report and through the BRIDGE project, we seek to reveal the limitations of our 
dominant narratives about AI and encourage new ways to work across diverse stakeholders 
to resolve problems that may only be able to be addressed through aligning diverse voices, 
drivers, and approaches. The project stakeholders — including stewards of open research 
and cultural heritage collections (referred to as “open curated collectionsˮ in this report), 
scientific publishers, commercial entities utilizing content as data for their innovation 
pipelines, and organisations harvesting content at web scale for LLM training and inference 
— will explore and design partnerships and business models that advance mutual interests, 
including the resilience of open knowledge collections.  

This landscape scan surfaces the challenges and drivers of the AI economy; it does not 
offer specific solutions. Rather, it closely examines the major factors that are defining 
different stakeholder experiences of todayʼs rapid transformation in the ways we encounter, 
use, validate, and maintain access to knowledge. We consider such an examination to be a 
precondition for engagement across the currently fraught “usˮ and “themˮ boundaries that 
currently divide different constituents in the ecosystem. The next phase of our work will 
build on this scan to engage stakeholders from across the ecosystem to co-create 
partnership models that align open knowledge strategies, revenue strategies, and 
commercial demand, using this report as a shared starting point. For additional information 
and materials from the study, visit our website. 
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Introduction 

Across the web, a seismic shift is underway. The visitors browsing the carefully curated, 
open collections of digital research and cultural heritage repositories are increasingly 
machines. In some cases, bots now outnumber people; their automated queries consume 
bandwidth and strain infrastructure built for a different era of access. 

As artificial intelligence (AI) systems grow more powerful and more data-hungry, these 
collections are becoming an essential, but largely uncompensated, input to commercial AI 
development. Content licensing deals are emerging with a variety of prominent publishers 
and media organizations, and some open curated collections, but clarity on pathways to 
approach these sorts of negotiations is still murky to many.  

This landscape review examines the growing tension between data extraction and 
sustainability in the digital commons. We begin by tracing the technical, financial, and 
ethical pressures on open curated collections, which are largely created and maintained 
through government and philanthropic funding and academic subsidies. We also describe 
the pace and relevance challenges that AI labs and tools face in the largely unregulated 
commercial marketplace, which is backed by investors expecting rapid economic gains. We 
then survey the responses collections stewards have implemented, or are actively 
developing, and probe at the limits of those strategies in an environment driven by pressure 
on well-capitalized technology firms to innovate and compete at the highest possible 
speed. Our analysis turns next to the evolving data marketplace, identifying what AI 
companies consider “high-qualityˮ data and how current licensing deals are structured, in 
order to assess whether similar models could realistically apply to open curated collections.  

Perceptions of AI, machine-learning technologies, and knowledge usage and generation 
today tend to be both strong and divisive, with arguments fueled by concerns that largely 
depend on specific stakeholder experiences. For some, AI holds the promise of positive 
societal and economic transformations. From this vantage point, AI is a mechanism that can 
democratize learning, significantly narrowing the chasm between people and the 
accumulated knowledge of civilization. It can also amplify the speed of problem solving, 
and it can bring highly specialized information and interpretation tools to all people, 
regardless of their location or training. For others, AI is a dangerously unregulated and 
speculation-fueled marketplace that is being built with a free-rider mentality. It enables 
entrepreneurial technologists to absorb generations of curatorial work into systems that 
render the underlying data invisible. The resulting devaluation of data may ultimately 
undermine the work of data creation, curation, and maintenance, dampening the availability 
of new, rigorously vetted data for both individual researchers and large language model 
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(LLM) use.  From this angle, creators and curators of information are in 
danger of losing the value associated with their collections while 
simultaneously paying high costs associated with unrelenting bot traffic. 
Users likewise stand to lose open access pathways to collections, including 
diverse usersʼ autonomy to interpret and use these collections directly.  

What is striking is that neither of these narratives is “wrong ;ˮ the intensity with which both 
are held tells us something important not really about AI at all, but about our experience of 
rapid technical developments that are altering current and future knowledge ecosystems in 
ways we cannot fully predict. These stories — the utopian and the extractive — are 
indicators of social systems trying to metabolize changes in how and by whom knowledge 
is produced, owned, and shared. They match the arguments we are having, in public, in 
courtrooms, and in comment sections, about what knowledge is for, who pays for it, who 
gets to benefit from it, and what obligations come with building systems that depend on 
generations of intellectual labour.  

AI has become the screen onto which we project our 
oldest anxieties about access and enclosure, about the 
commons and the commodity — and the fierceness of 
the debate is less a measure of AI's novelty than of how 
much we already understood was at stake in those 
questions long before the first model was trained. 

The report identifies areas of alignment and shared interests between AI companies and 
open curated collections, which might be codified in ways that enable collaboration and 
trust building with the right legal frameworks and agreements. It also explores 
governance-oriented approaches that move beyond individual monetization toward shared 
responsibility — approaches grounded in reciprocity, collective action, and long-term 
stewardship of the digital commons. 
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Data races, 
displacement, and the 
double-edge of AI 
In the context of digital research infrastructure, open curated collections refer to 
purposefully assembled, organized, and maintained sets of digital resources that support 
research, teaching, or scholarly inquiry and are made available for free and with licenses 
that explicitly permit broad use and reuse. Examples include digitized or born-digital 
archives of cultural heritage materials, open access journals, scientific data repositories, 
preprint servers, and knowledge graphs, among other resources. Curated collections form 
part of the digital commons, the shared pool of open resources including data, cultural 
materials, software, and more, maintained and made freely accessible online by myriad 
academic institutions, nonprofit organizations, governments, and private companies around 
the world (Dulong de Rosnay & Stalder, 2020). These resources are generally oriented 
toward use and reuse rather than commercial exchange. 

These collections provide large, diverse, authoritative, well-structured, and easily 
accessible datasets1 that have become attractive to researchers and AI developers as rich 
sources of training data. While open curated collections may benefit from this increased 
interest, and also from the potential of AI to enhance internal workflows, AI also poses a 
number of existential and ethical challenges that have prompted discussion, debate, and a 
range of strategic responses. 

AI-driven tools offer a range of potential benefits to curated collections, from automating 
labour-intensive tasks like metadata creation and entity linking, improving discovery and 
access (Cohen, 2024), enabling new forms of analysis, and supporting more inclusive, 
user-centred curation. As examples, AI has achieved unprecedented advances in machine 
transcription for handwritten manuscripts (BnF, n.d.); enabled novel approaches to 
discovery and retrieval of digital content (Davis, 2025); expanded multi-lingual search 
(Matas, 2025); and made review and curation workflows more efficient (bioRxiv, 2025).  

While these are significant benefits, the insatiable demand for data from the industry has 
created strain on curated collections. Open curated collections now face unprecedented 

1 Datasets hereafter refers to the resources provided by open curated collections, which include, but 
are not limited to, data, text, images, audiovisual content, metadata, and code. 
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volumes of API calls, web scraping, and bulk downloads from automated 
systems or “bots.ˮ  Stewards of curated collections increasingly “worry that 
swarms of AI training data bots will create an environment of unsustainably 
escalating costs for providing online access to collectionsˮ (Weinberg, 2025). 
At the same time, chat bots and agents divert human traffic as information-seekers 
increasingly access content through AI-driven intermediaries, in many cases never clicking 
through to original content sources (Delaney, 2025). This fundamental shift in how people 
engage with information poses ethical and operational challenges for curated 
collections. When chatbots and other AI tools selectively present or summarize 
information, they may lose essential contextual information (e.g., retraction notices, 
offensive content flags, or provenance). Disintermediation will also require new approaches 
to understanding user needs; revised metrics for demonstrating value (as funders and 
supporters often look to direct traffic and similar metrics as proxies for adoption and 
significance); and innovative ways to draw attention to added-value services, contribution 
opportunities, and other revenue-generating services typically described on the collectionʼs 
website.   

Various sources confirm that excessive bot traffic targeting open collections is a 
widespread phenomenon that is causing service disruptions and inflating costs. A 2025 
COAR survey of open access repositories found that 80% of respondents had experienced 
service disruptions as a result of aggressive bots and crawlers, with impacts ranging “from 
regular service slow downs, to short downtimes, to major service outages sometimes 
lasting for several daysˮ (Shearer & Walk, 2025). A post on the Lyrasis Wiki in 2024 outlined 
common patterns across such incidents: harvesters making millions of requests per day, 
often from hundreds of simultaneous IP addresses; disregard for robots.txt restrictions; 
disguised or constantly changing User-Agent strings that make blocking difficult; and traffic 
patterns that are difficult to distinguish from benign use2 (Prater et al., 2024).  

Excessive traffic can overwhelm servers, in severe cases leading to website outages. It can 
also generate significant expenses. According to Wikimedia, bot traffic has become some 
of its most expensive traffic to serve due not only to its volume but because bots visit less 
frequently consulted pages, leading to increased traffic to Wikimediaʼs core datacenter 
rather than the more accessible content caches in a userʼs region (Mueller et al., 2025). Bot 
traffic reportedly exceeded human traffic to some curated collections in 2025 (Mulvany, 
2025). Princeton University identified 63% of its library catalog requests during a recent 
period as originating from bots (peaking with a swarm at 79%) (Griffith & Metz, 2025). In 
the open source software world, some “projects now see as much as 97 percent of their 
traffic originating from AI companiesʼ botsˮ (Edwards, 2025). In a blog post, the open 
source software documentation site Read the Docs reported a crawler downloading 73 TB 

2 Benign use refers to access that abides by a collectionʼs access and use policies and is not 
malicious, abusive, or reckless. Much of the community discourse refers to this as “legitimate use.ˮ  
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of data over the course of a single month (and around 10 TB in one day), 
resulting in over $5,000 in excess bandwidth charges, a staggering and 
unbudgeted amount for most small open source projects (Holscher, 2024). 

Though widespread, the problem has affected the sector unevenly. Some collections 
stewards have described these challenges as manageable, while others have expressed 
concern that the unrelenting and increasingly sophisticated bot traffic issue will require 
more than stopgap technical solutions in the long run. The full scale of the problem can be 
difficult to measure because analytics services are often configured to screen out bot 
traffic, and these services use imperfect mechanisms to do so. This makes it difficult for 
open collections to accurately count human users and demonstrate impact through 
traditional usage metrics — even as the relationship between AI access and downstream 
impact remains poorly understood. 

Despite reports that the majority of publicly available web data has already been scraped 
and incorporated into major corpora such as Common Crawl, signs point to traffic 
continuing to increase, especially as “architectures such as retrieval augmented generation 
enable models to draw on fresh data in response to user queries, instead of relying solely 
on the data they were exposed to during trainingˮ (Hardinges, 2025). Retrieval augmented 
generation (RAG) requires continual access to data sources, rather than one-time or 
periodic harvests. New AI start-ups and one-off projects have proliferated as well, enabled 
in part by AI itself, which puts the coding powers necessary to scrape data and build new 
models, tools, and services into many more hands. 

In addition to ballooning bandwidth costs, curated collections stewards incur a range of 
indirect costs related to scraper bots, including the human labour required to mitigate 
disruptions, rearchitect sites to be more resilient to bot attacks, develop and implement new 
policies, and manually block particularly aggressive harvesters, among other jobs.  

The disruption has not been limited to scraping and harvesting. Curated collections that 
accept user-generated content have also experienced a dramatic rise in AI-generated 
submissions, overwhelming editors and readers with high volumes of low-quality data (Lin 
et al., 2025). For example, monthly submissions to arXiv hit nearly 28,000 by late 2025, 
signalling a shift from linear to super-exponential growth. The timing corresponds directly to 
the rise of generative AI. In response, arXiv changed its review practice for computer 
science preprints “due to the unmanageable influx of review articles and position papersˮ 
(Boboris, 2025). The severity of the situation, if not contained, could undermine the viability 
of the publish, review, curate (PRC) model entirely (Greaves, 2025). 

Simultaneously, research suggests LLM adoption correlates with reduced human 
contributions to public sharing platforms (del Rio-Chanona et al., 2024), caused by 
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diminishing production of original content and “fears of labour replacement 
or lack of attributionˮ if their work is used for LLM training (Huang & 
Siddharth, 2023). Eve (2025) describes the prospect of scholars erasing 
decades of progress in open access adoption, because they feel safer 
putting their work behind a paywall, effectively “cutting off their human readership nose to 
spite the AI training face.ˮ  

Wariness of open licenses and public sharing stems from a decades-long history of 
unethical and even illegal use of open data by technology companies (Tarkowski & Warso, 
2024). Numerous controversies have damaged public trust and demonstrated that some 
companies will disregard personal privacy, intellectual property, and other concerns in the 
name of innovation and in search of profit.3 The tendency of AI tools to plagiarize and 
regurgitate content means that training data (including personally identifying images, 
copyrighted content, and sensitive information) may not only underlie the creation of new 
materials but also risk being fully replicated as a generative AI output without the creatorʼs 
knowledge or consent (Paul & Tong, 2024). Many curated collections stewards are 
justifiably wary of potential misuse of their own collections and the responsibilities they 
have to content creators. Consent or preference signalling frameworks are nascent and 
may be difficult or impossible to implement both retroactively and at scale.4 

Curated collections stewards also worry about the broader erosion of public trust in the 
information commons as low-quality or mis/disinformation proliferates and people 
increasingly turn to chat bots for quick answers rather than directly consulting information 
sources (Shearer, 2025). 

3 The MegaFace incident seems to have been the bellwether for concerns about (mis)use of public 
content for machine learning; it was notable because of privacy concerns related to the use of 
personally identifiable information without explicit consent for that use case (Van Noorden, 2020). 
4 Some of these frameworks are discussed in more detail in a subsequent section of this report. 
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When defending 
collections threatens 
openness 
How open curated collections respond to AI harvesting matters. The risk of an 
overcorrection is as real as the risk of exploitation. As large-scale harvesting of open data 
for AI model training and RAG has generated negative externalities — unpriced costs such 
as revenue displacement, infrastructure burdens, the degradation of the digital commons, 
individual privacy risks — for open curated collections stewards (Chan et al., 2023), 
restricting access has become an increasingly common and accepted mechanism for open 
collections stewards to protect their infrastructure and push back against practices they 
view as exploitative. 

Collections stewards describe existing mechanisms to identify and block unwelcome 
access as partially effective, but inadequate and tenuous. Blocking crawlers is a 
complicated process. While bots from larger, more established companies may identify 
themselves, there is a massive long tail of bots that do not identify themselves as such and 
are therefore harder to exclude (Miller, 2025). Overzealous or automated blocking 
processes may deny access to humans (in some cases via AI intermediaries) as well as 
search engine and web archiving crawlers, and can disrupt internal technical processes. A 
2025 COAR survey found that repositories considered their mitigation strategies to be 
somewhat successful, but not entirely sufficient, and acknowledged they knew they were 
blocking some benign users (Shearer & Walk, 2025). Collections stewards have expressed 
concerns that any measures they put in place may quickly become obsolete as harvesting 
practices evolve. 

Not all bots are related to AI, nor are all bots behaving badly. Bots serve a myriad of players, 
including small start-ups, independent researchers, and large corporate entities. They are 
designed for different functions, including vulnerability scanners, content harvesters, and 
AI agents. Some bots are harmful due to malicious, irresponsible, or erratic and 
uncontrolled behaviour. Others are well-designed and intended to be low-impact on the 
sites they query. By contrast, most bot-blocking is indiscriminate, affecting AI agents that 
perform legitimate query tasks, users from entire geographic regions, and bots that are 
behaving badly alike. Investing in industry standards around bot identification and 
verification could provide ways to encourage taxonomy-based understanding and 
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behavioural validation, pinpointing types of actors to improve usage analytics 
and to respond with targeted blocking where needed (Lloyd, 2026).   

Other approaches “focus on preference signals that rely on voluntary 
compliance by the crawling party ,ˮ such as the ubiquitous robots.txt file, open licenses, or 
newer tools and frameworks such as CC Signals5 and the IETF AI Preferences standard6 

(Baack et al., 2025). AI harvesters may circumvent or ignore mitigation strategies like 
robots.txt and firewalls. Longpre et al., (2024) audited 14,000 web domains, identifying “a 
rapid crescendo of data restrictionsˮ that, if respected, threaten to bias “the diversity, 
freshness, and scaling laws for general-purpose AI systems.ˮ  They estimate that data 
sources accounting for a full quarter of the tokens comprising several major AI models (C4, 
RefinedWeb, and Dolma) now expressly restrict harvesting through preferences articulated 
in their robots.txt files. 

A number of frameworks and protocols have emerged to support attribution and express 
creator preferences around reuse. For example, Really Simple Licensing (RSL), formalized 
as an industry standard in December 2025, provides an immediate technical infrastructure 
that collections stewards can implement to express machine-readable terms of use. 
Building on existing technologies like robots.txt and RSS, RSL enables content providers to 
specify licensing terms through XML-based declarations integrated with lightweight and 
accessible implementations like robots.txt files, HTTP headers, RSS feeds, and HTML 
elements (RSL Internet Collective, 2025a, 2025b; Viana, 2025; Ponsford, 2025). Creative 
Commons' “CC Signalsˮ framework enables creators to specify contextual preferences — 
such as allowing educational AI use while restricting commercial applications — 
recognizing that “blanket opt-in and opt-out do not capture critical nuances of consent 
preferences, as context of use and user intentions may matter more than the act itselfˮ 
(Ivanova & Ding, 2025). A range of other new licenses, such as Nwulite Obodo License, 
Kaitiakitanga Licenses, the Montreal License, the OpenRAIL Licenses, the Open Data 
Commons License, and AI2Impact Licenses aim to facilitate various aspects of data 
openness from community data sovereignty to limits on use by Big Tech and reintroduce 
some “frictionˮ to the process of data reuse (Chandrasekhar, 2025). Chandrasekhar 
describes friction as a potentially necessary and advantageous condition of open data 
stewardship in the age of AI. 

There is strong evidence that AI companies routinely ignore the terms of open licenses and 
preference signals, in some cases because they are not machine-readable, in others 
because these companies rely on Fair Use exceptions to justify their activities, and in still 
other cases because they see little legal risk. The 2025 GLAM-E Lab survey indicated no 
difference in bot harvesting between openly licensed and “merely digitally availableˮ 

5 https://creativecommons.org/ai-and-the-commons/cc-signals/ 
6 https://datatracker.ietf.org/wg/aipref/about/ 
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collections, indicating that collections are targeted equally regardless of 
licensing status (Weingberg, 2025). Creative Commons itself has argued that 
its licenses “are not well-designed for imposing reciprocal terms on AI 
developersˮ (Hardinges et al., 2025).  

Organizations that harvest open content may also see open licenses as a sign that content 
creators or stewards have internalized costs associated with reuse. However, these 
licenses were never intended to cover the current volume of access, nor the potential for a 
systematic undermining of the value of human creativity. The idea that stewards have 
internalized costs also assumes a deliberate economic trade-off, ignoring the fact that 
many openly licensed works are shared freely as contributions to the commons without any 
expectation of commercial downstream value. Stewards of open content are not forgoing 
revenue so much as participating in a non-commercial ecosystem that AI companies are 
now monetizing unilaterally. 

The use of open collections for commercial products has a long history. The scale of 
scraping for LLMs at this moment is making the dependence of commercial products on 
open content more visible and more contested, and highlighting opportunities for curated 
collections to evolve their business models. 

Fundamentally, AI companies are competing in a high-stakes market that is hard to break 
into and easy to lose traction in. This dynamic encourages breakneck speed over care and 
consideration. A company that pauses to assess the impact of its data harvesting practices 
risks falling behind rivals who do not. In the absence of clear regulatory guardrails, restraint 
is punished and speed is rewarded, and the open collections these products rely on 
become a shared resource that every actor has reason to exploit but none has structural 
incentive to protect.  

The legal landscape remains fragmented across jurisdictions, with unclear frameworks 
ill-suited to address commons-based data and ethical AI concerns. This uncertainty has, in 
some cases, spurred content creators to lock down resources and pursue litigation. 
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The result is a double bind for curated 
collections stewards: efforts to protect 
collections may simultaneously undermine 
Internet openness, exclude preservation activities, and 
consolidate power among tech giants, all while failing to 
effectively prevent unauthorized AI training. 

Locking down resources, monetizing data, applying stricter licenses — in these responses, 
some see existential threats not only to curated collections, but to the open Internet itself. 
Various analyses warn about the emergence of a “techno-economic oligopolyˮ or “digital 
feudalism,ˮ  that would further consolidate data resources into the hands of a few massive 
corporations, excluding civil society and smaller commercial organizations alike 
(Kretschmer et al., 2024 cited in Westenberger & Farmaki, 2025; Mazzucato & Gernone, 
2025; Verhulst, 2025; Wiggers, 2024a). They describe “a world where Google, Microsoft, 
and Meta get special access through billion-dollar licensing deals while everyone else — 
researchers, journalists, small businesses, individual users — gets locked outˮ (Hellman, 
2025) or turned into “serfsˮ who only get access in return for sacrificing their own labor or 
personal data. This is not an argument against commercialisation. Rather, it is an argument 
for commercialisation on terms broad enough to include small AI developers, academic 
publishers and research institutions, not just those with the legal and financial resources to 
negotiate bespoke deals. When the lawfulness of scraping remains uncertain, organizations 
with substantial legal resources gain competitive advantage: they can absorb litigation risks 
that smaller entities cannot. 

Other risks of this environment, where organizations look to silo, protect, and (in some 
cases) monetize their data, include the exclusion of crawlers that support discovery and 
preservation. Masnick (2025b) cites the example of Reddit blocking archiving crawls from 
Internet Archive due to concerns that they serve as a backdoor for AI companies to access 
Redditʼs corpus for free, undermining its plans to turn it into a revenue stream. Masnick 
problematizes this approach, warning that “rather than finding ways to capture that value 
while preserving archival access, theyʼre choosing to break historical preservation entirely.ˮ  

Existing legal and regulatory frameworks are ill-suited to address the challenges facing 
open curated collections stewards. Globally, policy, legislation, and lawsuits have centred 
on issues of copyright infringement and personal data privacy, not on other forms of 
“unethical, harmful, or irresponsible use of … content for AI trainingˮ (Tarkowski & Warso, 
2023) or the use of public domain or openly licensed data. Governments have largely taken 
a pro-AI stance in the name of enabling economic growth (Terras, 2025). 
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The legal frameworks relevant to AI training and delivery vary by jurisdiction. 
Underlying concepts of intellectual property differ. Copyright, prevalent in the 
US and the United Kingdom, emphasizes economic rights, while droit 
dʼauteur, adopted in countries like France, Germany, and Brazil prioritizes moral rights of 
authors to their creative works.  

AI training may fall under text and data mining (TDM) exceptions; Japan has one of the 
broadest text and data mining (TDM) exceptions globally (Pasetti et al., 2025), joined by 
Israel and Singapore (Tiedrich, 2025). Europe also has TDM exceptions, while the United 
States relies primarily on the doctrine of Fair Use (Courtney, 2024). More restrictive laws 
include Chinaʼs comprehensive regulations for foundation model developers, covering 
responsibilities such as “AI governance, training data requirements, tagging and labelling 
standards, data protection protocols, and safeguarding user rightsˮ (Wu, 2023).  

As of August 2025, provisions of the EU AI Act went into effect, requiring “general-purpose 
AI systems to comply with EU copyright laws and transparency requirements, including 
sharing information about training dataˮ (Tiedrich, 2025).  However, it does not resolve the 
“underlying question of legalityˮ of scraping copyrighted materials (Pasetti et al., 2025). 
Tarkowski, & Warso (2024) assert that EU copyright law allows commercial AI training on 
“lawfully accessible copyrighted works,ˮ  without explicit permission from rights holders 
“unless the rights holders have made a (machine-readable) rights reservation .ˮ The effects 
are unclear so far, as general-purpose AI providers have until 2028 to ensure compliance.  

An important distinction remains between the use of copyrighted works as training data and 
the copyright status of the outputs of generative AI, which remain an edge case as a 
“non-expressive useˮ (Sag, 2023). Additionally, the nature of downstream outputs could 
break the upstream fair use argument supporting AI training. 

High-profile investigations and lawsuits have begun to shift the risk landscape for 
copyrighted content. Companies are starting to hedge their legal bets, secure their data 
supply chains, and change behaviour in response to major lawsuits (Paul & Tong, 2024). 
According to some analyses, the Anthropic settlement7 in particular underscored the  
substantial risks of using “pirated or unauthorized materialsˮ in training data and should 
prompt more AI developers to invest in “rigorous data governance,ˮ  including detailed 
recordkeeping regarding data provenance  (Loring & Rayner, 2025; Penti & Schaal, 2025). 
This watershed moment may prompt more expectations on the part of content creators and 
providers to derive a share of the value from the reuse of their work by AI companies. As of  
September 2025, there were as many as 40 other pending lawsuits against AI companies 

7 This settlement refers to a $1.5 billion agreement reached as the result of a class-action lawsuit 
accusing the AI company Anthropic of using pirated books to train its models. 
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specifically regarding the use of unlicensed data (Brandom, 2025). The 
increasing prevalence of RAG augments the potential for copyright 
infringement as it tends, more than other models, to engage in direct 
quotations from source materials, which may undermine Fair Use arguments 
(Sag, 2025).  

Lawsuits that aim to strengthen copyright protections8 have been opposed by organizations 
such as the Authorsʼ Alliance on the basis that they would “grant unlimited power to private  
parties to restrict speechˮ and give a handful of massive corporations “unilateral controlˮ  
over how content on their platforms can be used, suppressing the rights of individual 
creators and potential reusers (Xu, 2025). 

Legal ambiguity around the lawfulness of data harvesting “not only fuels litigation risks but 
also fosters defensive practices by AI developers, including opacity regarding dataset 
composition and reluctance to disclose sources, which undermines broader efforts toward 
transparency and responsible AI governanceˮ (Pasetti et al., 2025). However, some 
organizations are adopting an alternative approach: training exclusively on openly licensed 
content (e.g., EleutherAIʼs Common Pile) (Biderman et al., 2025). 

We need better mechanisms to sustain the commons of 

open data.  


To develop these mechanisms, we need to understand 

the technical and economic value of data for AI. 


8 For example Ziff Davis v. OpenAI. 
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Exploring the data 
marketplace 
Massive quantities of data are needed to build “foundation models,ˮ  the generalized 
machine learning systems trained to perform a wide array of tasks. A small number of 
US-based players, including OpenAI, Anthropic, Google DeepMind, Meta, and several large 
Chinese companies, including Alibaba Group Holding, DeepSeek, and Moonshot AI, 
dominate foundation model development. Model builders may build their own datasets 
through scraping the web and harvesting via APIs; they may also work with data 
aggregators and brokers that compile and curate datasets for sale or open distribution and 
build their own filtered versions of large corpora (e.g., Common Crawl). These pre-trained 
LLMs are not “productsˮ themselves, but “infrastructureˮ that underlies myriad specialized 
AI tools that serve a range of domains, from code generation to scholarly research, and 
more (Mozilla Foundation, 2024).  

AI requires data for model training and inference, the process of AI-driven systems 
responding to a prompt. 

Figure 1. Data value chain from content creators to end users. 

16 



 

 

 

 

 
 

  

Data, not architecture, appears to account for most improvement in LLMs 
(Kaplan et al., 2020). Scale is important; generative AI systems use  
probabilistic models and therefore need vast amounts of data to effectively 
predict the outputs that make the most sense. Generative AI in particular 
needs high volumes of unstructured data such as text, images, and video. High-quality 
data9 matters more than “sheer quantityˮ in order for models to produce high-quality 
outputs (i.e., relevant, accurate, convincing, safe, context-appropriate content) (Wiggers, 
2024a). This has become increasingly true as AI developers move towards inference or 
retrieval augmented generation (RAG), which queries data in real time rather than relying  
solely on training data. Models trained on mixed-quality web data also need high-quality 
data for refinement. Hellman (2025) explains, “Good training data has lots of text, lots of  
metadata, is reliable and unbiased. It's unsullied by Search Engine Optimization (SEO)  
practitioners. It doesn't constantly interrupt the narrative flow to try to get you to buy stuff. 
It's multilingual, subject specific, and written by experts. In other words, it's like a library.ˮ   
Internal messages revealed as part of a class action lawsuit against Anthropic stated that 
“training AI models on books could teach them ‘how to write wellʼ instead of mimicking ‘low  
quality internet speakʼˮ according to reporting in the Washington Post (Schaffer et al., 
2026). Wang & Jia (2023) argue that data value primarily equates to “how much a datum or 
dataset improves model performanceˮ rather than its “market-price or creator-payments by 
default.ˮ  LLM developers can use standard statistical measures to identify which samples 
or datasets increase accuracy, reduce loss, or improve the downstream capabilities of their 
models.  

Current deals and data monetization 
Recent legal settlements, licensing deals, and market reactions have reinforced the 
economic value of copyrighted content and have led some organizations to recalibrate their 
content harvesting methods. Companies also recognize that there are some things brute 
force scraping cannot provide: reliable access over time, well-documented provenance, 
clear usage rights, and well-structured data. The need for high-quality data, as well as an 
increasingly risky legal environment, explains the surge in partnerships with news 
organizations, academic publishers, legal archives, and code repositories.  

9 There is no single definition of “high-quality dataˮ for machine learning. It may mean 
well-structured, peer reviewed, free from offensive or biased content, etc. See  Table 1 for an 
inventory of characteristics of high-quality data gleaned from the literature. 
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Characteristic Notes 

Real-time or recent Up-to-date information helps keep models relevant and accurate. 
Models trained on outdated information provide obsolete answers 
about evolving topics, from current events to scientific 
discoveries to changing social norms and technical standards. 

Openly licensed Machine-readable open licenses help AI companies mitigate legal 
risk involved in harvesting and using content.  

Authoritative and 
accurate 

Peer-reviewed, expert-authored content helps deliver reliable 
information and results to end users of chatbots and generative 
AI tools. 

Representative and 
diverse 

Data that represents the full diversity of real-world scenarios the 
model will encounter helps it deliver more appropriate and useful 
outputs. Smaller open data providers can help diversify the data 
corpora used to develop foundation models. 

Unique Content not duplicated elsewhere or that represents novel 
perspectives provides models with distinctive patterns to learn 
from. This is particularly valuable for specialized domains or 
underrepresented topics and helps model developers 
differentiate their products. 

Knowledge-dense 
and voluminous 
(long-form) 

Knowledge-dense sources like academic papers, technical 
documentation, and scholarly books contain concentrated 
information with a high signal-to-noise ratio (i.e., proportion of 
useful versus irrelevant or incidental information). Long-form 
content helps models understand context, narrative structure, 
and sustained argumentation. Voluminous in this context refers to 
the length of a specific item, not the size of a full corpus.  

Multilingual Diverse language training data leads to more accurate and 
reliable performance for users who speak or want to generate 
content in a range of languages. 

Well-structured and 
described 

Metadata provides crucial context that streamlines learning. 
Models converge faster and achieve higher accuracy by 
leveraging consistent, well-defined input signals rather than 
repeatedly learning fundamental patterns. 

Table 1. Characteristics of “high-qualityˮ training data for AI models. 
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The price tags for these deals vary dramatically, from single-digit millions (for 
smaller publishers or one-off academic collections) to tens or hundreds of 
millions for large, multiyear news and image-library deals. In 2024, Business 
Research Insights estimated the AI-training data market at around $2.5 
billion, with anticipated growth to $30 billion within a decade (Paul & Tong, 2024). More 
conservative analyses argue that current deals represent investor-subsidized experiments 
rather than an indication of a sustainable marketplace for data (Woahn, 2026). There is also 
evidence that the demand for training data may have already peaked, while data for RAG is 
growing (Vigliarolo, 2026).  

Many of the largest deals over the past few years have been struck with news and media 
organizations. TechCrunch estimates OpenAI is spending between $4 million and $20 
million a year for news content in total. They base their estimate on reporting from The 
Information that revealed OpenAI was “offering publishers between $1 million and $5 million 
a year to access archives to train its GenAI models,ˮ  though marquee publishers command 
much larger deals (Wiggers, 2024b).  

Such deals typically combine an upfront fee with recurring or usage-based payments (and 
sometimes non-cash credits, tech cooperation, or product integrations). Media and 
publisher deals tend to include attribution requirements when content is surfaced via the AI 
product, non-exclusive rights for training, and no verbatim reproduction of paywalled 
content. News publishers especially want to avoid “AI clonesˮ of their content that would 
cannibalize their business. Specific terms and dollar amounts are largely undisclosed; a few 
examples of publicly available deal amounts are described in Appendix A. 

We can derive several pricing clusters from these and other examples: 
●		 High-value content (e.g., premium news archives and large social platforms with 

high-traffic and unique data) commands up to and over $100M, often covering a 
multi-year arrangement. The highest annual payment surfaced for this report was 
Redditʼs estimated $60M per annum deal with Google. 

●		 Mid-tier content (e.g., stock photo and video libraries and large academic 

publishers) has attracted deals ranging from $10M to $50M per year. 


●		 Low-value content (e.g., user-generated content from business review platforms 
and Q&A forums) is netting mid-seven figures or revenue-sharing deals.  

Data with clear rights, high editorial standards, large volume, or recency value appears to 
command higher prices. AI companies also seem to be increasingly interested in academic 
content because it is highly structured, reviewed, domain-specific, and expensive to 
produce (and therefore scarce). These factors are all crucial to the development of 
specialized LLMs and for refinement of general-purpose models. These data valuations are 
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consistent with the characteristics of “high-qualityˮ data described in the
literature and summarized in Table 1. 


We can also deduce data value from class actions and settlements (e.g., 

cases involving book authors and Anthropic and other model builders) that have disclosed 

proposed compensation in the low thousands of dollars per title for qualifying works, 

though terms and final amounts vary by case (Malhotra, 2025).   


Some have argued that generative models are hitting a “web-data ceiling,ˮ  making it 

increasingly difficult to source novel, high-quality data. Some analyses predict that the most 

promising future opportunities for monetization therefore will lie in untapped data reserves, 

including sensitive, private, analog, or internal data. The non-profit organization OpenMined 

estimates that AI has only been “trained, evaluated and deployed on less than .01% of all 

data,ˮ  specifically publicly available digital data scraped from the web. They contend that a 

further 180 zettabytes of private, sensitive, analog, and otherwise inaccessible data, 

presents a new frontier for AI training (Hardinges, 2025). Significant interest has also turned 

toward synthetic data as a compelling potential avenue for augmenting traditional 

human-generated corpora during the foundational pre-training phase. According to current 

research, synthetic data works best as a supplement rather than a replacement for 

human-generated data (Kang et al., 2025). 


Assigning economic value to “freeˮ data 
LLMs and the applications they make possible “would not exist without having been trained 
on content taken from the digital commons: the ensemble of billions of open discussion 
forums, encyclopedia pages, digitized books and newspapers, repositories of open source 
code, and open access scientific publications, open digital images, videos, and sounds that 
are either in the public domain or available under a free and open licenseˮ (Noroozian et al., 
2025). LLM builders typically seek to maximize the quality, size, and diversity of their 
training data, and the commons provides exactly what they need: vast, well-curated, openly 
licensed datasets that can be harvested without legal restriction (Mozilla Foundation, 2024). 
The characteristics of high-quality data in Table 1 align very closely with those of most 
curated collections. 

Despite the obvious value of curated collections data for model training and inference, 
applying market economics to a freely available resource quickly gets messy. Curated 
collections function less like market goods and more like a common-pool resource: openly 
accessible, costly to produce and maintain, and relied upon by a range of stakeholders. 
While digital data canʼt be physically depleted, the capacity to steward it is rivalrous, 
bounded by funding, labour, and infrastructure. Large-scale AI harvesting increases 
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demands on the resource without directly or proportionally contributing back 
to its sustainability, and while AI companies derive significant commercial 
value from open data, the costs of curating and serving that data currently 
fall entirely on collection stewards. The concentration of the AI model training 
market within a few US technology companies that have enough resources to access and 
process large quantities of data, the training on public domain data (as well as data 
protected by copyright) underwrites a value transfer that further consolidates the power of 
the strongest players (Ivanova & Ding, 2025). Tarkowski and Warso (2024) describe this as 
a pattern of “free-ridingˮ and “extraction of value from the commonsˮ dating back at least a 
decade. Companies regard public web data as zero-cost input. The Wikimedia Foundation 
reports that, despite their recognition of the tremendous value of Wikimedia data, for tech 
companies, “The definition of value is cost to acquire the data — full stopˮ (Becker & Wyatt, 
2023).  

The question at the heart of current efforts is how to 
encourage proportional investment from AI companies 
in the open data providers that power their models 
without closing down the open internet or causing harm 
to the open curated collections community. 

The sheer pace of AI development and the race to remain competitive have made 
thoughtful, proactive, or coordinated approaches to this challenge elusive. Open curated 
collections are looking for ways to either match the speed of the moment or force a 
slowdown — for example through regulation or litigation — that enables companies to stop 
and think. 

Curated collections stewards could attempt to negotiate direct remuneration from the 
companies that harvest and use their content for AI training, but the incentives for 
companies to engage look very different when dealing with (relatively) small open datasets 
than when dealing with large rightsholding organizations like Newscorp. Open curated 
collections stewards typically have limited legal resources (and recourse) and asymmetric 
bargaining power. The market has yet to establish clear valuation models for 
non-commercial content in the context of AI harvesting. Consolidation in the media and 
publishing sector allows AI companies to strike deals that cover massive quantities of 
content, keeping transaction costs low (Sag, 2025). The newspapers included in OpenAIʼs 
deal with NewsCorp, for example, publish tens of thousands of new articles per month and 
have decades of archived material. The total corpus covered by the agreement is likely in 
the tens of millions of articles. While the largest sources of open data can command the 
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attention of model builders, smaller open collections stewards (representing 
the vast majority) face a serious problem of scale. Individual creators and 
small collections have little leverage in negotiations given the relative 
insignificance of any given data point to the effectiveness of an LLM (Chan et 
al., 2023). 

Enterprise-grade API services, designed to support high-volume access, can provide a  
(potentially monetizable) gateway to open curated collections. The Model Context Protocol 
(MCP), released by Anthropic in 2024 and now considered an industry standard, allows 
content providers to set up a standardized endpoint that provides access to any 
MCP-compliant AI models, potentially making it easier for open curated collections to 
integrate with a wide range of AI tools (Tay, 2025). The importance of standardized and 
reliable access correlates with the increasing adoption of RAG, which relies on consultation 
of real-time data. Wikipedia, one of the two most-cited resources in ChatGPT outputs 
(Harsel, 2025), reported that its enterprise-grade API service successfully turned a profit in 
2025 (Wikimedia Foundation, 2025), demonstrating that access plays a role alongside 
copyright or other legal concerns as an incentive for AI companies to compensate their 
most important data sources (Sag, 2025). It is unclear whether smaller open collections can 
capture enough attention and demonstrate sufficient return on investment to implement 
similar models. 

Scraping fees collected via CloudFlareʼs pay-per-crawl model (Allen & Newton, 2025) or 
contracts granting collection-level scraping permissions governed by specific terms have 
also been floated as ways to remunerate smaller collections owners. Some new content 
licenses have been developed to explicitly support usage-based compensation. RSL, for 
example, allows users to express that a work is available via subscription, pay-per-crawl 
(compensation each time content is accessed), and pay-per-inference (compensation each 
time content contributes to an AI response).  

However, even new licenses currently depend entirely on voluntary compliance. No major 
AI company has publicly committed to honouring RSL terms (Palmer, 2025), for example, 
and the protocol functions primarily as a request system that crawlers can ignore (Crowell & 
Moring, 2025). Enforcement is further complicated by the difficulty of tracking whether 
content appears in training datasets or influences model outputs (Brandom, 2025). So far, 
AI companies appear unmotivated to address the issues their practices create, and seem 
unwilling to adopt even minor mitigation measures such as rate-limiting their crawlers, let 
alone respecting creator preferences (Edwards, 2025). Evidence shows AI companies 
routinely ignore preference signals and consent frameworks absent legal consequences. 
Creative Commons received significant community pushback to its CC Signals framework, 
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specifically regarding the desire for more assertive opt-out terms and 
protections for creators (Ross, 2025).10  

To succeed, these licensing frameworks need institutional or collective 
governance structures to pool resources, rights, and bargaining power from multiple 
content creators to negotiate with AI companies on their behalf. Negotiations, enforcement 
of terms, and payment processing could be managed by individual organizations or via 
community-based data trusts or intermediaries (Baack et al., 2025), which could include 
representatives from different stakeholder groups (i.e., industry, civil society organizations, 
curated collections stewards). Chan et al. (2023) propose the creation of a national public 
data trust to govern the use of the digital commons, negotiate for royalties on model 
revenues, and ensure compliance.  

Initiatives like the RSL Collective (with 1,500+ member organizations as of December 2025)  
draw on collective licensing frameworks from music rights management (ASCAP, BMI) and 
academic publishing  (Copyright Clearance Center). In the open collections sector, 
Sustainable Data Commons (SUDACO)11 is developing a data trust mechanism based on 
“governance methodologies, and practical guides adapted to communitiesʼ needs, 
economic models, and social and ecological values.ˮ  By aggregating individual rights 
through dedicated organizational structures, these approaches aim to reduce the burden on 
individual creators for monitoring, auditing, and enforcing rights while achieving sufficient 
scale to matter to AI companies who find negotiating with individual small rightsholders 
"administratively burdensome" (Baack et al., 2025). Through pooling resources, these  
organizations can potentially achieve sufficient scale and influence to matter to AI 
companies, reducing transaction costs that make individual negotiations prohibitive, and 
establishing reuse norms that change behaviour.  

Collective structures face social and precedent barriers. AI companies currently access 
billions of tokens freely via platforms like Common Crawl, making voluntary payment for 
content they already obtain without restriction economically irrational without additional 
external pressures (Masnick, 2025; Mazzucato & Gernone, 2025). Building infrastructure to 
establish data governance, negotiate contracts, receive payments, and distribute royalties 
across member organizations requires substantial resources and time that many small 
collections lack. Additionally, collective rights organizations have histories of exploitative 
practices in other domains, raising governance concerns that require careful oversight 
(Band & Butler, 2013; Masnick, 2025). 

10 See, for example, the discussions in the CC Signals Github repository 
https://github.com/creativecommons/cc-signals/discussions. 
11 https://cis.cnrs.fr/en/sudaco-project/ 
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Inviting AI companies 
into the commons 
Beyond market-based licensing mechanisms, an alternative set of approaches focuses on 
strengthening the digital commons and establishing reciprocal norms for AI companies 
accessing openly shared content. The extant literature nearly uniformly advocates these 
approaches as an alternative or complement to market-based strategies for open curated 
collections. The commons model emphasizes collective coordination, social norm 
cultivation, and institutional trust-building rather than monetization of individual collections. 
Unlike licensing deals struck between AI firms and individual publishers, commons-based 
approaches seek to preserve the open, shared character of knowledge resources while 
ensuring that the entities profiting most from them contribute meaningfully in return. This 
perspective positions small collections not as individual vendors but as stewards of 
interconnected knowledge resources requiring collective protection (Verhulst et al., 2024).  

The success of a commons-based approach assumes that AI companies do have 
incentives to engage more fairly with open collections stewards — incentives not 
predicated solely on legal risk. We describe several of these incentives below. 

Surfacing shared incentives 
●		 Ensuring high-quality data sources remain online. Excessive bot traffic and 

scraping threaten to push some small collections offline, as many lack the resources 
to “continue adding more servers, deploying more sophisticated firewalls, and hiring 
more operations engineers in perpetuityˮ (Weinberg, 2025; Grant, 2025). If key data 
sources go dark, AI companies lose access to the very content that makes their 
models useful. 

●		 Encouraging competition and discouraging consolidation. Investment in the 
commons enables everyone, not only the wealthiest corporations, to build and refine 
models that lead to innovation. Even larger companies share a broad interest in 
encouraging innovation in the sector that they can benefit from in the future. In its 
announcement of its support for Harvardʼs Institutional Data Initiative, Microsoft cited 
the motivation to grow “a vibrant, competitive AI economyˮ by expanding access to 
the data resources needed to build LLMs (Davis, 2024). Openly licensed datasets 
can encourage competition and offer smaller players a way in. Adoption of the MCP 
(initially developed by Anthropic and later donated to the Linux Foundation) by the 
major AI market players is an example of industry-wide cooperation in this vein. 
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●		 Retain scraping access. The relationship between AI companies and 
the broader web is already showing signs of strain, and the 
consequences of ignoring this dynamic are already visible. A closing 
off of the web in response to AI crawlers, especially through blunt 
approaches that do not distinguish them from other machines, is affecting crawling 
for legitimate and widely accepted purposes, such as archiving and research. As of 
December 2025, around 5.6M websites had blocked OpenAI's GPTBot, a nearly 
70% increase over the previous six months (Claburn, 2025). As scraping restrictions 
increase and more organizations adopt brute force approaches to thwarting bots, AI 
companies risk losing access to important sources of high-quality, novel training 
data.  

●		 Sustain high-quality, diverse training data. Well-stewarded commons provide not 
just volume but also the metadata, documentation, and quality control that make 
training data more valuable. Companies may see value in building and sustaining 
resources that provide them with access to high-value, unique, or novel datasets. 
Some analyses have speculated that the open web will become polluted by 
low-quality, machine-generated content, making curated collections increasingly 
valuable data sources. Noroozian et al. (2025) write that AI model developers should 
have a vested interest in making curated collections data “identifiable, visible, and 
discoverableˮ in order to avoid ‘model collapseʼ or increasingly more repetitive, 
biased, and less capable AIˮ caused by the growing presence of synthetic data 
across the web. Looking further ahead, Woahn (2026) predicts that “The next 
improvements in model capability will come from: highly specialized domain 
corpora; well-structured technical datasets; targeted refreshes rather than massive 
new ingestions; data with deep internal organization, not broad volume.ˮ  

●		 Fostering ongoing human contributions to the open web. The commons is 
sustained by the continuous labour and ingenuity of human creators. Without new 
approaches for providing permission, credit, and compensation, these creators have 
diminishing incentives to openly share their work, and AI models lose access to 
original content (Chan et al., 2023, Huang & Siddarth, 2023). Borgman and Groth 
(2025) argue that scholars participate in a gifting economy in which they volunteer 
labour (such as sharing data) ˮwith the expectation that these gifts create 
indebtedness, encourage reciprocity, and enhance reputations.ˮ  To build trust 
among scholars and collections stewards, AI companies may need to more visibly 
and concretely adopt the norms of a gifting economy, for example, by ensuring 
proper attribution.  

●		 Creating a positive public image and consumer trust. Beyond practical 
considerations, AI model developers may have a reputational incentive to 
demonstrate a commitment to "ethical" or "responsible" AI, which may include 
appropriate data harvesting practices. The non-profit Fairly Trained, for example, 
was launched for the purpose of certifying AI model developers and products that 
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adhere to certain standards for their training data (Knibbs, 2024). 
They also have an interest in serving consumers reliable information 
from robust sources in order to increase adoption and engagement 
with their platforms. 

●		 Mitigate regulatory and legal risks. Finally, the legal landscape surrounding AI and 
data use remains in flux. Depending on the outcome of a number of lawsuits and 
pending legislation, AI model developers may need to fundamentally alter the way 
they harvest data. If they cannot rely on fair use justifications for scraping 
copyrighted data, for example, they will be increasingly reliant on openly licensed 
and public domain data. The strongest incentive for change could be future 
government policy that regulates the use of openly available data, for example, by 
strengthening creator opt-outs. 

Despite these shared incentives, the challenge lies in bridging the gap between curated 
collections stewards and AI companies and developing the sociotechnical infrastructure 
needed to facilitate cross-sector engagement. Trust between commons communities and 
AI companies is severely eroded. Open source developer communities have expressed 
“deep frustration with what they view as AI companies' predatory behaviour toward open 
source infrastructure,ˮ  undermining the relationship-building these approaches require 
(Edwards, 2025). Philosophically, there is tension between openness ideals and protection 
needs. The “open with thoughtfulnessˮ paradigm (Metz, 2025) requires continuous 
judgment calls that may fragment the commons into incompatible governance zones.  

Addressing these challenges will require deliberate effort on multiple fronts. The commons 
needs norms, governance frameworks, and contribution models developed with input from 
a range of stakeholders, including AI companies and technology platforms, as well as 
researchers, creators, and open curated collections stewards. 

Building the infrastructure for reciprocity 
A commons is sustained by well-designed contribution rules that are fair, observable, 
enforceable, and collectively governed. Working from the basis of shared incentives, open 
curated collections and AI companies can shift from a dynamic of asymmetric distribution 
of costs and benefits to one characterized by reciprocity: a bi-directional and mutually 
beneficial relationship where resources become “community assetsˮ rather than targets for 
extracting knowledge (Tennison, n.d). Realizing this vision requires a fundamental shift in 
how we conceptualize data. Rather than treating information as “an object ripe for 
extraction,ˮ  (Dulong de Rosnay & Stalder, 2020) we must begin to regard it as “a finite (and 
precious) resource that needs to be nurtured and cared forˮ (Verhulst et al., 2024). 
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Establishing norms, the shared expectations that guide participation and 
reciprocity in the commons, is the first layer of coordination. Norms may 
include respecting creator preferences and contributing back to the 
ecosystem, financially or otherwise, proportionally to the pressure you place 
on it. They may also cover specific technical and operational guidelines such as 
provenance tracking, required attribution, restrictions on verbatim reproduction, or barriers 
against training new foundational models. They may be supported by technical 
infrastructure. For example, Padilla (2026) contends that the MCP can help to facilitate 
provenance tracking and attribution. Norms can function as an effective and more 
values-aligned alternative to stronger intellectual property rights or individually negotiated 
contracts. Their power “comes from coordination and solidarity … across sectors, 
communities, and geographiesˮ (Hardinges, et al., 2025).  

Norms spread faster and carry more weight when embedded in structures capable of 
enforcing and evolving them. Commons governance frameworks establish coordinated 
rules and institutional structures for managing shared data resources, addressing what 
Tarkowski and Warso (2023) identify as a “governance vacuum in the process of creating 
and using datasets for AI training.ˮ  

Norms and governance provide the principles; 
contribution frameworks provide the mechanism.  

Commons-based contribution models do not aim to price the data itself, but to ensure that 
contributions align with the real costs of sustaining the commons. Those costs are 
substantial and varied, encompassing labour (including curation, metadata creation, quality 
control, governance, and community engagement), infrastructure (hosting, storage, and 
bandwidth), and long-term stewardship responsibilities such as preservation and migration 
to new formats and platforms. 

Rather than charging per record or per byte of data harvested — a transactional model that 
can feel extractive and that poorly captures the true dynamics of commons use — 
contributions are structured to reflect how much pressure an actor places on the system. 
This includes the volume of access (such as scraping frequency, API usage, or downloads) 
and the exclusivity of value capture (for example, different standards might apply to open 
versus proprietary models). The result is a contribution model expressed as a weighted 
share of total costs, not a one-time fee. Contributions may include monetary payments as 
well as non-monetary value return mechanisms. For commons-oriented collections 
philosophically opposed to commodifying knowledge, reciprocal contributions — improved 
metadata, processing tools, derived datasets — may align better with mission than licensing 
revenue. The Common Pile team, for instance, has demonstrated this principle in practice 
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by sharing improved transcripts and metadata with the source platforms from 
which their training data was drawn (Baack et al., 2025).  

Contribution models must take into account the real 
costs of keeping curated collections viable, including 
labour (curation, metadata creation, quality control, 
governance, community engagement), infrastructure 
(hosting, storage, bandwidth), and long-term 
stewardship (digital preservation, migrations). 

Under this framework, commons stakeholders bear responsibilities proportional to both 
their impact on the commons and their capacity to contribute. Rather than flowing through 
one-off bilateral payments, contributions are directed into collective sustainability funds and 
community trusts. This structure avoids the power imbalances inherent in direct negotiation 
and supports the kind of collective governance that the commons requires. Non-monetary 
contributions, such as code, tooling, or documentation, are valued, but do not replace the 
need for financial support. 

One of the most direct ways AI companies can contribute to the commons is by funding 
the human labour that keeps it alive. Mike Masnick (2024) has proposed a version of this 
idea in the context of journalism: “If the tech companies need good, well-written content to 
fill their training systems, and the world needs good, high-quality journalism, why donʼt the 
big AI companies agree to start funding journalists and solve both problems in one move?ˮ 
Mazzucato & Gernone (2025) similarly argued for an increase in public funding for artists 
and creators paid for via taxes levied on AI companies. 

In the context of open curated collections, this might look like funding the digitization and 
curation of unique, high-quality, well-structured content optimized for AI use. Investing in 
thoughtfully curated collections reduces reliance on the unfiltered and unstructured 
datasets like Common Crawl, which currently dominate LLM training, resulting in improved 
transparency and performance (Mozilla Foundation, 2025). AI companies could invest in 
the creation of Compute-Ready Documents (CRD) “designed explicitly for agentic ingestion 
rather than blind chunking,ˮ  ensuring that training data is not only abundant but structurally 
suited to the systems that will use it (Gunter, 2026). 
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Sustaining the commons also requires 
investment in shared institutional 
infrastructure. 

Verhulst (2025) has proposed the creation of trusted institutions — modelled on libraries —  
that would steward equitable and responsible access to data for the AI era. Current 
examples of this approach include CodeCommons from Software Heritage and Harvard 
Law School Libraryʼs Institutional Data Initiative.12 These examples demonstrate ways in 
which trusted institutions such as libraries and archives can build high-quality corpora, 
establish norms and guidelines around reuse, and bridge different stakeholders in the AI 
data economy. 

Conclusion 
Curated collections face sustainability challenges driven by automated data harvesting. 
These repositories provide high-quality, well-structured, authoritative data that AI 
companies need for training foundation models and supporting generation systems. 
However, bot traffic creates costs through bandwidth consumption and disruptions to 
service, while AI intermediaries divert human engagement. Current mitigation strategies 
present significant limitations: blocking crawlers risks fragmenting the open web, 
preference signals depend on voluntary compliance that is frequently ignored by crawlers, 
and legal frameworks vary across jurisdictions and provide patchwork systems based on 
outdated policies. Defensive responses that restrict access may accelerate consolidation of 
data resources only to well-resourced corporations.  

Stark scale disparities are evident in the emergent initiatives like the licensing market. Major 
content providers secure substantial multi-year deals, with news organizations and large 
publishers engaging in agreements that net them millions of dollars. These agreements 
reflect AI companiesʼ need for reliable access, clear rights, and documented provenance. 
Small collections, on the other hand, face structural barriers; AI companies seem to prefer 
aggregated deals that reduce transaction costs, which means individual small collections 
lack negotiating leverage. Collective licensing initiatives like the RSL Collective attempt to 
address these challenges by aggregating collections to achieve scale, drawing on models 
from music rights management and academic publishing. Machine-readable protocols 
provide technical infrastructure for expressing usage terms, while frameworks like CC 

12 https://codecommons.org/, 
https://hls.harvard.edu/library/about-the-library/library-staff/institutional-data-initiative/ 
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Signals enable contextual preference specification. However, major AI 
companies have not committed to honouring such approaches and 
enforcement mechanisms remain limited.  

Alternative approaches emphasize commons governance and reciprocal norms rather than 
individual monetization. Commons governance frameworks could establish coordinated 
rules for managing shared resources and addressing power asymmetries, while 
recognizing potential incentives for AI companies, such as maintaining access to 
high-quality data sources and mitigating regulatory risks. Contribution models could align 
payments with actual stewardship costs like curation labour, infrastructure resources, and 
long-term preservation.  

The fundamental challenge remains in preserving commons principles while adapting 
to unprecedented technological demands. This landscape scan surveys emergent 
mechanisms to sustain openly accessible resources while addressing extractive practices 
in a meaningful way.  
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Appendix A: Inventory 
of selected licensing 
deals 

●		 Multiyear content licensing deal between OpenAI and News Corp “worth over 
$250Mˮ (reported as a five-year arrangement). Includes cash payment as well as 
credits to use OpenAI technology (Bruell et al., 2024).  

●		 OpenAI is paying Dotdash Meredith at least $16M a year to license its content for AI 
(David, 2024a). 

●		 Microsoft paid Informa (parent company of Taylor & Francis) an initial access fee 
“around $10Mˮ with recurring payments across the following years for 
scholarly/journal content (Potter, 2024). Taylor & Francisʼ broader 2023 licensing 
income (reportedly around $75M) suggests multiple deals possibly covering multiple 
AI clients (Lewin, 2025). 

●		 John Wiley & Sons reported an anticipated $44M in revenue from AI licensing deals 
with at least two undisclosed partners (Lewin, 2025). 

●		 Shutterstock disclosed its AI-licensing business generated approximately $104 
million in 2023 and forecast higher numbers; it has multi-year arrangements 
(including a six-year agreement with OpenAI) (Ford, 2024). 

●		 In some instances, deals are structured on a per-item basis rather than for a full 
corpus. For example, Paul & Tong (2024) report that PhotoBucket has “discussed 
rates of between 5 cents and $1 per photo and more than $1 per videoˮ for access to 
their archive of 13 billion photos and videos. The authors also cite Freepikʼs licensing 
of the majority of its archive of 200 million images at 2 to 4 cents per image to two 
major AI companies. A data aggregator that licenses data to a range of major 
companies reported the market rate for images at $1 to $2, $2 to $4 for short-form 
video and $100 to $300 per hour for longer films, and $0.001 per word for text. 

●		 Reddit receives an estimated $60M annually from Google to use its data for AI 
purposes (Brandom, 2025). 

●		 Content providers are also introducing enterprise API access models rather than 
licensing deals. Wikimedia Enterprise, for example, reported that its enterprise API 
service netted a profit of $646k between 2022 and 2025. The serviceʼs total 
revenue for the 2024-2025 fiscal year was $8.3M (Wikimedia Foundation, 2025). 

●		 OpenAI donated $50 million to 15 research institutions, including Harvar,d as part of 
its NextGenAI consortium project (Chen & Im, 2025). That includes supporting the 
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nearly 1 million public-domain books Harvard plans to release for AI 

training as well as many other large-scale initiatives around AI at the
partner research institutions. 


●		 Anthropic gave $1.5M to the Python Software Foundation to improve 
security, in exchange for access to code (Crary, 2026). 

●		 Anthropic recently announced integrations with bioRxiv, medRxiv, and 
ClinicalTrials.gov; the press release did not include details about any potential 
compensation (Advancing Claude in Healthcare and the Life Sciences, 2026). 

Content Provider AI Company 
Reported Financial 
Value Length/Duration 

Associated Press OpenAI Undisclosed 2023 

The Atlantic OpenAI Undisclosed Multi-year 

Axel Springer OpenAI Undisclosed Multi-year 

Dotdash Meredith OpenAI Undisclosed Multi-year 

Financial Times OpenAI Undisclosed Multi-year 

Le Monde OpenAI Undisclosed Multi-year 

News Corp OpenAI $250M total 5 years 

Prisa Media (El País) OpenAI Undisclosed Multi-year 

Reddit OpenAI Undisclosed Multi-year 

Shutterstock OpenAI $25—50M 6 years 

Stack Overflow OpenAI Undisclosed Multi-year 

Thomson Reuters OpenAI Undisclosed Multi-year 

Quora (Poe data) OpenAI Undisclosed 2024 

Reddit Google $60M per year Long-term 

Stack Overflow Google (Gemini) Undisclosed 2024 

Shutterstock Google Undisclosed 2023 extension 

The Atlantic Meta Undisclosed 2024 

Shutterstock Meta Undisclosed 2022 extension 

Informa (Taylor & Francis) Microsoft $10M (confirmed) 2023 

Westlaw/Thomson Reuters Microsoft Undisclosed Ongoing 

Pearson Education 
Microsoft 
(rumoured) Undisclosed Undisclosed 
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LexisNexis 
Microsoft, 
OpenAI Undisclosed Ongoing 

Getty Images NVIDIA Undisclosed 2023 

Yelp Perplexity 
Revenue-share (no fixed 
amount) Ongoing 

Cengage Various Undisclosed Ongoing 

Elsevier Various Undisclosed Ongoing 

Informa (Taylor & Francis) Various 
$75M aggregate 
revenue 2023 

Photobucket Various $4—5M total 2023 

Springer Nature Various Undisclosed Ongoing 

X (Twitter) Various $0.5M—$2.5M per year Annual 
Table 2. Publicly disclosed deals between content providers and AI companies. Table generated 
by ChatGPT based on data collected by Émet Research. 
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