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Abstract 

The advent of artificial intelligence (AI) challenges political theorists to think 
about data ownership and policymakers to regulate the use of public data. AI 
producers benefit from free public data for training their systems while retaining 
the profits. We argue against the view that the use of public data must be free. The 
proponents of unconstrained use point out that consuming data does not diminish 
its quality and that information is in ample supply. There-fore, they suggest, 
publicly available data should be free. We present two objections. First, allowing 
free data use promotes unwanted inequality. Second, contributors of information 
did not and could not anticipate that their contribution would be used to train AI 
systems. Our argument implies that man-aging the ‘global information commons’ 
and charging for extensive data use is permissible and desirable. We discuss policy 
implications and propose a progressive data use tax to counter the inequality 
arising. 
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Abstract 

The advent of artificial intelligence (AI) challenges political theorists to think about data 

ownership and policymakers to regulate the use of public data. AI producers benefit from free 

public data for training their systems while retaining the profits. We argue against the view 

that the use of public data must be free. The proponents of unconstrained use point out that 

consuming data does not diminish its quality and that information is in ample supply. 

Therefore, they suggest, publicly available data should be free. We present two objections. 

First, allowing free data use promotes unwanted inequality. Second, contributors of 

information did not and could not anticipate that their contribution would be used to train 

AI systems. Our argument implies that managing the ‘global information commons’ and 

charging for extensive data use is permissible and desirable. We discuss policy implications 

and propose a progressive data use tax to counter the inequality arising. 

 

I. INTRODUCTION 

After decades of steady, incremental growth, progress in the field of artificial intelligence is 

suddenly exploding. Better hardware and machine learning algorithms certainly play a role in 

this acceleration. But another crucial factor is the availability of ‘big data’ on a scale the world 

has not seen before (Polson and Scott 2018, 6). Remarkably, while the producers of artificial 

intelligence draw on a public good – the reams of data provided by millions of contributors to 

the public parts of the World Wide Web – they typically create private goods: software or 

machines with proprietary code. This raises interesting normative questions. First, why should 

the profits reaped from these artificial intelligence systems be privately retained, given that 



nearly all the data was provided by the public? And second, how should policymakers regulate 

the use of publicly available data? 

Some maintain that information and data should always be free to use. They justify this view 

by pointing out, first, that information does not diminish in quality, regardless of how many 

people use it. They also observe, second, that the information available on the World Wide 

Web is in rich abundance, so that a tax to overcome free-riding is unnecessary for upholding 

an adequate supply. The central aim of this paper is to show that this ‘Free Use Argument’ is 

fallacious. 

Normative political theory has, so far, not paid much attention to the developments in artificial 

intelligence, big data, and machine learning. This, we think, is a mistake. One area of interest 

is the inequality created between those at the center and those at the periphery of these 

developments. Some firms producing artificial intelligence systems have or are about to 

achieve enormous technological, economic, and social influence, leading to inequality in many 

spheres. The most dramatic sign of inequality is the salary and share packages for the CEOs of 

tech companies2 This is just the tip of the iceberg, of course, representing a general tendency 

towards less egalitarian distributions if income, wealth, and power (Brynjolfsson and McAfee 

2016). For instance, much broader inequality is created between the employees of successful 

internet companies who have experienced fast-rising salaries and the employees in more 

‘bread-and-butter’ firms with traditional business models, who saw their salaries stagnate 

(Bloom 2017).3  

One way to respond to inequality is to tackle the outcomes, drawing on one’s preferred theory 

of egalitarian justice. In this paper, however, we pursue a different line of enquiry. Instead of 

merely looking at the outputs, we propose to train the focus on the inputs. More specifically, 

we ask whether the large-scale use of data for the creation of proprietary artificial intelligence 

systems provides grounds for charging the owners of artificial intelligence for the use of that 

data. This approach also helps to shed light on the nature of a very special public good: the 

public information made available on the internet. We will argue that limiting access to or 

                                                      
2  Facebook’s Mark Zuckerberg is worth about 71 billion US-$, Amazon’s Jeff Bezos 81.5b US-
$, and Google’s Larry Page 44.6b US-$, and these values have tended to climb quickly in 
recent years. See Forbes 2018. 
3 Apart from economic inequality, the dawn of countless algorithms to classify, assess and 
sort clients, applicants, employees, and so on, creates an enormous power differential 
between the designers and the takers of such regulatory systems, and often a lack of 
accountability, too (O’Neil 2016). 



charging for the use of that public good is, given certain conditions, permissible and desirable. 

Developing rules for fair use of public data is most urgent now because ‘datafication’, data 

scraping and automated learning technologies change the way data are created and used.  

The paper is structured as follows. Section II introduces the notion of the ‘global information 

commons’, a public good consisting of openly accessible information. Section III explains how 

artificial intelligence systems learn and why learning typically requires large amounts of 

information. The global information commons are a special public good because they are not 

undersupplied, as section IV points out. Section V presents the Free Use Argument for the 

global information commons. To show that it is fallacious, sections VII and VIII provide two 

different arguments against it. The Externality Argument points to the inequality that arises as 

a by-product of free information use. The Use Expectation Argument explores whether 

information providers have a right to control the use of information they add to the commons. 

Section VIII sketches some policy proposals, while section IX concludes. 

 

II. THE GLOBAL INFORMATION COMMONS 

The set of publicly available information on the internet is sometimes referred to as a global 

commons (Stiglitz 1999, 315; Hess and Ostrom 2003) or the creative commons (Creative 

Commons 2018; Boyle 2008, ch. 8). We will use the term global information commons to refer 

to all information that is available on the internet without access restriction.  

One remarkable feature of the internet is how a largely decentralized system of contributors 

has created such a rich source of information. Much of this information is created by unpaid 

enthusiasts. The central question is how the information commons may be used and whether 

charging for their use is permissible and sensible.  

Not everything that is accessible to everyone may be used legally in every way possible.  For 

example, the licensing terms of Wikipedia contain a ‘share alike’ clause, which states that ‘[i]f 

you alter, transform, or build upon this work, you may distribute the resulting work only under 

the same or a compatible license.’ (Wikipedia 2018). This is a non-trivial use restriction. By 

contrast, information that is in the ‘public domain’ can legally be used in any way imaginable 

without any obligations to the creator (Boyle, 38-9). For instance, Beethoven’s music scores 

(though not more recent recordings) are now in the public domain because any intellectual 

property rights have expired. And the CIA Factbook is in the public domain because the CIA 



(or the US federal government) waived any rights to it (CIA 2018). The interesting question is: 

what kind of use restrictions (if any) ought to apply to the global information commons? An 

answer requires a better understanding of what the information commons are. 

The information commons are characterized by four properties: 

(1) The information available, either in its entirety or as a subset, is valuable to at 

least some users. 

(2) The information is non-rivalrous in consumption, so that, for the existing users, 

the marginal cost of adding an additional user is zero. 

(3) Excluding users is difficult. 

(4) Most information is supplied on a voluntary basis. 

The first property tells us that the information commons are a good. Properties (2) and (3) are 

what most economists take as the two necessary features of public goods (Samuelson, 1954; for 

an application to data see Brynjolfsson and McAfee 2016, 62; Pollock 2009). First, information 

is, by its very nature, non-rivalrous in use. When a good is rivalrous, one person’s use 

diminishes the good for others.  Information is non-rivalrous because an unlimited number of 

users does not diminish the good in any way.4 Second, once the information is available 

somewhere on the internet, it becomes hard to contain the circle of users.5 This suggests that 

the information commons are a public good in the traditional sense. (4) marks out a peculiar 

feature of the information commons: unlike many public goods that are only supplied with 

adequate incentives, the information commons are to a large extent created without any need 

                                                      
4 It is often the case that the market value of information goes down the more people know 
about it. That may constitute an argument to support intellectual property rights, as Cwik 
2016 points out. But this is not the issue at stake in the present argument. The problem is 
not that the subjects creating data want to keep exclusive commercial use rights, like the 
writer of a novel or the composer of music. The problem is that others make use of data in 
a way that they object to, even if they consented to the data being part of the global 
information commons. 
5 Encryption techniques and digital rights management techniques offer effective use 
restrictions, but once the information is publicly available somewhere, exclusion becomes 
hard, if not impossible. 



for incentives (Brynjolffson and McAfee 2016, 64).6 This fact will feature prominently in the 

Free Use Argument we criticize below. 

Since we focus on the global information commons, other challenges related to ‘big data’ are 

beyond the scope of this paper, especially those big data sets that are not part of the global 

information commons. Since data is valuable, major tech companies also pursue business 

models that entice their clients to contribute ever more data over which they have exclusive 

control. While this is an important topic in its own right (Lanier 2014; Mayer-Schoenberger 

and Ramge 2018, ch. 8), this paper focuses on the global information commons. We do this 

because we think that there are already good normative reasons for limiting walled, non-public 

systems in their data harvesting habits, for either principled (Kitchin 2017, ch. 3; Lessig 2004; 

Solove 2012) or pragmatic reasons (Mayer-Schoenberger and Ramge 2018, ch. 8). Our point in 

this paper is that, even if the problem of walled, non-public data collection is successfully 

addressed, important normative issues about the use of the global information commons 

remain. These issues will be the focus of our paper. 

Before moving on to the use of the global information commons, we need to make one more 

terminological point, about the difference between ‘information’ and ‘data’. We take 

information as data that has been processed, organized and analyzed. Information is therefore 

of greater value for the goal of acquiring knowledge. For this paper, however, the distinction 

between information and data is less important. As we will see in the next section, artificial 

intelligence systems take both data and information as input for training, so that we do not 

need to make a strict distinction in this paper. 

 

III. MACHINE LEARNING: PRINCIPLES AND ECONOMICS 

In this section, we explain what artificial intelligence (or AI) is, how it learns, and how access 

to training data is crucial for creating successful AI systems. We also make some assumptions 

about the economic effects of machine learning. 

There are three main kinds of artificial intelligence, one that exists now and two that are 

predicted to come into existence in the future. These can be distinguished as ‘artificial narrow 

intelligence’ (ANI), ‘artificial general intelligence’ (AGI), and ‘artificial superintelligence’ (ASI). 

                                                      
6 Some other parts are a by-product of the desire to self-promote, seek attention, or to pursue 
business interests, but even in those cases the information is voluntarily provided. 



ANI specializes in one task; AGI is generalized across a wide range of tasks and approximates 

human-level intelligence; and ASI outpaces human intelligence exponentially (Urban 2016). 

Each of these raise intriguing moral and political questions, but we’re going to set ASI aside in 

this paper and focus on ANI and AGI. 

Examples of ANI include the Google search engine, the chess-playing technology ‘DeepBlue’, 

various map and navigation apps, and the Go-playing technology ‘AlphaGo,’ which beat the 

human grandmaster Lee Sedol at Go in 2016 (Metz 2016). What many of these systems have in 

common is that they rely on publicly available information, which has been and continuously 

is created and made available by individual contributors across the world. Thus, for example, 

Google’s search engine relies on the content on and links between websites created and upheld 

by individuals and corporations as well as usage data from individual searches. Similarly, 

AlphaGo learned Go strategy through extensive training, based on records of both human and 

computer players. Its initial training was based on historical games, from a database containing 

some 30 million individual moves (Metz 2016). It then trained by playing against counterparts 

of itself (Silver & Hassabis 2016). 

Not all ANIs depend on such data-led training. Strikingly, Google’s DeepMind team created an 

algorithm that can learn how to play classic Atari computer games like ‘Breakout’ by receiving 

as input only the screen display (i.e., what a human player would have seen on the screen) and 

the score. In this case, learning depends entirely on repeated attempts and not on data from 

human players (Mnih et al., 2015). More recently, the DeepMind team even presented a Go 

learning algorithm that masters the game by just playing the game a great many times against 

itself (Silver et al., 2017), without any human moves as input. This shows that not all artificial 

intelligence depends on prior training data. Sometimes ‘brute force’ repeated attempts, 

combined with reinforcement learning, does the trick. It must be emphasized, however, that 

Atari games and Go are particularly well-suited for this form of learning because the basic rules 

are very simple7, the games are deterministic, and the algorithm gets the chance to train by 

playing the game as often as necessary.  

Most tasks for artificial intelligence will not be learnable in such a controlled environment. 

Steering a self-driving Tesla car, for example, requires navigating a complex and changing 

environment and dealing with random events. And, crucially, meaningful training depends on 

                                                      
7 This is not to say that Go is simple. But it lends itself to AI learning because the rules are 
well-defined. 



input from the real world, not only simulations. Therefore, learning from (many) mistakes is 

simply not an option for self-driving cars. Even seemingly more closely circumscribed tasks, 

such as translating from German to English, cannot be mastered by AI without drawing on 

extensive training data. Without data, the system simply would not get enough feedback to 

eliminate mistakes. 

The upshot is then, that in most cases, and certainly for more complex tasks, ANIs are parasitic 

on constantly expanding public pools of information, and AGI’s are likely to be so to an even 

greater degree. The functionality of most ANIs is made possible by the information people 

provide. The important point here is that the most interesting and promising ANIs are not only 

capable of learning, in many cases their functionality necessarily depends on learning from 

public information.  

The most important machine learning approach these days is the use of artificial neural 

networks, taking cues from biological brains. Put roughly, biological brains learn by 

strengthening or weakening the connections between the neurons. Artificial neural networks 

are a structurally similar representation of brain-like networks on a computer. These networks 

have led to major learning breakthroughs, especially for complex tasks. Here is an example: 

Skin cancer analysis. Researchers trained a neural network to classify images of skin cancer, 

enabling the system to classify skin cancer according to malignancy. After being trained on 

about 130,000 images of skin lesions, as well as being pre-trained on more than 1 million other 

images to teach the system general image recognition skills, the neural network performed on 

a par with well-trained dermatologists. (Esteva et al., 2017) 

This is but one of the many recent advances in image recognition, an area for which the 

combination of artificial neural networks and extensive training with real-world data is key to 

progress. Classifying an image of a skin lesion is hard because it requires considering many 

dimensions such as color, size, patterns, motifs, and so on. It used to be the case that training 

data had to be ‘labelled’ by a success criterion, such that the AI received feedback on the quality 

of its decisions. The skin cancer recognition AI, for example, was trained with lesion images for 

which the results of biopsies conducted on the lesions were available for feedback, telling the 

neural network whether the answer it gave was correct or incorrect. 

Note, however, that, prior to being trained with this labelled image library, the AI learned how 

to ‘look’ at images in general. This process was not about skin lesion images. Instead, the neural 

network processed a great many images of all kinds of objects that were not labelled in any 



way. In that general image recognition training process, the network learned to recognize 

patterns, which is crucial for image recognition. This brings out an important development in 

the training of artificial networks: a tendency to move from supervised learning with (high-

quality and therefore scarce) labelled data to unsupervised learning based on (more easily 

available) raw data. Unsupervised learning opens new avenues to automatize the training of AI 

(LeCun 2015).  

It is not a coincidence that the major players in the field of AI are keen to collect as much data 

as they can. To some extent this data is useful to understand their own customers better, or to 

provide their users with the data they need. But another reason is that the development of AI 

cries out for data. For conventional information gathering purposes such as statistics, data 

quickly loses marginal value after a certain amount is accumulated (i.e. when there is enough 

data to make a statistically valid inference). But for machine learning purposes, more data does 

not lose marginal value in the same way as it allows AI systems to master more complex tasks 

(i.e. make compound inferences).8 When training machines to perform complex tasks, only a 

lot of data helps, and a lot of data helps a lot:  

‘… the returns to data may decline only gradually or there may even be increasing 

returns to data if more sophisticated tasks are disproportionately more valuable. This 

is consistent with the empirically-observed dominance of the data economy by a few 

large firms.’ (Arrieta Ibarra et al., forthcoming, 3) 

There are at least two reasons why the commercial use of machine learning is likely to lead to 

a few very big and very important players: 

1. Training AI systems able to interact with complex environments requires 

enormous data collection, storage and processing capacity, preventing easy 

market entrance9; 

                                                      
8 See Posner & Weyl 2018, for an excellent analysis of this process. 
9 For a small but instructive example, consider the enormous amounts of 3D mapping data 
needed to navigate an autonomous car and other mobile robotic devices through a city like 
London. See Hook 2018. 



2. The market for artificial intelligence systems tends to have a winner-takes-all 

structure. The best-performing systems are likely to become the preferred 

choice for all consumers (Brynjolfsson and McAfee 2016, ch. 10). 

Taken together, it is likely that, if left to its own devices, the market for AI systems will lead to 

the emergence of a small number of major players, unrivalled in economic power and influence, 

not unlike the current market for major internet and tech companies, though possibly more 

extreme. While one cannot know for certain how the actual market will develop, we will work 

with this empirical assumption: without regulatory intervention, and provided that free 

training data continues to be in plentiful supply, the market for AI systems will likely contribute 

to substantially increased economic inequality. Furthermore, the greater dominance of a few 

major corporations will make it increasingly difficult for others to challenge their market 

position, entrenching the rising economic inequality. It will also add to inequalities in 

technological dominance of private actors and likely an increased social and political influence 

of the future owners of the most advanced AI systems. 

 

IV. USE, NOT PROVISION, IS THE PROBLEM 

Since the information commons is a public good, one might think that it faces the same 

problem as most public goods: free-riding on the freely provided public good. Upon closer 

inspection, however, free-riding in provision is not a concern that pertains to the information 

commons. The real problem, we will argue, is unrestricted use.  

Consider, for contrast, two classic examples of public goods: 

• Light House Signals. Using the signals to navigate is non-rivalrous because use 

by additional ships does not diminish the use value for others. Exclusion of users 

is difficult because ships operating in open waters are hard to monitor and 

charges consequently difficult to enforce. 

• Unscrambled Television Broadcasts. The use of TV signals receivable by 

antenna is non-rivalrous in use because additional viewers do not diminish the 



experience for other viewers. Exclusion is difficult because it is hard to establish 

who uses receivers.  

Both public goods are costly in production. In a free market they will be under-supplied (or 

not supplied at all) because users have an incentive to free-ride on their provision and suppliers 

will not be paid for the socially optimal level of service. Lighthouses and TV stations may have 

to close without state-backed tax collection.  

These examples help us to see how different the information commons are in that regard. For 

a start, free-riding in provision is not a problem; in fact, it is invited. Providers of information 

want other users to access the information – that is the very point of posting information 

publicly. And notably, the information commons do not suffer from information under-supply. 

Instead, what we see is a remarkable level of voluntary information provision by a great many 

members of the public. Some of this apparent voluntariness may be driven by hidden non-

altruistic motives. Still, the fact remains that the global information commons have been filled 

with content in a largely non-enforced, non-regulated fashion and with only limited monetary 

incentives. This shows that the information commons are very much unlike lighthouses or free 

broadcasts: they get provided in good measure without enforcement. 

The relevant question is therefore not how we can ensure that everybody contributes. Free-

riding in provision, the standard problem for most public goods, is not the concern. To go back 

to our examples: the lighthouse and the broadcaster may have to close when the under-supply 

problem is not solved. The global information commons are under no such threat: they thrive 

even if others free-ride. The real issue is about the morality of using the information commons 

in excessive, unanticipated ways. 

 

V. THE FREE USE ARGUMENT  

One may think that charging for public information is always impermissible because 

information is the perfect public good. This argument is often appealed to, but rarely stated 

precisely.10 Justice Brandeis alludes to it here: 

                                                      
10 A notable exception is Benkler 2006, chapter 2. The argument has also been suggested to 
us by colleagues in discussion. 



‘The general rule of law is that the noblest of human productions –   knowledge, truths 

ascertained, conceptions, and ideas – became, after voluntary communication to 

others, free as the air to common use.’  

(International News Serv. vs. Associated Press, 250, Brandeis dissenting; see also 

Benkler 1999) 

Brandeis appeals to the idea that information, once it has been passed on to others, becomes 

part of a commons that is free to use for everyone.  

Not all uses are allowed, of course: works that are protected by copyright may not (legally) be 

reproduced or re-used in specific ways without permission, but if they are offered to the public 

they may still be digested.11 Similarly, information protected by patents is legally restricted in 

specific uses, though may still be freely consumed in other ways. Copyright and patent 

restrictions are in place to prevent under-supply of such content. However, for the sake of this 

argument we can put prohibited uses of copyrighted or patented material to one side; of 

interest to us are non-appropriating uses such as: reading, digesting, and processing the 

information. The term ‘use’ is to be understood in that sense in the argument to follow. 

In our reconstruction12, the argument from free use runs as follows: 

The Free Use Argument 

(1) The information commons are a public good and thus non-rivalrous in use. 

(2) The information needed for the information commons is not under-supplied. 

(3) If a good is non-rivalrous in use and not under-supplied, no one is adversely 

affected by the use of the good. 

                                                      
11 Brandeis goes on to qualify his statement by saying ‘the creations which are recognized as 
property by the common law are literary, dramatic, musical, and other artistic creations, and 
these have also protection under the copyright statutes. The inventions and discoveries 
upon which this attribute of property is conferred only by statute are the few comprised 
within the patent law’ 
12 A related argument against intellectual property protection is analysed and dismissed by 
Himma 2005 and Moore 2012. Cwik 2016 provides a very helpful critical review of that debate. 
Our focus, however, is on data, not intellectual property, and our goal is different: to show 
that some uses of the information commons may be restricted. 



(4) Because the information commons are non-rivalrous in use and not under-

supplied, no one is adversely affected by their use.  

(5) Using a public good free of charge without adversely affecting anyone is always 

permissible. 

(6) Therefore, using the global information commons free of charge (even extensively 

and for private gain) is always permissible.  

We aim to show that the Free Use Argument is fallacious by demonstrating that premise (3) is 

false and (5) is at least dubious. We call the fallacy in this argument the public-goods-must-be-

free fallacy.  

Not everyone falls prey to the fallacy. Here is Joseph Stiglitz about the possibility to charge for 

the use of the global knowledge commons: 

‘Every innovation makes use of previously accumulated knowledge—it draws on the 

global commons of pre-existing knowledge. How much of the returns to the innovation 

should be credited to this use of the global commons? Current practice says zero—

because it is a commons, there is no price. But this is not the way things need be. In 

many parts of the world there is a recognition that charges can and should be imposed 

for the use of commons (whether they are forests, grazing lands or fisheries). Such 

charges can be justified on both efficiency and equity grounds. The international 

community could similarly claim the right to charge for the use of the global knowledge 

commons.’ (Stiglitz 1999, 315-6) 

Stiglitz suggests that the use of public goods does not have to be free just because there is no 

rivalry in use. If Stiglitz is right, then premise (5) is false: it is not always permissible to use a 

public good free of charge – use could be regulated such that payment is due. 

The proponents of the Free Use Argument might insist that information is a special public 

good. While tangible goods can be owned, information cannot be owned in the same way, the 

argument goes. Sure enough, there are intellectual property rights, but even the most stringent 

such rights do not prevent users from consuming and digesting information. This would lead 

to the more restricted:  



 (5*)  Using public information free of charge without adversely affecting anyone is always 

permissible. 

We take (5*) to be the most promising rendering of the premise. It usefully restricts the Free 

Use Argument to public information, rather than public goods. And, in combination with (4), 

it rules out problems arising from under-provision, which would have made usage fees 

permissible.  In case of the global information commons, however, under-provision is simply 

not an issue. Therefore, the argument goes, the only reason for use charges is eliminated and 

freedom of use is the logical outcome. 

However, this turns out to be too hasty, as we will show now. To defeat the Free Use Argument, 

we first train our attention on premise (3), which we aim to reject in the next section. We revisit 

Premise (5*) in the section thereafter. 

 

VI. THE EXTERNALITY ARGUMENT 

The Externality Argument shows that the empirical claim of premise (3) is often false, and 

indeed false in the case of how major AI companies use the global information commons. 

Demonstrating this is theoretically quite straightforward: we need to show that, even though 

the information commons are non-rivalrous in use and not under-supplied, there are adverse 

effects on others caused by some forms of use. If we succeed in doing so, then (4) is false, 

providing a counter-example to (3).  

The information commons are supplied on a sufficient level by volunteers. What could be 

wrong with using this pool of information for free? Proponents of the free use argument suggest 

that no one is adversely affected by the intensive use of a good, as long as the good is non-

rivalrous in use and the provision problem has been taken care of. Admittedly, in a specific 

narrow sense that is true: using more of the information commons does not take the 

information commons away from anyone. The resource does not diminish, and the other users 

are not affected in their use of the information commons.  

But why consider only direct effects? If you are committed to egalitarian justice, then you will 

worry that other users are affected in an indirect way: by increasing inequality if the producers 

of highly capable AI will become very rich and influential. Economic inequality is the most 

immediate effect, but this is likely to be followed by inequality in social influence, unequal 



access to information, and political inequality. Consequently, allowing such very intense use is 

far from harmless: while it does not diminish the resource, it has side effects that are better 

avoided: the inequality created as a negative externality of extensive use. It is this negative 

externality that gets overlooked in the public-goods-must-be-free fallacy. 

The structure of this argument is familiar to political theorists. There are economic 

transactions that look unobjectionable if one only considers the transactions on their own 

terms, but objectionable when taking into account the distributive effect. For a famous 

example, take Robert Nozick’s entitlement theory, made vivid by the ‘Wilt Chamberlain’ 

example (Nozick 1974, 160-4). Nozick envisages a set of voluntary transactions among property 

owners or individuals exercising their self-ownership. Specifically, many basketball fans are 

prepared to pay extra for seeing basketball star Wilt Chamberlain play, making each fan only a 

little poorer but Chamberlain a lot richer, leading to economic inequality. Nozick, famously, 

sees nothing in the transactions that can be objected to and consequently denies that any 

measures to interfere with these voluntary transactions could be just. Because the transactions 

are voluntary, no one involved can object, Nozick maintains. 

Many critics were quick to point out that, even if all transactions are unobjectionable according 

to the criteria we use to assess such transactions by themselves, the aggregate result may still 

be objectionable (Cohen 1995, chapter 1; Dworkin 2000, 110-12). One can criticize the outcome 

along two different lines. First, the distribution arising from many individual transactions may 

be objectionable even if each particular transaction is not – and, indeed, the individuals 

involved in the Chamberlain example might not have agreed to pay if they had known of this 

distributive outcome (Cohen 1995, 23). It does not follow, as Cohen, points out from people 

being willing to watch Wilt play that they are willing to pay Wilt to play (Cohen 1995, 26). 

Second, the Chamberlain fans are faced with the choice of either watching Chamberlain and 

contributing to his riches, or not watching Chamberlain to avoid contributing to his riches. 

What they are missing is a third option: watching Chamberlain play without making him rich. 

It is this third option that they arguably should be provided with – and the one egalitarian, 

basketball-loving citizens would prefer. These two considerations support redistribution or 

taxing the transactions. For example, there might be a case for putting a sales tax on Wilt 

Chamberlain’s tickets and redistribute the income. 

The structural similarity to the use of the information commons should be apparent. Replace 

the transactions in the market with the contribution to and use of the free information 

commons. In both cases, the actions considered on their own merit are not the problem. The 



contribution to the commons are voluntary, and the use of the commons is prima facie 

permitted because the commons offer a non-rivalrous public good in sufficient supply. The 

problem with the free use of the commons is the distributive effect: The availability of so much 

free information creates a social possibility that some companies may exploit; and if they do, 

this creates more inequality than many societies are (and ought to be) prepared to accept. And 

these effects are further exacerbated by the monopoly-like status that several such companies 

enjoy, which undermines competition and the viability of customers opting out from their 

data-collecting services (Posner & Weyl 2018, 230-239). 

The contributors to the global information commons are effectively forced into a choice 

between two options: they can either continue to supply information in the usual way, thereby 

accepting that producers of AI systems will use the information for free to become rich and 

powerful. Or they can withdraw from the internet, stop contributing to the global information 

commons, to prevent the extreme inequality caused when ‘subsidizing’ AI companies with free 

information. This is an unenviable choice, as the opportunity costs for withdrawing from the 

internet are substantial and increasing.  

A third option ought to be on the choice menu: contributing to the global information 

commons without turning AI producers into new super-charged Wilt Chamberlains. Since this 

option is currently unavailable, it is not true that the free use of the global information 

commons by AI producers is without adverse effects. The adverse effect is the inequality it 

produces. And just like basketball fans do not make a fully voluntary choice when selecting 

between making Chamberlain rich or stop attending games, contributors to the information 

commons do not make a fully voluntary choice when selecting between making AI producers 

rich or stop contributing to the global information commons.  

The upshot of this discussion is that premise (4) is typically false. The unlimited use of the 

information commons causes negative externalities in the form of inequality. Since this is an 

adverse effect, a counter-example to premise (3) has been provided, and therefore that premise 

must be rejected. It remains an empirical matter, of course, how much inequality is caused by 

letting AI builders use the whole information commons for free, but the effect is likely large. 

It is possible to resist the externality argument by denying the egalitarian starting point. 

Nozick, famously, took such a libertarian view, rejecting the idea that equality is important 

enough to justify interfering with self-ownership (Nozick 1974, 160-74). In a similar vein, one 

might suggest the inequality externality does not matter enough to undermine the conclusion 



of the Free Use Argument. This position, however, flies in the face of even minimally egalitarian 

theories. And while Nozick could argue that taxing individuals is a significant interference with 

self-ownership (he famously compares taxes with slavery), taxing data only affects self-

ownership in the most minimal way: it prevents the producers of data from giving away their 

data to tech companies for free. But most contributors never intended to do that anyhow, as 

we explain in the next section.  

 

VII. THE USE EXPECTATION ARGUMENT 

While we have just seen that the empirical part of premise (3) is often false, there are also 

reasons to be suspicious of premise (5*). That may be true even if there is no free-riding in 

provision and even if adverse effects from negative externalities are ruled out, avoiding the 

objection raised in the previous section. As a reminder, the premise at stake is: 

(5*)  Using public information free of charge without adversely affecting anyone is always 

permissible. 

The argument we present against (5*) is more tentative and exploratory than the argument 

against (3). At the heart of the externality argument levelled against (3) lies a consequentialist 

thought that can be made quite precise. The use expectation argument, by contrast, appeals to 

deontological intuitions that are more contested. The value of the argument, we believe, lies in 

how it chimes with commonly held intuitions about the right to have some control over the 

public information one produces.  

On the face of it, there is a strong case in favor of completely free information, without any use 

restrictions. Many internet activists support something akin to premise (5*). They embrace a 

culture of free and open sharing, with content that is free for everyone to use, distribute, and 

remix – though typically with the caveat that use remains non-commercial and gives credit to 

the original creators. If intellectual property legislation and copyright laws become too tilted 

in favor of protecting vested commercial interests, so the argument goes, the initiative of 

creators is constrained.13 Lawrence Lessig, for example, insists that: 

                                                      
13 It is worth noting that the popularity of this view might also be due to path dependency 
and how the internet has historically developed, rather than independently formed user 
intentions (see e.g. Posner & Weyl, 209-213). This, of course, further strengthens our 
argument. 



‘Creators here and everywhere are always and at all times building upon the creativity 

that went before and that surrounds them now. That building is always and everywhere 

at least partially done without permission and without compensating the original 

creator. No society, free or controlled, has ever demanded that every use be paid for 

[…]. Instead, every society has left a certain bit of its culture free for the taking—free 

societies more fully than unfree, perhaps, but all societies to some degree.’ (Lessig 2004, 

29) 

The fight against excessive copyright restrictions is no doubt important – but it appears to have 

blindsided internet activists in one respect: the danger that the volunteer contributors to the 

commons unwittingly support the commercial interests of enterprises that consume large 

amounts of publicly accessible data.14 So far, the big data scraping that has already started to 

train proprietary AI systems has not met much scrutiny or resistance.15 

Internet users post public information for different reasons. They may want to help others to 

find information. They may want to speak to an audience or advertise their work or their 

thoughts. Very few users have the expectation that they will help training AI systems that will 

make their owners become very powerful und rich. But does the expectation of the creator of 

public information ever bind the users of information?  

On a first pass, it seems not. An altruistic DIY expert may create a website explaining how to 

renovate bathrooms with the expectation of helping users save on expensive repair bills. If, 

however, one of the users learns the skills from that website and sets up a lucrative business, 

then it seems implausible that the expectation of the website creator ought to prevent the 

business owner from making money with the information provided by the website. Creating 

publicly available websites comes with the risk that others will benefit from the information 

provided – even if that benefit is not covered by the original expectation of the creator. By 

making content available on the internet one implicitly consents to such use scenarios.  

                                                      
14 Some, however, have picked up on this danger, most notably Jaron Lanier (2014). 
15 Creative commons licenses come with an optional but widely used condition: the 
information provided may be used by everyone for non-commercial use. And even if 
commercial use is allowed, many licenses come as a ‘share alike’ license, committing all users 
(including commercial users) to freely release the work building on ‘shared alike’ licensed 
work free. This means, for example, that the product may be sold but its use by others may 
not be restricted more than the original license does. This shows that users can put 
restrictions on the use of their work. However, these licenses do not currently allow licensors 
to prevent content to be taken, stored, and used for AI training purposes because the licenses 
only regulate publication and distribution. 



In the case of our DIY expert, the use for commercial purposes is arguably a use that could not 

only be reasonably expected at the time of contribution but might even be desired. As Lessig 

points out in the quote above, creativity is always dependent on using what others have 

produced earlier. The contributors to the information commons know this (or ought to have 

known, anyway). If one is not happy with this public use of one’s content, one should not 

publish it for everyone to access.  

There are, of course, many different uses to which information might be put that could conflict 

with the expectations of any given contributor. Suppose that a contributor intended to offer 

public knowledge to be used for learning purposes only. Suppose further that a reader uses 

information gained from the website to improve social status by impressing friends and 

potential romantic interests. The fact that this usage may conflict with the expectations of a 

contributor, or even all contributors, does not render the use impermissible or engage any 

duties on behalf of the user. Not all use expectations are relevant for restricting use. Some are 

simply unreasonable, given how the global information commons function. 

What kind of uses can contributors reasonably expect? The internet changes quickly in all 

kinds of aspects, so it is not easy to give a general answer. However, one structural factor about 

use remained stable until very recently: the use of content was constrained by the capacity of 

an agent being able to understand and interpret content.  

Understanding and interpretation are capacities that are unique to humans. For this reason, a 

contributor to the global information commons was – until very recently – assured of one fact: 

a human would be needed to interpret and understand their contribution. And since human 

capacities for processing content are limited, no single individual would be able to process 

excessively large parts of the information commons on their own. The natural limitation of the 

human ability to take up content created an individual use limitation for the global information 

commons. 

The individual use limitation has been shattered with the advent of automated learning and 

AI. For the first time, there are automated systems that can – to a limited extent now and soon 

much better – digest and understand content made by humans and intended for humans. They 

can process content, and they get better at understanding and interpreting content the more 

content they process.  

This is a sea change moment for the information commons. What used to be a natural use 

restriction, the limits of the human mind, is no longer a restriction. A new class of users is 



arriving on the scene: learning AI system with their insatiable hunger for new data and the 

ability to process information very quickly. This, then, is the use that the contributors to the 

information commons have (typically) not expected and (almost never) intended. Rather, 

internet users, we claim, implicitly assume the individual use limitation when contributing 

content to the internet.  

In addition, there is a systematic mismatch between the intentions with which users provide 

data (such as knowledge gathering and social networking) and the purpose for which 

corporations need the data (i.e. to target advertising and train their AI systems).16 There is also 

a related mismatch between the idealistic motives of the contributors and the purely 

commercial interests of corporations using the data. Considered from this perspective, the 

argument from use expectation against the unfettered access to the global information 

commons is quite powerful.  

The use expectation argument shows that premise (5*) is not as plausible as one might be led 

to believe by the ‘free information’ rhetoric. Even if no one is adversely affected by the use of 

public information, the authors or contributors of that information may have a case against 

such use if it is against reasonable use expectations. The fact that they posted for human 

consumption, but now end up feeding automated AI training systems, is normatively relevant. 

We have presented the case in favor of the use expectation argument. Its successful application 

in the case of AI training data depends on whether the argument can be inoculated against 

problematic counterexamples. As already conceded above, contributors to joint voluntary 

projects often have all kinds of expectations, but these expectations do not necessarily give 

them the right to control the use of their product. For instance, if Ann helps to plant a local 

community garden on public land, Ann cannot expect to have control over who uses the garden 

and how. If, for example, Ann has the intention to create this garden as a resting place for the 

local elderly, the mere existence of such an expectation does not give Ann the right to chase 

away the young office worker enjoying the garden. 

One might retort that Ann’s use expectation was unreasonable from the start, while others had 

a reasonable expectation that ought to be respected. Similarly, the contributors to the global 

information commons arguably had a reasonable expectation, one that is undermined if the 

information is automatically read, collated and processed by machines to train AI systems. 

                                                      
16 See Posner & Weyl 2018, 220-224. 



However, what one should reasonably expect, and to what extent these expectations ought to 

be respected, is a difficult question that we will not be able to settle here. Generally speaking, 

a successful use expectation argument needs to demarcate between expectations that do and 

those that don’t restrict others. Admittedly, providing a plausible demarcation criterion 

remains challenging. 

 

VIII. INSTITUTIONAL PROPOSALS 

Contributions to the global information commons tend to have the unwanted side-effect of 

promoting inequality. This is for two reasons. First, we provide the developers of AI with a 

crucial resource for free, as explained above.  Second, and in addition to the reasons discussed 

above, there are structural reasons why big-data-driven economies tend to benefit large 

companies: increasing returns when scaling up (Arthur 1989), network effects (Zhang et al. 

2015), and feedback effects due to improved predictive power of larger datasets (Mayer-

Schoenberger and Ramge 2018, ch. 8). These mechanisms give advantages to those who gather 

most data and those who enter the market first, reinforcing the inegalitarian trend.  

We now want to sketch three proposals to tackle this problem: fighting monopolistic 

structures, creating a new market for data labour, and asking heavy users to pay for the services 

of the global information commons by introducing a progressive tax for data use.  

The first option to counter inegalitarian effects is the prevention of market dominance. While 

preventing monopolistic structures measures should probably be part of the response, getting 

the mix right will be challenging. The difficulty facing regulators is that, whoever wins the race 

towards useful artificial general intelligence, is likely to achieve a dominant market position 

for the reasons described above. In any case, even if regulators manage to preserve effective 

competition, it is still likely that the economic benefits remain highly concentrated without 

further policy measures.  

A second option is to transform the market for data. Lanier (2014, 16), Arriete Ibarra et al. (2017), 

and Posner & Weyl (2018, chap. 5) propose a transition towards a ‘Data as Labour’ market 

structure. The core idea is to make data the property of its creator, enabling the creator to 

charge for data use. In terms of the Free Use Argument, the proposal works against premise (1) 

by changing the property regime from commons to private property. Contributors to the global 



information commons are turned into owners of data, and this data can only be used if the 

owners agree.  

Privatizing the global information commons in that way will come with some problems, 

however. For a start, the system can only be implemented if it is possible to process very small 

payments efficiently. If the transaction costs dwarf the economic value of the separate pieces 

of data, the market will dry up. In addition, the buyers of data also need to check whether the 

data they buy is new and useful, not recycled old data or meaningless noise. Checking this will 

surely be automated, but the computational power needed to do so might well be so expensive 

that each small, single transaction becomes pointless. A data as labor payment system also 

requires a method for assessing the value of each item of data and information. This is a difficult 

task, given that the value of data is typically only realized in aggregation (as ‘big data’), and 

often in ways that were not anticipated initially. 

Perhaps these implementation problems can be overcome. But there are other practical and 

normative shortcomings. First, privatizing the commons might lead to an under-supply or 

deterioration of the global information commons. If contributors can charge for their 

information while access to the global commons stays free, then an additional incentive is 

created for gathering data in closed networks rather than in an open access network. This is 

because the data is relatively more valuable if one has exclusive access to it. The market price 

for exclusive data will be higher, so that contribution to the Global Information Commons are 

financially less attractive and the commons are likely to deteriorate. 

The second, normative problem with the ‘Data as Labor’ proposal concerns distributive effects. 

With payments flowing from data users to data owners, the resulting distribution might be 

more equal. But it might also reward the wrong people. Content producers are often highly 

educated and economically advantaged (Hargittai and Walejko 2008; Schradie 2012). 

Additional payment for their services might lead to additional benefits for the already better-

off. Then again, ‘Data as Labor’ might also lead to a new class of self-employed data laborers 

with precarious incomes, the ‘digital proletariat’ (Economist 2018). Whatever the outcome 

might be, ‘Data as Labor’ does not directly tackle the externality problem because it leaves the 

distribution to a new market for data labor, with difficult to predict distributive implications. 

However, ‘Data as Labor’ would go some length to address concerns arising from use 

expectation, as the data producers literally take ownership of their data and can ensure that 

their use expectations are respected. 



A third policy option is to think about the global information commons not as a set of many 

small pieces of individual property, but as a commons that can be governed as a whole 

(Morozov 2018). One way to govern these commons is to charge for extensive use. In practice, 

this will amount to a tax on data used. The actual tax base could be the amount of data accessed. 

Alternatively, one could use imperfect proxies, such as computing power or data storage 

capacity, which might be easier to determine by measuring physical infrastructure. A well-

designed ‘data tax’ would tax the most intense, industrial uses of the global information 

commons, without creating disincentives for smaller users of the global information commons. 

It should be a progressive data tax. It would allow free or almost free access for human users to 

promote unhindered exchange of ideas on the internet. Ideally, it would target those 

corporations that profit most from data use.17 To reduce the negative externality of inequality, 

the tax revenue could be used to widen access to and participation in the global information 

commons. 

A progressive data tax will not give the individual providers of information the right to charge 

for their individual contributions. However, the tax targets, more directly than the other policy 

proposals, the central problem we identified: that free access for all produces unacceptable 

levels of inequality. The externality argument can be used to justify such a tax. If implemented 

well, it could reduce the inegalitarian effect of free data use, and the tax revenues can be 

employed to tackle inequality directly. For these reasons, we think that a progressive data tax 

is the approach that merits most serious attention, though more work is needed to develop a 

concrete proposal. 

 

IX. CONCLUSION 

The internet, once imagined as a sphere of free information exchange among equals, has turned 

into a resource. Intended as a commons to be useful for all, it is now the well of data for private 

enterprises, used by AI companies to train their self-learning systems. These companies are 

currently allowed to use the resource without charges and without restrictions. One may think 

that this is only right: since using information does not diminish the use value for others, no 

one is negatively affected. But this is an erroneous thought: the free big data supply increases 

                                                      
17 We thank [name withheld] for suggesting this to us. One theoretically attractive option 
would be to make the corporate tax rate dependent on data use. In practice, however, this 
will be difficult to implement, as it creates incentive to choose a corporate structure that 
separates data use from profit.  



economic and other inequality, and it disrespects the use expectations of many content 

providers. Free use does have adverse effects, and this is why the use of the information 

commons may and ought to be regulated.  

The global information commons are not owned by anyone. But that does not mean that their 

use should be a free-for-all to the benefit of the biggest and most powerful players. A 

progressive data tax could be an effective policy instrument to prevent the inegalitarian trend. 

Other policy options might be available. How and to what extent we regulate the global 

information commons is a political question that requires urgent public attention. 
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