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Remuneration for cultural content
used by Al systems

Economics report

In France, the Minister of Culture asked the Conseil Supérieur de la Propriété Littéraire
et Artistique [Superior Council of Literary and Artistic Property] (CSPLA) to create a task
force “relating to the remuneration for cultural content used by artificial intelligence
systems”.

In a letter dated April 12, 2024, the chairmanship of this task force was assigned, for its
legal component, to Professor Alexandra Bensamoun and, for its economics component,
to Professor Joélle Farchy. Subsequently, the rapporteurs for the task force, respectively
Julie Groffe-Charrier and Bastien Blain, sent out a questionnaire. Responses to this
questionnaire served as the basis for initial reflection.

The economics report presented here does not aim to provide definitive solutions to all
the issues raised. Its objective is to lay the groundwork which will inform the phase of in-
depth analysis that is now beginning, with a view to future work.

The content of this report is the sole responsibility of its authors.

Joélle Farchy
With Bastien Blain

June 2025
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Executive summary

The development of Al can be a source of exciting innovations for the future of creation. However,
in the cultural sector, beyond philosophical or environmental questions, economic concerns are
emerging, as certain uses of works are carried out without the consent and remuneration of
copyright holders. To perform the various tasks necessary for their operation, Al systems require
vast datasets, some of which are protected by intellectual property. Faced with these concerns,
pragmatic solutions for valuing this data—adapted to very large parameters while respecting the
general principles associated with intellectual property rights—must now be found. The
objective is to value data-works within an ecosystem that guarantees both the circulation of
European works in Al systems and the sustainability of their funding.

To clarify these issues, this report is structured around three main questions. Why are value
transfers necessary? How should value transfers be organised? And what could be the rules for
determining the sums of these envisaged value transfers?

1 - Why value transfers?

The first part of the report aims to highlight the economic reasons likely to justify value transfers
between Al operators and intellectual property rightholders.

Al operates in a circular movement: Al systems need to “feed” on multiple data-works protected
by intellectual property to obtain results while, at the same time, producing a certain number of
“outputs” that we call “synthetic quasi-works” which, in turn, feed the Al models (on this
movement, see diagram Part 1).

The novelty here, compared to other forms of non-consensual use of protected works, lies in the
fact that numerous results generated by Al directly compete with human creations used in their
development. It is no longer just individual authors who see their intellectual property rights
infringed; we are witnessing a macroeconomic destabilisation of a set of professional fields linked
to the risk of the replacement of human works. A dystopian world in which only synthetic works
would be available is, in theory, conceivable. The act of self-consumption—corresponding to the
circularity of the movement in which Al feeds on its own synthetic productions—would lead to
the creation and existence of only “mad,” synthetic quasi-works, which would all end up
resembling one another. The consequences of such a world would be twofold.

First, this lack of diversity would be detrimental to the disruption processes that have marked
the entire history of artistic activity. Further, the replacement of human creation by Al would lead
to an internal contradiction in the Al models themselves, and to their possible collapse—that is,
to the degeneration of models, if they are no longer (or poorly) fed by new human creations. The
short-sightedness of economic actors and a short-term vision of the markets could lead to a
failure to grasp this dual issue. In the absence of funding, the incentive to create and produce new,
high quality, and diverse human works could one day dry up.

Value transfers between Al operators, who are at the source of true disruption, and cultural
actors guaranteeing the future of human creation, therefore aim to ensure incentives for
investment in creation; these investments are necessary



for the future of that which ensures the nobility of culture, as well as for supporting
innovation in Al.

Recommendations

No. 1 - Explain and publicise the joint interest of cultural actors and Al operators, to invest in a
sustainable ecosystem that guarantees both the presence of European works in Al systems and
the sustainability of their funding.

No. 2 - Implement and/or consolidate support and training policies adapted for the professions
most directly impacted by the rise of Al

2 - How should value transfers be organised?
The second part of the report indicates the possible framework for implementing value transfers.
In terms of copyright, we usually distinguish schematically between:

* On one hand, market-based solutions concerning the contractualization of rights, which
correspond to the “full” exclusive right with a monopoly on authorisation and the right to
remuneration (regardless of whether the management of rights is exercised individually
or collectively);

* On the other hand, mandatory transfers in which the ability to authorise or prohibit is
removed, while the capacity for market contractualization gives way to solutions
organised under the supervision of public authorities.

With Al, under current conditions, in France as in many other countries, direct negotiations
between stakeholders—in other words, the first solution—are proving rare. This is why
mandatory transfers are occasionally considered.

Given the limits of negotiations within a context of scattered initiatives, and taking into account
the lack of responsiveness to market developments inherent in mandatory transfers, the report
proposes a complementary and optional path, that of collective support for the structural
conditions facilitating the formation of a marketplace—that is, a structured space for
exchange, allowing contractualization in respect of sectoral specificities and without the need for
legislative changes. The objective is to bring together, in the same digital technical space and in
the case of defined catalogues or parts of catalogues, a triple activity of
access/authorisation/remuneration. The aim is not to create ex nihilo a completely new system
but rather, to rely on recognised expertise and skills and the varied missions of the different
stakeholders in place (collective management organisations, publishers, producers) to offer Al
operators an integrated and clear supply, and to play a role in accelerating negotiations
between culture and Al. Unlike a single market or a mandatory management system,
participation in the marketplace would be solely on a voluntary basis. While the expected
benefits are numerous, rendering this solution operational requires that a certain number of
sensitive issues be debated and decided among the stakeholders, particularly concerning the
financing conditions.

Such market-based solutions do not preclude the opportunity for, in specific situations, other,
more binding legal mechanisms. Aside from developments within the framework of intellectual
property, other mechanisms are indeed conceivable. Fiscal mechanisms first, such as earmarked
taxes on turnover inspired by existing models; funding obligations following the economic logic
requiring that which is downstream to finance that which is upstream; or even the establishment
of a support fund for the benefit of human creation. These avenues remain to be explored.



Recommendations

No. 3 - In the context of a consultation between cultural actors and Al operators, consider the
opportunity and feasibility of constructing a marketplace—a structured exchange space—
allowing for contractualization while respecting sector-specific characteristics.

No. 4 - In the context of a consultation between cultural actors and Al operators, explore the
opportunity and feasibility of compensation mechanisms and value transfers in addition to those
provided by intellectual property.

3 - How should the envisaged value transfers be quantified?

Whatever framework in which the transfers will eventually be organised, the question of the
value of the data-works will arise. These questions are addressed in the last two sections. The
report highlights the importance of considering value transfers, in the case of Al, with different
methodologies depending on what one seeks to determine. First, the basis of these transfers—
that is, the sites of value creation by Al operators; second, the proportion allocated to culture
during the distribution between Al operators and cultural actors; and finally, sharing among the
works and the rightholders within cultural sectors.

3.1 Value creation and the basis of transfers

At this stage, the objective is to analyse the value chain, and to precisely identify the companies
and activities connected with the use of protected works. The value chain of an Al system goes
through a development stage and a deployment stage.

The development of an Al model first relies on a pre-training phase followed by a fine-tuning
period. This last consists of specialising the foundation model by retraining it on specific data or
tasks. Inference corresponds to the operation of putting the model into production—in other
words, the process by which a previously trained model will produce a result: predictions on new
data. The inference can be supplemented by the contribution of fresh data, so that the model
provides information considering current events, or very specific data that it will search for in an
external source. This is called retrieval augmented generation (RAG) or the grounding of the
model.

Thus, three main categories of data are used in the development of models:

1) Training data, which is plentiful, to the order of several million or several billion;

2) Fine-tuning data, which is specialised and can be available on the internet, or carefully
selected by a company or organisation;

3) “Fresh” data, which consists of grounding the model in the latest events or new data
without the need for training.

The influence of a dataset is different at each stage. Removing a dataset in the training phase only
weakly influences the model's performance, as it is trained on an immense quantity of data. For
fine-tuning, a dataset relevant to the model's use is crucial; if the dataset is not relevant, its value
is null. The same goes for grounding.



The development phase is not a source of value creation in itself; it is the deployment
phase that creates value when the model is integrated into a system that can be commercialised.
Once the models are developed, they are published, meaning they are available for deployment.
The activities resulting from the development can then be monetised towards services and end-
users (businesses and individuals). Based on the models published at the end of the development
phase, the financial returns (see Figure 5) mainly come from two major categories of activities:
first, the creation of software and applications to interact with the models; and second, fine-
tuning to specialise the models.

Two main types of companies perform these two activities. On one hand, there are operators who
act in the market for developing foundation models. In this market, which is dominated by an
oligopoly of American companies, the monetisation of services to which the models provide
access is now almost systematic, whether for businesses or individual clients. Further, there are
third-party operators, business users, or intermediaries acting on behalf of a client. By paying the
developers of foundation models, companies thus create their own applications which, in turn,
they bill to their clients.

This observation of an ecosystem under formation, the deployment phases of which allow a user,
upon request, to produce a result, are sources of various valuations, leading to the idea that the
basis for remuneration should be both broadened and refocused: refocused on deployment
activities where value is created, rather than on development activities; broadened to companies
that are not only the few giants at the origin of foundation models, but also to those that create
other activities during deployment. Indeed, to carry out their commercial activities, some
companies have an imperative need for quality cultural data to perform various actions during
deployment, notably for specialisation and freshness to the proposed results.

Recommendations

No. 5 - Carry out, with the services of the Ministry of Economics and Finance, a precise mapping
of the sites of value creation and relevant markets; and follow the value chain in the deployment
phase to provide the basis for value sharing.

3.2 Value sharing between Al providers, cultural actors and within cultural sectors

The objective is, first, to help determine the levels of value sharing between Al operators and
cultural actors. This task force recommends that the rates practised be proposed by rightholders
to Al actors based on categories of uses and users. We therefore propose prioritising the
intended purpose of an Al system downstream to appraise the value of the data upstream.
The application of the intended purpose criterion—already commonly practised in intellectual
property matters to adjust levels of remuneration—should not pose any problems of principle.

However, in Al matters, the idea of adjusting prices according to the intended purpose of the input
data (pre-training, fine-tuning, RAG, etc.) is sometimes raised, since the value of certain data
depends on a given case (see above). In our opinion, such mechanical solutions should not be
retained for operational reasons; they would undoubtedly lead to spillover effects and
opportunistic behaviours. For example, in the absence of clarity on the intended purpose of the
input data, it would not be possible to prevent an actor from having access at a low price to
“training” data only to then exploit these same data for fine-tuning purposes, at a stage in which
the data should be much more expensive.



This is why valuation according to intended purpose is not centred on the input data but
rather on the visible results produced by the models, systems, or applications. It involves
distinguishing, within the value chain of Al systems and their applications, between those whose
activity is directly linked to the use of works, and those who have access to the works but whose
Al system has an intended purpose that is not necessarily related.

With the degree of distribution corresponding to the exploitation of data, works would thus be
based on an economic presumption of use according to the intended purpose of the model. The
intended purpose criterion provides a guideline for distinguishing, very schematically, three
major categories of remuneration levels to carry out the distribution between cultural actors and
Al operators.

— Intended purpose 1: generalist models - basic remuneration levels;

— Intended purpose 2: specialised cultural and media models, without competition on
outputs - intermediate remuneration levels;

— Intended purpose 3: specialised cultural and media models, with competition on outputs
- high remuneration levels.

Based on these categories, a continuum of pricing levels could be established by the cultural
actors themselves according to annual licences, renegotiable each year with Al operators, for
example, within the proposed marketplace. The visible intended purpose criterion of
activities that feed on protected data thus provides a first basis for establishing a scale of
distribution.

More precisely, different quantification methods are presented in the report to help
approximate the valuation of a dataset of works. A wealth of new literature dedicated to the
notion of data attribution consists of calculating the marginal contribution of each dataset to the
performance of the model in general, and to the generation of a particular result (an output)
following a user's request. Three approaches co-exist. The first consists of changes in the
parameters of the models (whether by training the models on subsets of data or by altering the
parameters of the already trained model) to establish causal links. The second, which is
correlational, seeks to measure the similarity between the result generated by the model and the
elements constituting the training data set. The third, which is causal and proactive (and which
cannot be applied to already trained models), corresponds to watermarking the ingested data.

In terms of value sharing, quantification techniques are operational in limited cases:
inoperable on foundation models but potentially more so on specialised models, provided
they move from proof-of-concept to operationality on use cases or, for some of these
techniques, to prove the use of works.

Finally, the objective of a final step, that of redistribution, is to share out the amounts from the
previous step within the cultural sector itself, among the multitude of different works and
rightholders. It is at the level of redistribution that quantification techniques, with their
respective advantages and disadvantages, seem the most promising; they would thus help
ensure that all cultural actors benefit from value sharing commensurate with their contribution.



Recommendations

No. 6 - Refine the operationality of the criterion of economic presumption of use according to the
intended purpose of the results produced by the models, systems, or applications that utilise
protected data, to produce a scale of value sharing.

No. 7 - In collaboration with the Centre of Expertise for Digital Platform Regulation (PEReN),
delve deeper into case studies on the operationality of scientific quantification methods to prove
and/or evaluate the contribution of certain data-works to the results produced and/or to the
overall performance of specialised models. Promote among cultural actors and Al operators the
solutions deemed most relevant according to specific cases.



To perform the various tasks necessary for their operation, Al systems require multiple datasets.
Among these, there may be data-works protected by intellectual property. However, the voracity
of these models should not be an argument for the generalised, unbridled consumption of all
protected works. Cultural stakeholders express the concern that non-compliance with
intellectual property rules could lead to a situation where funding for creation is no longer
guaranteed.

Intellectual property law has been designed around the notion of the work, considered in its unity
and singularity. Traditional instruments of authorisation and remuneration often seem
inappropriate in the face of the volumetric approaches of Al, which disrupt authorisation
mechanisms designed for the individual exploitation of specific objects, seeing as the notions of
data and content obey inverse movements of permanent flow and large masses within the digital
economy (Benabou, 2018).

This is why pragmatic solutions must be found, adapted to vast parameters and respecting
the general principles associated with intellectual property. The objective is to valorise
European data-works within an ecosystem that guarantees both their circulation and the
sustainability of their funding. In a context of intense international competition, innovation in
Al has become a major issue of competitiveness in terms of industrial sovereignty but also
cultural sovereignty. Only a broad marshalling of European ideas and content will effectively limit
the major cultural risk that Al systems may ultimately propose content from which European
cultural references would be entirely excluded.

To clarify the issues, this report is structured in four parts. In the first part, we show why the
incentive to invest in human creation, through value transfers, is necessary both for cultural
stakeholders and to support innovation in Al. The second part indicates the possible framework
for implementing value transfers. After presenting in a third section the stages of the value chain
and the sites of value creation for Al system stakeholders, we address, in the final part, the
valuation of data-works for Al systems, as well as guidelines around value sharing to the benefit
of cultural actors.
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1 - Maintaining the cultural heritage of humanity to
preserve it from the disease of the “mad work”

In a globalised and competitive market, the notion that rightholders can share in the value of Al
systems is not always clearly grasped. It is undeniable that Al offers a multitude of exciting
opportunities for the creators of the future. The situation we are interested in this report is
not that of the relations between Al and culture in general, but that in which operators
need, for various purposes, to use certain data protected by intellectual property rights.

As representatives of OpenAl pointed out during an inquiry by the Communications and Digital
Committee of the House of Lords in the United Kingdom (House of Lords Communications and
Digital Select Committee inquiry, 2023): “We believe that Al tools are at their best when they
incorporate and represent the full diversity and breadth of human intelligence and experience.
To do this, today's Al technologies require a large amount of training data and computation, as
models review, analyse, and learn patterns and concepts that emerge from trillions of words and
images. OpenAl's large language models, including the models that power ChatGPT, are
developed using three primary sources of training data: (1) information that is publicly available
on the internet, (2) information that we license from third parties, and (3) information that our
users or our human trainers provide. Because copyright today covers virtually every sort of
human expression—including blog posts, photographs, forum posts, scraps of software code, and
government documents—it would be impossible to train today's leading Al models without
using copyrighted materials. Limiting training data to public domain books and drawings
created more than a century ago might yield an interesting experiment, but would not provide Al
systems that meet the needs of today's citizens.”

This first section therefore aims to highlight the economic reasons likely, in this specific case, to
justify value transfers between Al model operators and intellectual property rightholders.

1.1 - From inspiration to substitution: the fear of the great replacement

It is possible to consider that, given the mass of input data used by the models, beyond classic
questions of exploitation of a work, we are in the presence of an act of “inspiration,” like a human
who reads hundreds of books or listens to thousands of pieces of music to create or compose
themselves.

However, for most cultural stakeholders, the use of protected works by an Al is not comparable
to the reminiscences of other works that fuel human creation. While an author is often inspired
by the creations of others (without this always giving rise to copyright), the systematisation and
the scale, both quantitative and qualitative, constituted by artificial intelligence completely
changes the scope of the phenomenon. The legal questions of respect for the monopoly of
exploitation and licensed access to works are addressed elsewhere in the report. The economic
question on which we concentrate here is whether certain acts
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of utilisation?! of protected works to train or improve the performance of an Al model must be
remunerated based on any potential loss of value incurred.

In the case of actions carried out by Al systems, the real disruption lies not only in the change in
scale of the actions performed, or in the mass or technical access to the works, but in the fact that
many Al-generated results resemble what might be called “quasi-works” (Benabou, 2023)
and directly compete with the human creations that were used in their development (see
Figure 1, point 1) which, in the long run, could undermine the very conditions for human
creation.

d,
e

Data-works

1. Substitution 2. Collapse

Al models

Figure 1. Circuit for fuelling AI models with data-works

The potential for a “great replacement” of humans by machines thus makes the issue of value
transfer especially acute. It is important to note that the loss of value incurred when works are
used for Al is not just the classic and direct one affecting an individual author who is “copied”
when the output closely resembles the ingested input, or that of the loss suffered by an economic
actor who has invested in the creative process. The loss also stems from the degree of
substitutability between human and synthetic works at a macroeconomic level. In tangible terms,
it corresponds to the effects of competition on entire professional sectors and on the future of
those sectors.

The crowding-out effects on human creation are felt first through price competition, as Al allows
for the creation of outputs at a faster rate and at a lower cost than humans. This is the case, for
example, with translations, which have dropped from around 21 euros per 1,500-character page
to 17 or 18 euros (Vulser, 2024). Crowding-out effects also occur through volume. The
overabundance of Al-generated content risks saturating the market and, as a result, reducing the
visibility and accessibility of human-created works. This is the case, for instance, with the
proliferation of unauthorised vocal clones,

! The term “utilisation” used in this report is intended to be legally “neutral,” without referring to a specific
qualification. Not every use of a work corresponds to the notion of “exploitation” within the meaning of the
Intellectual Property Code, justifying remuneration under copyright law.
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particularly on YouTube and TikTok, where they cause an economic issue by diverting attention
away from official recordings.

The effects of Al on employment have been the subject of various studies. These effects appear
limited in the short term, but 33% of jobs in advanced economies could eventually be replaced by
Al, according to an IMF report (Cazzaniga et al., 2024). In March 2023, researchers from OpenAl,
OpenResearch, and the University of Pennsylvania estimated that large language models (LLMs)
could affect the professional tasks of 80% of the workforce in the United States (Eloundou et al,,
2023). Furthermore, researchers from the Massachusetts Institute of Technology, the London
School of Economics, and Boston University detected a negative correlation between Al adoption
and job recruitment between 2010 and 2018: for each 1% increase in Al use, firms exposed to Al
reduced their hiring by about 1% (Acemoglu et al., 2022). According to other estimates by the
French Treasury, focusing more specifically on the emergence of foundation models, while 80%
of American workers could see at least 10% of their tasks replaced, only 19% of them could see
that share reach 50% or more, thus facing a significant risk of substitution (Besson et al., 2024).

Al adoption would disproportionately threaten the most highly qualified professions (higher
education graduates with high salaries), as it can substitute for certain highly skilled workers in
tasks that require advanced competencies. Al is capable of handling abstract, non-routine
cognitive tasks, thereby expanding the range of tasks that can be substituted (for instance,
translation, diagnostics). Among skilled professions, not all would be affected equally. Companies
might be more likely to reduce staff in professions focused on writing and programming, which
are more exposed to the risk of replacement by generative models.

In cultural sectors, some professions are already feeling particularly threatened. The profession
of translator, in its current form, is being called into question. Translators are receiving fewer
requests for complete translations and more for services that involve correcting translations
produced by Al systems such as DeepL. This post-editing work is sometimes viewed as more time-
consuming and results in lower pay, according to a December 2022 survey conducted by
Association of Literary Translators of France (ATLF) among 400 people (L’ATLF a Interrogé Ses
Adhérents Sur La Post-Edition, 202 2).Indeed, remuneration is lower and, for 68% of respondents,
it was even below the average translation rates (Vulser, 2024). While literature, which accounts
for less than 10% of editorial production in France each year, is relatively spared, works that
leave less room for interpretation are more affected. Conversely, in the world of comics and
webtoons (comics in smartphone format), Al tools like GeoComix are being used to translate
speech bubbles into multiple languages. The same applies to audiobooks, with Al systems being
used by HarperCollins, while Audible offers many books whose voices are generated by Al
(Cohen, 2024). Additionally, many websites are now translated using Al (Thomson et al., 2024).

Graphic designers are also seriously threatened by systems like Midjourney, which can
generate, for instance, science fiction illustrations. The Society of Authors in the United Kingdom
estimated in a survey that about a quarter of illustrators have already lost work due to generative
Al, and more than a third (37%) reported a decline in income attributable to generative Al (SoA
Survey Reveals a Third of Translators and Quarter of Illustrators Losing Work to Al, The Society of
Authors, 2024).

As for writing professions such as journalism, a recent study estimated that reporter and
journalist jobs are among the most exposed to Al systems (Eloundou et al,, 2023). Several media
outlets, including BuzzFeed, News Corp Australia, and G/O Media, have already integrated
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generative Al into their content production. In early 2023, BuzzFeed launched quizzes powered
by ChatGPT, travel articles, and a recipe recommendation chatbot called Botatouille (Chin-
Rothmann, 2023). At the same time, Google offered national and local media an Al tool called
Genesis—a generative chatbot capable of drafting headlines, social media posts, and articles—
which was presented as a productivity-enhancing tool.

As a result, more than one hundred news and information websites that are fully or almost
entirely Al-generated have been identified since 2023 (Sadeghi et al., 2024). Moreover, many
books are now written using Al systems, as evidenced by the high number of self-published e-
books on platforms like Kindle, where publication is now limited to three titles per day per author
(Update on KDP Title Creation Limits, 2023).

For voice actors, a study by the Audiens Data Lab quantified the professions in France
threatened by Al-based dubbing tools. In 2023, this industry involved 110 companies and
employed 7,397 freelance performers and 3,116 permanent staff. Al systems such as HeyGen,
Eleven Dubs, or Deepdub make it possible to clone voices and translate videos into multiple
languages while synchronising lip movements. Their use could eliminate the need for in-studio
dubbing of films, series, video games, and animated content by professional actors. This
automation and localisation process could result in massive loss of activity in the sector (Thomas,
2023). Concern is not limited to French voice actors; video game voice actors have also rallied
together, for example, in California. 2,600 artists who perform voiceovers or whose movements
are used to animate synthetic characters may see Al systems replicate their voices, or create
digital doubles of stunt performers, without their consent or remuneration (Worried About Al Use,
Video Game Actors and Voice Artists to Strike in California, 2024).

In the case of dubbing, the issue of competition between human and Al voice actors—fuelling
strong reactions from the profession—intersects with broader questions of national industrial
policy. Should Al dubbing become widespread, it could jeopardise a sector in which France has
historically excelled. Since the advent of talking cinema, Hollywood has aimed to dominate the
global dubbing market from within the U.S., but has never succeeded, as France developed a high-
performing dubbing industry. However, since the main players in Al dubbing (such as OpenAl
and Eleven Labs) are American, there is a strong likelihood that Al dubbing will be centralised in
American studios on American soil.

Beyond the debate on industrial sovereignty, the broader issue—balancing short-term
employment threats with long-term human-machine collaboration—is far from resolved.2 In a
Schumpeterian perspective, it reflects the macroeconomic process of “creative destruction”
inherent to any innovation. In the short term, during an essential transition period, social
support policies that take into account existing expertise and know-how will be
indispensable. Moreover, as many professions are not disappearing but rather undergoing
profound transformation, training is essential, so that tomorrow’s professionals can take control
of these innovations rather than simply being subjected to them. For this reason, the task force
alerts public authorities to the urgency of establishing or reinforcing appropriate systems for the
sectors directly affected.

2 In an open letter published in Le Monde dated September 10, 2024, a quote from American translation scholar
Alan Melby indicated that Al will not make the profession of translator disappear “except perhaps for those who
already translate like machines” (‘No, artificial intelligence will not replace translators!’, 2024).
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1.2 — Degeneration of models trained on synthetic data

Beyond the short-term impacts on the cultural sector, the risk of replacing human creation
with Al could also lead to an internal contradiction within AI models themselves, and to
their potential collapse in the medium or long term.

Once amodelis trained on real, human-produced data, it can be used to generate new data, known
as synthetic data. Synthetic data is designed to mimic the statistical and structural properties of
real data, while being artificially generated. In the case of current generative Al systems, this
refers to data created by a model originally trained on human-generated inputs, such as landscape
images generated on demand. In principle, a model can be trained entirely on synthetic data or
on a combination of synthetic and human data. In other words, the output data from a model
trained on human-created content can be used as input for a new model. However, proceeding in
this way may lead to the generation of low-quality data, resulting in the collapse of the model
itself (see Figure 1, point 2).

The impact of training Al models on synthetic data (rather than on human-produced data) on the
quality of the outputs has been the subject of various studies. These studies use measures of result
quality (see box 1 in the appendices) and identify sources of error that may cause this collapse
(see box 2 in the appendices).

In a recent study published in the prestigious journal Nature, researchers from Oxford and
Cambridge (Shumailov et al., 2024) demonstrated the degradation of output quality from a model
fine-tuned on synthetic data. The term “collapse” here refers to a generative process in which the
quality of model outputs is degraded because the data generated by a first generation of models
pollutes the training data for the next generation. In the study, the researchers fine-tuned a
language model (an LLM) originally pre-trained on a dataset from Wikipedia (human-created
data), which they then used to generate new articles (synthetic data). They trained the next
generation of the model on these new articles rather than on real data, and so on. When evaluated,
the newly trained models quickly showed significant errors compared to the original model
trained on real data. In other words, the quality of the newly generated data collapsed once the
models had been trained on synthetic rather than real data.

This collapse occurs because each model relies solely on synthetic data, which leads to an
overemphasis on common words and a neglect of rare ones. With each iteration, the model
increasingly learns from its own erroneous predictions, amplifying errors until it ends up learning
almost entirely from incorrect information. The collapse corresponds to a progressive loss of
information about the real distribution of data; the models become less and less capable of
producing diverse outputs, and the variance of their output distributions shrinks. Rare or unlikely
events disappear from the model’s knowledge as it continues to train on its own data. At the same
time, over successive generations, highly improbable data is generated, data that the original
model would never have produced: aberrant data. Collapse manifests through increased
repetition and the introduction of errors. The model ultimately fails to perceive the underlying
data distribution correctly, focusing instead on its own increasingly inaccurate projections of the
world and generating aberrant data.
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A study by researchers from Stanford and Rice University confirms that the same phenomenon
occurs in the context of image generation (Alemohammad et al., 2023), which is based on
diffusion models (the “equivalent” of large language models for images). In this study, the
researchers study the impact of training loops for image generation models, which differ in how
they combine real data and synthetic data, and show that quality and diversity collapse when only
synthetic data is used.

A similar study conducted by researchers from Stanford and Berkeley (Bohacek & Farid, 2023)
confirms this result for another type of model that allows image generation, the popular Stable
Diffusion (Rombach et al,, 2022). Bohacek & Farid, taking the example of face generation, show
that the images produced by the base model are of excellent quality; but the collapse of their
quality is observed as soon as the percentage of synthetic data used for training exceeds 10%.

The risk of collapse is to be taken seriously insofar as data is often extracted from the
internet, which is increasingly filled with synthetic data (Alemohammad et al., 2023), such as
images, reviews (Gault, 2023), websites (Cantor, 2023) or annotated data (Veselovsky et al.,
2023). Certain popular image databases contain synthetic data whose use is occasionally by
design, sometimes linked to the lack of accessible data as in medicine (Pinaya et al., 2022) or in
geophysics (C. Deng et al., 2022) or due to the protection of private medical data (Klemp et al,,
2023; Luzi et al., 2024).

Furthermore, the recourse to synthetic data could become a consequence of the scarcity of data
created by humans (Villalobos, 2022). Assuming that current rates of data consumption and
production are maintained, real data will be lacking. Research conducted by Epoch Al predicts
that “we will have exhausted the stock of low-quality textual data by 2030 to 2050, high-quality
textual data before 2026, and visual data between 2030 and 2060.” (Villalobos, 2022). It is,
moreover, not possible to train models further on existing data because of the risk of “overfit”
(i.e., training the model to explain stochastic variations specific to the training dataset and to it
alone)—that is to say, the risk of altering the generalisation of the model and therefore its
capacity to generate new data.

Faced with these proven risks, how model collapse be prevented? A study shows that, in the
context of replacing real data with synthetic data, collapse will not occur if the initial generative
models sufficiently approximate the distribution of real data and if the proportion of real data is
sufficiently large compared to synthetic data (Bertrand et al., 2024). Similarly, (Dohmatob et al.,
2024) suggest that the careful choice concerning the quality of real data mixed with synthetic
data can avoid model collapse. Other researchers (Alemohammad et al., 2023) suggest, however,
that while selecting good quality images from synthetic data before each training avoids
degradation in terms of quality of data generated by the model, this nevertheless leads to a
reduction in the diversity of generated data (while not selecting at all leads to collapse on both
these aspects).

If investigations on model collapse always include training of the initial generation on real data,
they diverge on the approach adopted to train subsequent generations.

16



The most extreme approach consists of a total “replacement” of real data with synthetic data in
training subsequent generations, which leads, in all studies, to collapse.

For other approaches, studies differ on the proportion of real data and synthetic data in training
the next generations (a fixed proportion of synthetic data versus an increasing proportion of
synthetic data). Numerous studies (Bohacek & Farid, 2023; Martinez et al., 2023; Shumailov et al,,
2024) show that the presence of a fixed proportion of synthetic data leads to model collapse,
sometimes even when this proportion is very low. In these studies, the first generation of models
is trained on real data while subsequent generations are trained on data comprising a proportion
of synthetic data associated with real data, which remains constant at each generation. With this
approach, the only way to avoid collapse could be to use new, real data on which models have
never been trained (Alemohammad et al.,, 2023).

Another way to combine real data and synthetic data consists of the accumulation of synthetic
data from each new generation of models alongside a fixed proportion of real data to train the
new generation (the “accumulation” approach). In other words, synthetic data accumulates over
time alongside real data to train each next generation. A study shows that collapse is delayed and
accompanied by a reduction in data diversity (Alemohammad et al., 2023) (cf. technical appendix
2). Another team of researchers from Stanford University and MIT (Gerstgrasser et al., 2024;
Kazdan et al., 2024) suggests that when synthetic data accumulates alongside real data instead of
replacing it, catastrophic collapse is unlikely, at least after a few generations. The degradation in
quality of what is produced would be much slower and would occur only in case of strong
disproportion between (too little) real data and (too much) synthetic data, which would occur in
the case of excessively weak creation of new data.

The proportion of real data necessary varies from one study to another, notably regarding the
term of their effect. Shumailov et al., (cf. supra) emphasise that in the case of their study, it would
be necessary to incorporate 10% of real data so that collapse occurs more slowly, which
constitutes an important mass of data when we think that models are trained on trillions of data.
Other studies suggest that 10% of synthetic data is sufficient to lead to collapse (Bohacek & Farid,
2023).

The risk of model collapse therefore remains important when the quantity of real data
becomes insufficient. Potential collapse does not mean that large language models or other Al
systems will cease to function, but rather that this will increase the costs of their development.
As synthetic data multiplies online, scaling laws that suggest that models improve with more data
may cease to be relevant, because this synthetic data lacks the richness of content generated from
“real,” human data (Wenger, 2024) (cf. Figure 2 for illustration).
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Figure 2. lllustration of model degeneration (Wenger, 2024)

The fact that training models on synthetic data leads to a reduction in the diversity of results
(Alemohammad et al., 2023; Shumailov et al., 2024) is all the more worrying in cases where real
data is itself biased and lacks diversity (Bolukbasi et al., 2016; Caliskan et al., 2017). Certain
groups are more represented than others in data (Glickman & Sharot, 2024). Consequently,
training on biased data leads models to generate biased content (Glickman & Sharot, 2024). A
known example is the difficulty of Al face detection systems to recognise those of non-white
people, because these models are trained on corpora that are not representative of the real world
(Buolamwini & Gebru, 2018; Geirhos et al,, 2022). This was similarly the case for an Apple
algorithm that tended to assign a higher credit limit to men than to women applying for a credit
card (Nasiripour & Natarajan, 2019); for a recruitment algorithm used by Amazon that valued
male applications more than female ones (Dastin, 2022); and for Google's search engine which
proposed more images of men than women in response to a neutral query like “person,”
particularly in countries with strong gender inequalities (Vlasceanu & Amodio, 2022).
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Similarly, Stable Diffusion, which is used by millions of users, when asked to provide images of
high-income professions such as doctor or lawyer, principally generated photos of white men
(Bianchi et al,, 2023).

The presence of bias in real data, amplified by recourse to synthetic data, can lead to reinforcing
users’ own biases when they interact with Al models, distorting decision-making (Skjuve, 2023;
Troyanskaya et al., 2020). For example, individuals assisted by a biased Al system to make a
medical diagnosis reproduce the bias of models in their decisions, even once decisions are made
without assistance (Vicente & Matute, 2023). The tendency of humans to be biased by Al systems
that are themselves biased as a result of their use extends to other domains such as emotion
recognition on faces (Glickman & Sharot, 2024).

New human and diversified data therefore remain indispensable to fight against model
degeneration.

Among this human data, some concern more specifically those drawn from cultural sectors
and protected by intellectual property. In these sectors, and by analogy to “mad cow disease,”
we can evoke the disease of “mad quasi-works.” Mad cow disease refers to contamination via
consumption of animal feed by cattle, which mushroomed due to the recycling of carcasses of sick
cattle into animal feed given as food to other cattle. Al, by replacing human cultural creation,
could lead to creating only “mad quasi-works,” synthetic ones which all end up resembling
one another and which, by nature, are foreign to the disruption processes that mark the
entire history of artistic activity. Moreover, these human works must themselves be diversified
if we wish to avoid model degeneration. Access to quality data within an adapted technical
infrastructure, and reflecting the diversity of the real world—including the diversity of languages,
cultures and regions of the globe—thus appears necessary and in the interest of all parties.

For this heritage to continue to be nourished, investments in human production and creation
must be protected; we must take into account investments made by rightholders to produce
original content. Beyond the loss of short-term revenue, the longer-term risk is that of an absence
of investments allowing cultural industries to exist. Without funding, the incentive to create and
produce new human works of quality and diversified could dry up.

In the field of photography, a study on contributors to Unsplash, a popular platform for royalty-
free photos and illustrations, which has about 6 million high-quality pieces of content (Peukert et
al., 2024) highlights diminishment in this specific case. In summer 2020, Unsplash launched an
artificial intelligence research program by publishing a dataset comprising 25,000 images for
commercial use. The objective was to analys