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Abstract:

This paper investigates how the advent of artificial intelligence is likely to change competition policy. As economists we tend
to view artificial intelligence as a technology that lowers the costs of prediction. In general, we know that lowering costs can
affect market structure, though typically in the direction of facilitating competition. In general, the article argues that the trad-
itional tools and frameworks we use in competition policy are robust to the advent of artificial intelligence as a technology that
might need competition authority intervention. However, there are serious questions about how easy it will be for competition
policy-makers to use their traditional tools to identify bad intent by firms in a world where business decision-making is driven
by algorithm.
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. What do economists mean when they talk about artificial intelligence?

The economics of artificial intelligence is a relatively new field in economics. It is only in the last decade that
economists have studied what might change when firms, labour markets, and consumers are affected by artificial
intelligence. Therefore, it is important to clarify what economists mean by ‘the economics of artificial intelligence’
before turning to the effect of artificial intelligence on competition policy.

(i) Economists are not talking about robots; they are talking about prediction

The biggest step forward in how economists approached artificial intelligence was the realization that artificial
intelligence was not about evil robots (Agrawal et al., 2022). Perhaps not very intellectually, inspired by movies
such as The Terminator, economists had typically thought of artificial intelligence as a technology that had to be
embodied in robots. Though economists can write papers about the use of industrial robots, and have done so
(Koch et al., 2021), the topic of whether robots will become self-aware threats to human dominance was thought
outside the boundaries of anything that economists might have anything useful to say about, although economists
have tried at least to calibrate the trade-offs (Jones, 2023).

Instead, the key intellectual shift was that economists started to recognize that machine learning, which is the
technology that underlies what is called artificial intelligence (Al) today, is in essence a shift in the production
function which lowers the costs of prediction. Al makes it easier to predict whether a journey will take a certain
length of time, or to predict whether a self-driving car is going to hit something, or to predict whether an image
suggests that someone has a worrying disease; and it also makes it easier to predict what an author is likely to want
written next after a specified prompt. Now, a shift in costs for an input into a production function is exactly what
economics is designed to study. So at this point economists could start to make a useful contribution to the field.
When you read this article, or economics articles in general about Al the reader should realize that we are typically
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thinking about a technology which is in essence a reduction in the costs of prediction, and asking ourselves what
happens when the costs of prediction fall. If we can make better predictions, how will that change outcomes?

(ii) The confluence of our ideas about digital economics and the economics of artificial
intelligence

The economics of Al is the younger sibling of another economics field: digital economics. Digital economics has
traditionally studied what happens when information is stored in bits rather than atoms. As a field, it recognizes
that the huge downwards shift in the costs of collecting, storing, and processing data has changed a lot of how the
economy operates. The complementarities with the economics of Al are straightforward. The economics of Al tries
to understand the effect on outcomes of technologies which have improved our power to predict outcomes based
on large digital datasets.

However, digital economics is also important because its history gives insights in terms of the intellectual pro-
cess for economists studying Al In digital economics, economists quickly learned to ask what was different about
digital technologies (Goldfarb and Tucker, 2019). This is a useful lens for thinking about the economics of Al,
too—what is different when costs of prediction are lower? There have been many general purpose technologies
in the history of innovation—such as the steam engine, electrification, and the internet. However, to understand
whether competition policy needs to change in the advent of a new general purpose technology requires two things.
First, the humility to realize that the nature of a general purpose technology means that generalizations are rarely
going to be useful and that, instead, any economist will still have to understand consumers, market institutions,
and the particular context in which a technology is deployed. Second, an understanding that economists should ask
whether there is anything distinctive about the technology that in some contexts could lead to diminished competi-
tion. Therefore the key questions for this article are: what will change about market structure, that is, the intensity
of competition among firms; and consequently, what would need to change about policy in order to promote more
intense competition across firms?

ll. What drives changes to approaches to competition policy?

(i) What do economists mean when they talk about competition policy?

Competition policy exists because economics tells us that, ceteris paribus, consumers are better off when there is
more competition. Economics predicts that, in general, if an industry has more competition, consumers benefit be-
cause there are lower prices, products are higher in quality, consumers have more choice, and there will be more
innovation. Lower prices occur because each firm will have an incentive to gain incremental sales which they can
achieve by lowering prices. Firms will also have incentives to try to improve the relative quality of their product
compared to other firms to gain incremental sales. As there are more firms in the industry trying to cater to dif-
ferentiated tastes, consumers will have more choice. Finally, economics suggests that firms will compete with each
other by innovating and mimicking each others’ innovations.

To enjoy the benefits of competition, countries develop what is referred to as ‘competition policy’. Competition
policy consists of a series of rules and enforcement mechanisms which encourage industries to be competitive.
Typically, competition policy has two main focuses. Policies can be reactive, and exist to try and stop existing prac-
tices that may already be harming competition. Policies that are pre-emptive in nature are designed to stop things
happening that might negatively affect competition.

(ii) Retrospective policy: conduct

Retrospective policy tends to look towards a firm’s conduct to understand whether it is problematic for the welfare
of consumers. While it is never illegal to have substantial market power or to be in an industry with few competi-
tors, there are some forms of conduct that are considered problematic. For example, it is problematic if a large
firm in an industry with few competitors uses its dominant position in a way which abuses its market power. It is
also potentially problematic if a firm uses its market power in one market to then gain and abuse market power
in another market.

(iii) Pre-emptive policy: mergers

Pre-emptive competition policy is designed to prevent things happening that might harm competition. Typically,
this pre-emptive policy is focused on mergers. One focus is on ‘horizontal’ mergers that occur between two firms
that are making similar products. Another focus is on ‘vertical’ mergers that occur when one firm that makes an
input into the production process of another firm merges with that firm.
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Competition policy is there to allow only those mergers that benefit consumers enough to outweigh any negative
effects from any reduction in competition.

(iv) Process
It is also important to understand, even as an economist rather than as a lawyer or policy-maker, some of the pro-
cesses that underlie the typical enforcement of competition policy.

In the US, typically, competition policy is enforced by the courts, with the competition authority being a party
to the litigation. By contrast, in the European Union (EU), the ‘Directorate General for Competition’ tends to en-
force the law. This means that the EU is often thought of as more centralized and top-down, while the US is more
diffuse and bottom-up.

Although there are these differences in the process underlying competition policy, there are similarities. In each
region, the competition authority will look at economic evidence and documentary evidence to try and understand
the effect on competition of a proposed merger or conduct. Some factors are inherently based on empirical eco-
nomic evidence, such as substitution patterns that might indicate what consumer behaviour constrains competition
or the behaviour of prices. Some factors, however, are less based on economic theory and empirical evidence, and
instead are documents that speak to intent on the part of the firm under investigation. For example, in the famous
Microsoft antitrust case of the 1990s, the government antitrust authority relied on evidence in Bill Gates’ emails
suggesting that he was concerned that alternative browsers could be a threat to Microsoft’s operating system:!

A new competitor ‘born’ on the Internet is Netscape. Their browser is dominant, with a 70% usage share, allowing
them to determine which network extensions will catch on. They are pursuing a multi-platform strategy where they
move the key API [applications programming interface] into the client to commoditize the underlying operating
system.

Such documents make it easier to pursue a case against a firm, as the government could use these documents to
argue that Microsoft was concerned about prices of operating systems being lower for consumers if Netscape suc-
ceeded, and that they tried to prevent it. Typically, however, the competition authority is trying to understand what
market a focal firm is operating in, what the alternatives are for consumers within that market, and whether or not
the firm has substantial market power in that market.

(v) Pre-emptive regulation that aids competition policy

Though in the US much competition policy is ultimately executed through active litigation, it is possible to try and
encourage competition by actively regulating in a manner that fosters it. An example of this in the EU is the Digital
Markets Act (DMA).? The aim of the DMA is to establish ‘a set of clearly defined objective criteria to qualify a
large online platform as a “gatekeeper” and ensures that they behave in a fair way online and leave room for con-
testability’. As of 2023, the European Commission has specified that six firms in digital markets are gatekeepers,
none of them European—Alphabet, Amazon, Apple, ByteDance, Meta, and Microsoft.? The regulation attempts to
make sure that digital gatekeepers follow a series of rules intended to make it easier for customers to switch and
for other firms to compete.

The UK has followed the EU and in 2024 introduced the ‘Digital Markets, Competition and Consumers Act’.
Similar to the EU’s DMA, this act focuses on the idea that the government should regulate large firms in the digital
space—though the terminology is the identification of firms that have ‘strategic market status’.

Such policy-making reflects the idea that governments can regulate pre-emptively, which then makes it easier for
competition authorities to encourage competition and increase consumer welfare.

lll. What about Al is different from the changes to competition policy that we have
seen in the past?

(i) A lot will depend on the nature of the production function of the Al

One of the challenges facing the economics of Al is that what we think of as the central technology and central
application is shifting fast. It is interesting to read Shapiro and Varian (2017) from the perspective of the current

! https://www.justice.gov/atr/complaint-us-v-microsoft-corp.

2 https://commission.europa.eu/strategy-and-policy/priorities-2019-2024/europe-fit-digital-age/digital-markets-act-ensuring-fair-and-
open-digital-markets_en

3 https://digital-markets-act.ec.europa.eu/gatekeepers_en
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time. This was one of the first papers written on the topic of how Al would affect competition dynamics between
firms. It reflected the general belief at the time that Al would:

e focus on tasks done by humans that were about prediction;
e focus on the deployment of neural networks on unstructured data.

As a result, the major focus of discussion was on things such as the replacement of radiologists. Radiologists typ-
ically look at unstructured data in the form of anatomical scans of, for example, lungs, to make predictions about
whether that person has cancer or there should be invasive follow-up (Agarwal et al., 2023). The earliest idea
among economists was that humans who performed prediction tasks might be replaced, and that we should study
the speed at which this happened (Agrawal et al., 2019). That turned out to be wrong.

As pointed out by Bresnahan (2023), as for any new technology, there needs to be systems change for the
economy to fully reap the benefits of Al. Economists have long studied how long it took for the benefits of electrifi-
cation to be felt. Initially, observers thought that the benefits of electrification would be felt one light bulb at a time,
as the economy replaced light bulbs. But that was the wrong perception. The benefits of electrification were only
fully felt when the industrial process and organization of the manufacturing process in factories was completely
retooled to reflect the electrification of machines (Milgrom and Roberts, 1990). Bresnahan points out that it would
be wrong to think of the machine learning that underlies current ride-sharing apps as replacing a taxi dispatcher.
Instead, the entire way drivers interact with riders had to change, and this process change eliminated the need for
the traditional dispatching job.*

This means that economists who study technology recognize that a general-purpose technology, such as Al is not
likely to just reduce the costs of performing certain tasks in an industry sector, but instead will lead to systematic
organizational change. Organizational change will also lead to changes in industry structure.

However, this also opens up a wide variety of potential outcomes in each industry. It is not clear how widespread
systematic process change will lead to an easily predictable effect on how competitive each industry is.

For example, take the case of ride-sharing. In each case, the traditional apparatus of a taxi firm has been replaced
by a platform. As a regulated industry with large fixed costs, taxi collaboratives tended by definition not to have
competition within their regulated region. When you arrived at an airport, a customer had little choice about the
taxi firm they chose or the price they paid away from the airport. By contrast, though, ride-sharing has completely
changed the traditional taxi model, and there is more competition—at least in areas of the US where Lyft and
Uber compete. This is because though the ride-sharing model relies on sophisticated Al to best predict demand and
match drivers with riders, it is also very easy for riders and drivers to switch across platforms. This increases the
intensity of competition. In other words, the key question for an economist in the advent of any change that occurs
due to Al is still about substitution patterns. Is there going to be sufficient substitution within this reimagined in-
dustry, such that there will be competitive constraints that prevent any exercise of sustained market power?

The argument for a lot of change: will we go back to a world of infrastructure and utility regulation driven by
economies of scale?

So far, the arguments about shifts in underlying market structure surrounding Al have focused on the current, sub-
stantial costs of deploying Al In 2024, it is striking that, unlike for many digital innovations, there are actually
substantial costs in deploying Al. For example, a large language model costs around $20 to $100 million dollars
to train.’

They also cost thousands of dollars to refine for a particular application. These costs originate from the intensity
of the cloud computing processing power needed to sufficiently calibrate them. This has been a striking shift from
a world where the difference between the analogue world and the digital world was one where marginal costs and
costs of entry would not shape market structure, to one where such costs could be important again.

To understand this, imagine the difference between setting up a photographic improvement studio in the physical
and digital world. In the physical world, there would be substantial fixed costs for physical space and equipment
before the first marginal unit was produced. By contrast, in the digital world, the fixed costs of needing physical
space for equipment evaporate.

Early iterations of technology highlight the consequence of high fixed costs of infrastructure. Much of the early
industrial organization literature that focused on the regulation of industry considered industries that had some-
thing akin to pipes—whether these pipes conveyed electricity, communication, or water. It is never efficient to

* https://www.economicsofai.com/nber-conference-toronto-2019
5 https://www.forbes.com/sites/craigsmith/2023/09/08/what-large-models-cost-you--there-is-no-free-ai-lunch/?sh=7bb1f3cb4af7
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have more than one set of pipes for a particular purpose leading to a particular location. The existence of such
infrastructure-based industries leads to economies of scale and the emergence of natural monopoly (Joskow and
Noll, 1981) which in turn needs to be regulated—often by a dedicated regulatory authority.

However, I believe the period where there are substantial marginal and fixed costs to deploying Al is likely to be
brief. The economics of digital data has told us that storage costs and data processing costs invariably decline dra-
matically (Goldfarb and Tucker, 2019). Therefore, the period where market structure in industries relying heavily
on Al may be shaped by heavy fixed and marginal costs is likely to be brief. Though some may argue that as costs
fall, computing needs will simply increase, this has been a pattern that has been seen in earlier forms of machine
learning—and it still appears that costs have fallen more quickly than complexity.

By contrast, for long-run analysis, probably the better question is whether any input into the use of Al for predic-
tion is likely to be scarce. One input that has the potential to be scarce is engineering talent (Rock, 2019). However,
though firms may be competing to hire engineering talent, there are few clear instances where one highly talented
engineer is not substitutable with other highly talented engineers—which is the correct question for an evaluation
of competitive constraints.

The other input which other economists have suggested may be scarce is digital data (Shapiro and Varian, 2017).
In other work (Tucker, 2019) I have questioned the validity of this contention in the majority of cases. Generally,
data have decreasing returns to scale (Bajari et al., 2018) when it comes to prediction tasks. One way of thinking
of this abstracting for econometrics is that while the first few pieces of data may help you predict something well,
every incremental piece of data is ultimately just incremental to the accuracy of the prediction. This suggests that
the key question is not the accumulation of incremental data but whether any data exist in the first place.

In general, there is reason to be optimistic about the abundance of data in our economy. The nature of digital
technology means that the average consumer has a broad digital footprint, which allows many alternative sources
of data for prediction. Say, for example, a firm was interested in predicting whether a household would buy toys.
They could make that prediction from data on previous purchase behaviour, toy store browsing behaviour, content
consumption relating to toys, or location data showing proximity to toy stores. This means that it is unlikely that
any one source of data might offer unique insight.

Therefore, it is useful to think about two possible scenarios where competition authorities should be worried
about access to data.

The first scenario is instances where the production of data by consumers and their subsequent use are likely to
be limited. One reason could be privacy policies. For example, if a nation was to determine that health browsing
data were private, and that location data relating to visits to health centres were private, and that prescription data
were private, then there would be few sources of data that could predict health-related behaviours. For example, in
the UK, Palantir has an exclusive contract to run the data-based platform for the National Health Service.®

This could lead to a company having the necessary privacy permissions to make unique predictions. At least in
the US, which takes a sectoral approach to privacy regulations, such challenges seem most likely in the healthcare
and financial sectors, which tend to have stricter privacy protections than the general economy (Kim and Wagman,
2015; Miller and Tucker, 2018). Another possible source of friction could be copyright law. If a nation determined
that certain data sources were restricted by copyright and could only be used for prediction with the agreement
of the copyright owner, then again there may be a unique source of data that could lead to a unique asset in the
economic environment. This could lead to market power, in a way which might increase the potential for anti-
competitive behaviour that would decrease consumer welfare.

The second scenario is instances where the decreasing returns to data may be more limited.” One example where
decreasing returns to data may be limited are instances where there is value to completeness of data. For example,
if a firm was trying to monitor leakages of water pipes, having data on only a few sections of the pipe would not be
useful. Similarly, there are also instances where it is useful to have complete coverage of data in a temporal sense.
For example, if a firm was using traffic data to try and improve in real time the operation of traffic lights, having
data at sporadic intervals again would be far less useful than having data that covered every second of every day.
The intelligence services refer to this as the ‘whole haystack’ approach: in order to reliably predict where the nee-
dles are, you need the whole of the haystack, and having only part of the haystack is less useful.® It is worth noting
that there is an emerging conversation that focuses on the questions of data for a particular type of Al—generative
Al (Hagiu and Wright, 2024). However, this discourse also emphasizes the extent to which attempts to generalize

¢ https://www.bmj.com/content/383/bmj.p2752

7 This discussion is based on a very useful lunchtime conversation with Dame Diane Coyle, who has a separate chapter on competition
in this issue.

§ https://www.theguardian.com/commentisfree/2013/jul/15/crux-nsa-collect-it-all
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about data as an input into Al requires an understanding of the particular content and use-case. In general, gen-
erative Al models need large amounts of data, though they tend to be agnostic about any particular data source.
As a consequence, most generative Al models tend to be trained on similar data sources, emphasizing that when
data are indeed non-rival and have many substitutes this should shape the analysis of how data as an input shapes
market structure.

The argument for little change: digital technologies are inherently different from physical technologies and are
far more fragile

The preceding scenarios probably overstate how much Al will lead industries to naturally consolidate around a
few firms. In general, the question of how Al will affect concentration is likely to focus on whether there is some
kind of essential facility associated with AI bestowed on industry incumbents, which in turn cannot be replicated
by other firms in or entrants to the industry.

An ‘essential facility’ is where an input is essential for a competitor to compete, and the current holder of that
facility refuses access to it. A classic example of an essential facility is the railroad bridge across the Mississippi
River approaching the St Louis train station—without being able to cross the bridge, competing rail companies
could not serve the St Louis rail market.’

Again, it seems likely that given the underlying technology for Al, an essential facility would have to emanate
from unique access to data where no alternative data sources that could offer similar insights exist.

By parallel, when it comes to analysis of conduct it seems likely that there will have to be questions about
whether a competitive advantage in some form of prediction generated by Al leads to compelling market power.
Again, this seems to be unlikely to be dictated by unique access to technology, but instead unique access to a source
of data where there are no alternative sources of predictions.

(ii) The use of generative Al and prediction may change a lot about how we think about liability
and process

I have explained that often competition authorities tend to try and look to documents written by employees to
establish potentially problematic intent on behalf of firms. Of course, Al will make it easier to identify which
documents could speak towards anticompetitive intent. Such tools already exist.'” However, in this section I argue
that divining anticompetitive intent from documents will become harder, as machines rather than humans make
predictions and decisions based on these predictions. And, of course, as a higher proportion of internal company
documents are Al-generated as well, it will become harder to attribute intent to those documents, or to discern
which documents are human-authored enough to show intent. Regulators in this space are experimenting with
ideas around making sure that every Al ‘model’ is at least legally attributable to a particular named person or set
of people, in the same manner as the financial security regulations requiring executives to personally sign off on a
company’s books.

The simple example of collusion

‘Collusion’ is a legal concept which refers to the idea there is an agreement between competitors which ultimately
harms consumers. An example of this would be a price-fixing agreement, where competitors agree to maintain
higher prices than would exist if they were truly competing. Typically, economists, when trying to identify collu-
sion, look for certain patterns in the data. However, competition authorities also look for evidence from humans.
That is, did employees discuss their prices with their competitors? Did they seem to do so in a regular way? Were
these conversations ever then linked to price increases where both firms increased prices? If this evidence exists,
then it makes it easier to argue that collusion was happening. Often it is hard from simply looking at data to estab-
lish collusion, because it is necessary to distinguish between a situation where every firm is simply raising prices to
profit-maximize (which is legal) and a situation where firms are jointly setting their prices (which is not).

The reason that machine learning and Al are problematic for establishing intent is that if the machine itself
simply profit-maximizes relative to competitors’ prices, then how can a competition authority distinguish this per-
fectly legal process from one of firms jointly setting prices? Though this concern was introduced early on by legal
scholars (Ezrachi and Stucke, 2017), as of yet there are no clear answers in the economics literature.

One way of seeing this is that in recent economics articles, economists have programmed clever programs to see
whether or not they learn collusive strategies (Calvano et al., 2020). However, many algorithms deployed today are

° United States v. Terminal Railroad Association, 224 U.S. 383 (1912).
10 https://www?2.deloitte.com/ch/en/pages/forensics/articles/Al-and-machine-learning-in-E-discovery.html
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not that clever. Instead, they are based on rather obvious predictions based on data that seem largely public (Assad
et al., 2024). Assad et al. (2024) study gasoline markets in Germany and show that algorithms make predictions
about pricing relative to the prices of competitors for gas stations and that this may lead to higher prices. However,
the question of whether this is illegal is unclear. For decades, gas station owners have looked at the price of the
neighbouring gas station across the road and reacted to its price. The problem is, what happens if a machine does
it for the gas station owner? How does that change how we analyse such conduct?

It is also not obvious that using algorithms for such purposes (that is, making predictions based on market intel-
ligence) will always lead to higher prices. Miklos-Thal and Tucker (2019) show that if there is better prediction, it
can help undermine collusive behaviour by reducing incentives to collude in the first place.

In general, the case of collusion illustrates that when pricing decisions are made ultimately by machines rather
than humans, establishing anti-competitive intent will be harder for competition authorities than it was previously.
However, it is possible that questions about how firms audit their algorithms will replace the current focus on
asking questions about human-to-human interactions.

The harder process of thinking about mergers

Machine learning may end up being used for competition authorities thinking through some of the prediction tasks
associated with a merger, such as substitution patterns and how supply might respond to such a merger. But these
changes are unlikely to be transformative.

Instead, it seems likely that the biggest effect of Al may be a change in how competition authorities evaluate
mergers. When competition authorities evaluate mergers, they again tend to look for evidence of human intent. For
example, in the recent proposed merger between Spirit and JetBlue, the US government successfully blocked the
merger because executives had suggested that the merger could lead to higher prices.!' However, imagine a world
where mergers are not decided by humans but instead a firm is guided by a prediction machine that tries to identify
what firms might make attractive acquisition targets. It is unlikely that, in such a circumstance, the machine will
have easy-to-interpret code relating to the intent to raise prices. This may make determining which mergers are
problematic and which are not more difficult.

(iii) Currently policy appears to be taking the position that this is an extension of prior
iterations of digital technologies

Despite being introduced in 2024, the UK’s Digital Markets, Competition and Consumers Act does not explicitly
mention AL'2 However, it appears clear that the regulatory framework embodied in both the UK’s regulation and
the Digital Markets Act in the EU will be deployed and adjusted to try and cover Al For example, recently Marcus
Bokkerink, Chair of the Competition and Markets Authority, made it clear when speaking to the Al Fringe Hub
that he views that policy set towards digital markets is likely to expand to AL"® As such, we might expect that regu-
lators will attempt to extend the EU framework surrounding ‘gatekeepers’ to the world of AL

However, we are already seeing signs that explicitly regulating Al as a particular technology may be challen-
ging. For example, Meta has said that it will not be releasing Llama, its open-source generative Al model, in
the European Union.' Meta said that this was due to uncertainties of the regulatory environment. This shows
a huge trade-off that competition policy faces with regard to AL. On the one hand, it is attractive to try and
set up competition policy from the beginning in a way that ensures there will be an even playing field. On the
other hand, if regulation and compliance deter firms from actually competing in the market, then that goes
against the central aim of competition policy which is to encourage entry and innovation that ultimately bene-
fits consumers.

IV. Wrapping up: trying to predict the future

When undergraduates read this particular article in years to come, it is likely that it will seem both wrong and out-
dated. However, if you have read this article and are already thinking that, then I would encourage you to think
about why economists were wrong about how technology might shape the future of competition in 2024. Often it
is the ways we get things wrong which makes economics interesting.

"' https://www.justice.gov/opa/pr/justice-department-statements-jetblue-terminating-acquisition-spirit-airlines. ~Spirit’s internal docu-
ments stated that the merger could ‘result in higher prices for consumer’.

12 https://assets.publishing.service.gov.uk/media/6650a56d8f90ef31c23ebaa6/Digital_markets_competition_regime_guidance.pdf

13- https://www.gov.uk/government/speeches/consumers-competition-and-artificial-intelligence

4 https://www.theguardian.com/technology/article/2024/jul/18/meta-release-advanced-ai-multimodal-llama-model-eu-facebook-owner.
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Having said that, let us turn to the predictions about the economics of competition and Al that the article sug-
gests that we can have greater confidence about:

1. In the same way that asking how competition policy should be affected by the internet is really too vague to
be a useful question, it may not be the right question to ask how competition policy should change in the ad-
vent of AL Ultimately, as a general purpose technology, Al covers a wide range of applications, with different
potential competitive structures.

2. The effect of Al on competitive outcomes in any one application will depend crucially on its cost structure. If
it is cheap, there is likely to be very little effect.

3. The effect of Al on competitive outcomes will also depend on whether access to a particular set of data is diffi-
cult to replicate. Normally, most data have ready alternatives, and indeed for generative Al most firms appear
to use similar data sets exploiting the non-rivalness of data. However, if there are few alternatives for a certain
dataset (perhaps due to privacy regulations or copyright restrictions), then Al technology is likely to have a
larger effect on competitive structure.

4. The advent of Al will make enforcement by competition authorities harder. Often, our techniques for
establishing that certain conduct or a proposed merger is problematic rest on identifying documents sug-
gesting that executives at the firm concerned had anti-competitive intent. However, in the future when firms
allow machines to make predictions and decisions based on those predictions, such documents will not exist
and instead it will be far harder to determine liability, that is, the idea that a machine was consciously acting
in a way that was explicitly anticompetitive.

Obligatory Appendix telling us what Chat GPT3 has to say about this

‘Competition policy is evolving in response to the increasing role of artificial intelligence (Al) in various industries.
As Al technologies continue to advance and become more integrated into business operations, competition policy
will need to adapt to address the unique challenges and opportunities presented by Al. Here are some key changes
and considerations for competition policy in a world of Al.

Data dominance: Al relies heavily on data, and companies that have access to vast amounts of high-quality data
can gain a significant competitive advantage. Competition authorities may need to assess whether data-driven
dominance should be considered anti-competitive, leading to potential remedies or regulatory actions.

Mergers and acquisitions: With the growth of Al startups and the strategic importance of Al capabilities, com-
petition regulators will need to carefully review mergers and acquisitions involving Al companies to prevent the
consolidation of Al power in the hands of a few dominant players.

Algorithmic collusion: As Al systems become more sophisticated, there is a risk of algorithms autonomously col-
luding to fix prices or engage in anti-competitive behaviour. Competition authorities will need to develop expertise
in detecting and preventing algorithmic collusion.

Transparency and explainability: To ensure fair competition, there may be a push for greater transparency and
explainability in Al systems. Companies may be required to disclose how their Al algorithms make decisions, par-
ticularly in sectors like finance and healthcare.

Interoperability: Competition authorities might promote standards and interoperability in Al systems to prevent
proprietary lock-in that can stifle competition. This would encourage a more competitive landscape where different
Al systems can work together seamlessly.

Abuse of dominance: Companies with dominant Al platforms or services may face scrutiny for abusing their
market power, especially if they engage in practices that hinder fair competition, such as preferential treatment of
their own products or exclusionary practices.

Intellectual property rights: Balancing the protection of Al-related intellectual property with the need to foster
competition will be a challenge. Competition authorities may need to determine whether certain Al patents or data
access should be subject to compulsory licensing to promote competition.

Market definition and power: Traditional methods for defining markets and assessing market power may need
to be updated to consider the unique characteristics of Al-driven markets, such as multi-sided platforms and net-
work effects.

International coordination: Given the global nature of Al and digital markets, there will likely be increased inter-
national coordination among competition authorities to address cross-border competition issues and harmonize
regulations.

G20z 1SNBNY GO UO Jasn 0Zz-€0-OIN Wy AJeiqr [B10100S Aq £9G066.L/7E8/7/0F/I01E/d81X0/W00 dNO"0lWepeo.)/:Sdyy WOy papeojumoq



842 Catherine Tucker

Regulatory sandboxing: Some jurisdictions may establish regulatory sandboxes to allow Al startups and innova-
tive companies to test their technologies in a controlled environment, promoting competition and innovation while
ensuring consumer protection.

Overall, competition policy in a world of Al will need to strike a balance between fostering innovation and
competition while addressing the potential risks and challenges associated with Al dominance. It will require con-
tinuous adaptation and collaboration among policy-makers, regulators, industry stakeholders, and Al experts to
ensure fair and competitive markets in the Al era.’
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