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Algorithmic Collusion of Pricing and Advertising on E-commerce Platforms

Abstract

Online sellers have been adopting Al learning algorithms to automatically make product
pricing and advertising decisions on e-commerce platforms. When sellers compete using such
algorithms, one concern is that of tacit collusion ] the algorithms learn to coordinate on higher
than competitive prices which increase sellers’ pro ts, but hurt consumers. This concern, how-
ever, was raised primarily when sellers use algorithms to decide on prices. We empirically
investigate whether these concerns are valid when sellers make pricing and advertising decisions
together, i.e., two-dimensional decisions. Our empirical strategy is to analyze competition with
multi-agent reinforcement learning, which we calibrate to a large-scale dataset collected from
Amazon.com products.

Our rst contribution is to nd conditions under which learning algorithms can facilitate
win-win-win outcomes that are bene cial for consumers, sellers, and even the platform, when
consumers have high search costs. In these cases the algorithms learn to coordinate on prices
that are lower than competitive prices. The intuition is that the algorithms learn to coordinate
on lower advertising bids, which lower advertising costs, leading to lower prices for consumers
and enlarging the demand on the platform.

Our second contribution is an analysis of a large-scale, high-frequency keyword-product
dataset for more than 2 million products on Amazon.com. Our estimates of consumer search
costs show a wide range of costs for di erent product keywords. We generate an algorithm usage
index based on the correlation patterns in prices and nd a negative interaction between the
estimated consumer search costs and the algorithm usage index, providing empirical evidence
of bene cial collusion. We predict that in more than 50% of the product markets, consumers
bene t from tacit collusion facilitated by algorithms.

We also provide a proof that our results do not depend on the speci c reinforcement learning
algorithm that we analyzed. They would generalize to any learning algorithm that uses price
and advertising bid exploration.

Finally, we analyze the platform’s strategic response through adjusting the ad auction reserve
price or the sales commission rate. We nd that reserve price adjustments will not increase pro ts
for the platform, but commission adjustments will, while maintaining the bene cial outcomes
for both sellers and consumers.

Our analyses help alleviate some worries about the potentially harmful e ects of competing
learning algorithms, and can help sellers, platforms and policymakers to decide on whether to
adopt or regulate such algorithms.

Keywords: Arti cial Intelligence, Algorithmic Collusion, Platforms, Advertising, Sponsored
Product Ads, Reinforcement Learning, Q-learning, Consumer Search

1 Introduction

Reinforcement learning (RL) has been successfully applied in many elds as one of the three basic

machine learning and Al paradigms! to maximize a reward. Classic applications include robotics

1The other two are supervised and unsupervised learning.



(e.g., self-driving cars) (Kober et al. 2013, Pan et al. 2017, Polydoros and Nalpantidis 2017, Kiran
et al. 2021), optimization of industrial processes (Li et al. 2019, Nian et al. 2020) and natural
language processing (He et al. 2015, Luketina et al. 2019, Uc-Cetina et al. 2023). It is very suitable
for learning in dynamic environments without much prior information, because these algorithms
incorporate information about rewards as they explore the outcomes from their actions.

Recently, there have been quite successful applications of reinforcement learning in business
settings within marketing including automated advertising bidding (Cai et al. 2017, Wu et al.
2018), personalized recommendations and more (Schwartz et al. 2017, Zheng et al. 2018, Bastani
et al. 2022, Afsar et al. 2022, Aramayo et al. 2023, Liu 2023, Ra eian 2023, Wang et al. 2023,
Cao et al. 2024). One salient example is nding the optimal price to set for a product (Kleinberg
and Leighton 2003, Duke and Misra 2017, Misra et al. 2019, Smith et al. 2023). A standard
reinforcement learning approach would initially start with a given price, and explore a few other
prices to not only see if they yield higher pro ts, but also to update what the algorithm knows about
how consumers respond to prices. Over time, the algorithm will have an accurate understanding
of the relationship between prices and revenues, which will allow it to nd the optimal price to set.
This process can be model-free and can converge without assumptions about utilities, parameters,
downward-sloping demand etc.

Another salient example is nding the optimal bid to set when buying online ads|in this case
the RL agent needs to learn how their bids a ect their chances of winning an ad auction, but also
how showing ads (perhaps to di erent people or for di erent keywords) translates to sales (Jin et al.
2018). However, the RL algorithm does not have to know how the auction operates or any other
details about the economic environment in order to learn.

Most of the research on applications of reinforcement learning looked at monopoly cases of a
rm optimizing its decisions. Because the theoretical properties of RL are not well-understood
in competitive environments with many players such as rms, recent research used simulations to
study the impact of using algorithmic decision making on competitive outcomes and their impact on
consumers. One surprising outcome that emerged from this stream of research is that algorithmic
pricing can lead to unintended outcomes for consumersjresearch by, e.g. Calvano et al. (2020),
Hansen et al. (2021), Johnson et al. (2023) and Wang et al. (2023), has found that algorithms of

competing rms can learn to tacitly collude on setting higher prices (even without communicating



among them), which is harmful to consumers. This issue became so widespread that the FTC even
publicly stated that \Price xing by algorithm is still price xing." 2

In this paper, we ask whether algorithmic decision making by competing rms (of the form
analyzed previously) is necessarily detrimental to consumers, or whether there are cases when
consumers (as well as rms and the platform) might bene t from them. Of course, there are also
many other cases where algorithmic decision making can help consumers. Well-known examples
are recommendation systems and other algorithms that help match consumers and products (or
consumers with other consumers) (Mullainathan and Spiess 2017, Mikbs-Thal and Tucker 2019,
Wang et al. 2023). However, we are interested in exactly those cases that were previously identi ed
as harmful to consumers. One reason for asking this question is that most of the analyses of
algorithmic decision making often focused on one-dimensional learning (such as learning to price,
or to advertise), but in reality, rms often need to make multi-dimensional decisions. Another
reason we focus on this question is that for online platforms (but also for other settings such as
grocery chains and media markets), their revenue streams combine sales commissions (or another
margin on sales), as well as ad revenue, and as a result the platform has some exibility of which
stream to emphasize more, which in turn a ects what algorithms learn.

The analysis of competing algorithms is not straightforward, since there are many types of
algorithms, and many di erent assumptions that one can make. To make our results comparable
to previous research, we analyze a speci ¢ (yet common) reinforcement learning algorithm called
Q-learning (we describe it in Section 4), the goal of which is to learn how di erent actions (such as
prices, or bids on ads) translate to outcomes (such as sales) in di erent states (such as the prices of
competitors, and the rm's previous prices). Although we focus on a speci ¢ implementation of a
speci ¢ algorithm, we prove that are ndings are likely to generalize to other types of algorithms,
if they have some level of price exploration built into them.

Our analysis combines three approaches| rst, we use an analytical model to analyze a bench-
mark case of pure competition (without algorithmic pricing and bidding) to show the e ect of ad
bids and search costs. Second, we use an extensive empirical simulation to analyze algorithmic

pricing and bidding to show that prices (and bids) could be lower when algorithms learn to coordi-

2Recently, the Federal Trade Commission and Department of Justice are taking dierent actions
to ght algorithmic collusion. See detail at https://www.ftc.gov/business-guidance/blog/2024/03/
price-fixing-algorithm-still- price-fixing



nate in a setting with high consumer search cost. Third, we estimate search costs and algorithmic
pricing adoption using a self-collected large-scale dataset from Amazon.com and provide empiri-
cal evidence that prices are indeed lower in markets with higher consumer search cost and higher
algorithm usage.

In Section 3, we introduce our empirical settinglan online platform (such as Amazon.com)
where consumers come to search for products to buy, and sellers come to sell their products. The
platform displays ordered links to consumers, with the prominent sponsored links sold through an
ad auction, while the other (organic) links are ranked based on product features (price, rating and
other features). This setting is quite common in e-commerce and includes large companies such as
eBay and Expedia. The sellers on the platform set prices for their products and also decide how
much to bid for displaying their product in the sponsored position. When consumers search for a
keyword, they see an ordered list of links, and traverse it until they nd a product to buy or stop
searching. We assume that the purchase decision follows a standard choice model, with consumer
search costs determining the size of their consideration set. Other research has shown that this
model is also consistent with optimal sequential search and other forms of search (Weitzman 1979,
Ursu 2018, Lam 2021). An important assumption we make is that consumers have heterogeneous
search costs (or impatience). This assumption is quite realistic in our opinion and has not been
analyzed previously in the context of algorithmic pricing. We also empirically con rm that search
costs are indeed high and heterogeneous in the markets we analyze, lending credibility to this
assumption.

In Section 4, we compare the competition of two agents using reinforcement learning to pure
competition. In order to make this comparison, in Section 3.3 we rst show that in the case of
competition without algorithmic decision making, search costs increase prices in equilibrium when
setting prices and bids (Armstrong and Zhou 2011). The reason is that as search costs increase,
the sponsored positions become more valuable and the competition for them increases. This in
turn increases equilibrium bids on ads, which increases the cost that sellers incur when selling their
products. Because costs are higher, prices end up also being higher.

The rst interesting nding we make is in Section 4, where we analyze a multi-agent reinforce-
ment learning setting. In the analysis, we have competing sellers who do not have prior information

about the economic environment (what the demand function is, what the demand parameters or
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utility functions are, or how ad auctions behave). In fact, the Q-learning agents do not even have
a model|they have a mapping from their actions (prices and bids) to pro ts. The agents explore

di erent prices and bids, and over time learn how their actions a ect pro ts. When we let these
algorithms run long enough, they converge to an equilibrium where they mostly use the same
price/bid combination, and new information they observe does not a ect their learning anymore.

If we were to make predictions based on ndings of previous research (Calvano et al. 2020, Johnson
et al. 2023), we might expect the agents to reach an equilibrium with higher than competitive
prices, because these algorithms learn that higher prices are better for both sellers. However, we
nd the opposite|our analysis shows that when search costs increase and consumers become more
impatient and less willing to search more links, then the algorithms converge on prices lower than
competitive prices. In other words, Q-learning can result in tacit collusion, but such collusion helps
consumers in this case.

The intuition is interesting, and comes from the role of advertising. If the algorithms could
exchange information and collude on the best outcome for them, they would have decided to evenly
split the market, and bid zero on the ads. In other words, because the ads are a cost for the
sellers, it is best for them to agree to lower the costs. This is the opposite case of prices, where
it is bene cial for both sellers to increase prices. It turns out that when search costs are high,
the benet from colluding on lower bids outweighs the benet from colluding on higher prices,
and the equilibrium outcome is better for consumers. Unlike the case of competing over prices
only, when using algorithmic pricing and bidding, lower prices result in higher seller pro t, because
demand increases, as well as advertising costs decrease. Tacit collusion by algorithms can also
bene t the platform (Section 5) when search costs are high, because the increase in sales generates
more commissions that dominate the decrease in revenue from advertising.

A concern with these results, however, is that they depend on assuming that many consumers
have high search costs. To validate this assumption, in Section 6, we analyze data from more than
2,000 product search keywords on Amazon.com, yielding more than 1 million observations per day
for 2 million products. We estimate the consumer search costs using the variation in observed
product rankings and their sales. We use moment conditions (Sweeting 2013, Grennan 2013, Lam

2021, Yu 2024) to address the simultaneity issue between the ranking of a product on a page and



its sales® We nd that search costs can indeed be high for many products in the data we analyze.
For most keywords, most consumers will not search beyond half the search results page, and in
some cases, even less.

In our second major analysis, we generate an index for algorithm usage for each product-market
using the correlation patterns in prices set by sellers over time (Chen et al. 2016). We then examine
the interaction between the estimated consumer search costs and the algorithm usage index, and
nd that the interaction e ect on prices is negative. This provides empirical evidence that prices
are lower in markets with higher algorithmic pricing adoption and higher search costs. When
we compare the estimated consumer search costs with the critical value of consumer search costs
needed for the algorithms to benet consumers, we nd that 52% of Electronics markets have
consumer search costs higher than this critical value. This analysis provides additional evidence
that consumers can bene t from tacit collusion facilitated by algorithms.

Finally, we also examine the possible response of the platform to prices being set by such
algorithms. We analyze the platform's optimal commission rate and advertising reserve price. We
nd that adjusting the reserve prices might not be an e ective tool for the platform, because
increasing the reserve price above the Q-learning equilibrium level of bids will shift the algorithms
toward coordinating on even lower bids, further reducing the advertising revenue for the platform.
However, adjusting the commission rate might be e ective. By increasing their commission rates,
the platforms can recoup some of the lost advertising revenue due to lower bids through increased
commission revenue.

To summarize, by extending the analysis to include two-dimensions (pricing and bidding) and
by looking at consumers with heterogeneous search costs in a digital platform setting, we uncovered
some counter-intuitive new ndings and empirical evidence to support them. Unlike much of the
past research, we nd that consumers might bene t from tacit collusion by algorithms, as well as
the platform. These ndings can be useful for sellers who are concerned about adopting algorithmic
pricing with multi-dimensional decision-making. In monopoly settings we would intuitively expect
more advanced or exible algorithms to improve pro ts. However, it is not clear ex-ante if these
bene ts will continue to exist in a competitive environment, and our ndings can help sellers make

this determination.

3If a product is ranked higher it will likely have more sales, but in turn, having more sales might rank it higher.



Our ndings can also help platforms decide if they should encourage sellers to use algorithmic
pricing and bidding, and even whether they should o er these algorithms themselves. The platforms
have information about consumer search costs, and are best situated to bene t from our ndings.
When the platform needs to respond strategically, our ndings provide guidance about the possible
methods to consider (e.g., adjusting commission rates, adjusting reserve prices in the ad auction,
or disclosing information about the wining bids). Our ndings can also help the platform address
regulatory concerns from policymakers, given that consumers on the platform can also bene t.

Finally, our results can provide good news for consumers because lower prices by algorithms
increase consumer welfare. From a regulatory perspective, our nding that algorithmic collusion
does not always harm consumers is in contrast to prevalent beliefs. This area of discussion is

currently of high relevance for modern digital platforms, making our ndings extremely relevant.

2 Literature Review

Our paper builds upon research in search advertising and sponsored ads (Edelman et al. 2007,
Varian 2007, Katona and Sarvary 2010, Berman and Katona 2013, Sayedi et al. 2018, Choi and
Mela 2019, Simonov et al. 2018, Sahni and Nair 2020, Long et al. 2022, Dai et al. 2023). These
works typically assume that the value of winning the auction is exogenously given. Athey and
Ellison (2011) introduced consumer search, which endogenizes the advertisers' valuation. Chen
and He (2011), Kang (2021) incorporated the pricing decision into the sponsored ads auction. Our
work is most closely related to Armstrong and Zhou (2011).

This study also connects with literature on algorithmic pricing and arti cial intelligence. Cal-
vano et al. (2020) demonstrate that in an oligopoly setting, Q-learning algorithms lead to prices
above competitive levels. Johnson et al. (2023) investigate the ability of a platform to steer de-
mand towards lower-priced sellers and nd that algorithms result in supra-competitive prices in
the absence of non-neutral platform intervention. The phenomenon of algorithmic collusion is also
documented in scenarios where algorithms make sequential decisions (Klein 2021), mis-speci ed
multi-armed bandit algorithms are used (Hansen et al. 2021), and Q-learning algorithms compete
with simple heuristic algorithms (Wang et al. 2023). On the contrary, despite concerns expressed

by policy makers, Mikbs-Thal and Tucker (2019) nd that better forecasting and algorithms can



lead to lower prices and higher consumer surplus.

To uncover the mechanism for algorithmic collusion, Asker et al. (2022) study the e ect of
algorithm design on collusion. Similarly, Banchio and Skrzypacz (2022) nd that synchronous
algorithms are less likely to converge on collusive outcomes. Banchio and Mantegazza (2022) reveal
that spontaneous coupling can sustain collusion in prices and market shares.

Regarding empirical work on algorithmic pricing, Musol (2022) documents that repricing al-
gorithms follow Edgeworth cycles to e ectively coax competitors into raising their prices, which
decreases competition. Brown and MacKay (2021) nd that algorithms allow for more frequent
price changes, generate price dispersion, and increase price levels. Assad et al. (2024) nd that
algorithmic-pricing software signi cantly increased the margin in Germany's retail gasoline market.
Calder-Wang and Kim (2023) nd that algorithms set more responsive prices, leading to higher
rents and lower occupancy in the U.S. multifamily rental housing market.

The seminal work on Q-learning by Watkins (1989) and Watkins and Dayan (1992) pioneered
a large literature on reinforcement learning, which has been widely applied in economics research
(Erev and Roth 1998, Erev et al. 1999, Waltman and Kaymak 2008). See Zhang et al. (2021) for
a recent review of reinforcement learning.

This study also relates to platform rankings of products and how that in uences sellers' pro ts
and consumer surplus (Reimers and Waldfogel 2023, Lam 2021, Lee and Musol 2021, Farronato
et al. 2023). Finally, this research also relates to the seminal branch of consumer search literature

(Weitzman 1979, Ursu 2018, Honka and Chintagunta 2017, Morozov et al. 2021).

3 Institutional Background and Model Setup

To motivate our empirical model, we rst provide background about the settings we consider, where
sellers o er their products for sale on an e-commerce platform. We then translate the institutional

details into a mathematical model that we can use in analysis and also empirically t to data.



3.1 Institutional Background

Amazon.com's Marketplace, which the world's largest retail digital platform, is a primary example
of the setting we consider* Amazon allows third-party sellers to list and sell their products on
its website, and also functions as a retailer who sells products to consumers directly. In our main
analysis, if Amazon directly sells a product, we assume that consumers will treat it as just another
seller. We will discuss self-preferencing (where Amazon might promote products it sells directly
more) in the Conclusion.

When shopping on Amazon.com, consumers usually start a search for products by typing a
product keyword into the search box. Amazon then displays a search results page relevant to the
shopping query, with both organic and sponsored product listings. The default ranking of listings
is \Featured" which is also the ranking we focus on in this paper. In this case, the platform's
recommendation algorithm ranks the organic products based on factors like sales performance,
customer ratings, and conversion histories associated with speci ¢ keywords. Consumers can also
choose other options for sorting the products’ Consumers consider products sequentially following
their ranking on the platform. They have heterogeneous search costs and might stop their search
without considering every product on the search page. Consumers who have high search costs,
or are impatient, would generally visit only the top links (which are mostly sponsored) and only
consider buying the products that appear there. By contrast, consumers with low search costs (or
frictions) who are patient, will consider also organic products which appear lower on the list.

Within the search results page, there are several advertising formats, which include \Spon-
sored Product Ads" in the \search result" section, as well as \Sponsored Display" and \Sponsored
Brands," which usually appear in a carousel in di erent locations on the page. We focus on Spon-
sored Product Ads because the sponsored products account for approximately 78% of the total ad
spend among sellers on Amazon.cofh. and appear in the main section within the search result
page.

Sponsored products are distinguished from organic results by being labeled as \Sponsored." A

“In 2022, Amazon reported nearly $514 billion in net sales revenue worldwide, and held approximately 40% of the
e-commerce market share. Source: Statista,https://www.statista.com/topics/846/amazon/#topicOverview

5The options include \Price: Low to High", \Price: High to Low", \Avg. Customer Review", \Newest Arrivals",
and \Best Sellers".

6Statistic from Jungle Scout a prominent e-commerce intelligence data provider. Seehttps://www.junglescout.
com/blog/amazon-sponsored-product-ads/ , Accessed June 8, 2024.



product can appear in both sponsored and organic positions. Within a search results page, there
are 60 products laid out in 5 columns and 12 rows for most product categories, and 22 products in
the "Electronic' category displayed in a vertical layout of 1 column. Figure 1 and Figure A2 present
examples of a search results page with 60 products and 22 products, respectively.

Figure 1. Example of First Two Rows of an Amazon Search Result Page with 60 Products

This gure presents an example of the rst two rows of a search results page with 12 rows (60
products in total) on Amazon.com when an anonymous consumer enters the keyword \humidi ers
for bedroom." The products whose labels are encircled in orange rectangles are sponsored products,
obtained by sellers who won these positions through bidding in ad auctions.

Amazon uses real-time auctions to decide which ads to show and their order of display for
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speci ¢ product searches. According to Amazor', ads are ranked and displayed to consumers
based on a combination of the advertisers' bids and the ads' relevance. Because consumers face
search costs and have a higher probability of considering products in earlier positions, sellers are
motivated to bid for sponsored product ad positions to capture consumers' limited attention. When
buying Sponsored Product Ads to advertise their products, sellers typically choose a set of relevant
keywords and specify the bid amounts for each keyword|the maximum they are willing to pay for
consumer clicks on their sponsored product listing. The payment model for sponsored positions is
called \Cost-per-click" (CPC), meaning that advertisers pay only when consumers click on their
ads, and not for impressions (which is a display of the ad) or conversions ( nal sales of the produc®.

Sellers also pay the platform a commission fee for each unit sold, which is a xed percentage of
the total sale amount.® In addition to commissions, Amazon also collects other fees from sellers,
such as shipping and return administration fees. We do not consider these other fees separately in
our analysis, but rather include them in the manufacturing (marginal) costs, as they do not alter
search result rankings or consumer search.

The sellers on the platform want to maximize their prots. The decisions they face include
setting prices for their products and deciding if, and how much, they would like to bid for those
sponsored positions. Sellers face two trade-o s with regard to prices. They want to avoid strong
price competition with other sellers and prefer higher equilibrium prices. They also want the prices
not to be too high, because otherwise consumers might choose to buy from another location (an
outside option good). Regarding bids, the more sellers bid, the higher their chances of winning the
sponsored link and reaching consumers who only consider the top positions. However, these bids
incur advertising costs for sellers, which would lower their pro ts. Thus, they will want to avoid
competing too aggressively on bids.

The platform's revenues come from two sources: commissions from sales and bids from ad
auctions. Therefore, it has two incentive-based tools that it can use to in uence revenues: adjusting

the commission rate, which impacts commission revenue, and adjusting the reserve price, which

"Amazon Ads, How does bidding work for Sponsored Products? https://advertising.amazon.com/library/
videos/campaign-bidding-sponsored-products

8 Amazon uses generalized second-price auctions, where for each consumer click on an ad in the-th sponsored
position, the seller pays Amazon an amount equal to the \realized" bid of the ( r + 1)-th highest bidder, which is a
relevance adjusted bid.

9Based on Amazon disclosures, commission rates di er among various product categories, typically being 15% for
most categories. Seehttps://sell.amazon.com/pricing#referral-fees , accessed June 8, 2024.
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a ects ad auction income. There are also information-based strategies to a ect seller behavior,
for example, the platform can disclose more or less information about the winning bids in the
ad auctions which will in uence the sellers' bids. In terms of objective, the platform might only
care about its own pro ts, but it might also consider consumer surplus and sellers' pro ts on the
platform to encourage more entry and improve long-term business growth.

When sellers use algorithms which are designed to optimize prot to guide their pricing and
bidding decisions, it is unclear whether prices and bids will be high or low in equilibrium. On
the one hand, sellers would like to price higher to increase pro ts, which increase the valuation of
winning the sponsored positions leading to higher bids. On the other hand, they would like to bid
lower to reduce their costs, leading to lower prices. These are two opposite forces, and a-priori it
isn't obvious which one will prevail and when when they interact.

To explore the impact of competitive algorithmic decision making on prices and bids, we model
an e-commerce environment in the next section and then analyze the impact of learning algorithms.
We use this model to make predictions about equilibrium prices and bid, and also estimate a version

of this model on large-scale data about product searches and sales from Amazon.com.

3.2 Model Setup

Our model has three key players:n 2 sellers, each of which sells one di erentiated product on a
retail platform , and a unit mass of consumers who choose between purchasing from either one

of these sellers on the platform, or an outside good.

Platform  The platform's role is to display products and to determine their rankings on the search
results page. For sponsored positions, rankings are based on ad auction outcomes; for organic posi-
tions, the platform determines the relative rankings of di erent products using a recommendation
algorithm. In our model, there are multiple sponsored and organic positions. To illustrate the
main e ects of the model parameters, we rst consider a simpli ed case where two sellers compete
and there is one sponsored position at the top of the page followed by two organic listings. The
sponsored listing is the rst product consumers see and is awarded to the winning bidder in the
auction. Figure Al provides a graphical representation of the search result page layout for the

simpli ed model.
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We assume that there is a one keyword from which all sales are derived. All sellers bid to
display an ad on the results page for this keyword and compete for the top (sponsored) position.
Each seller has a constant variable production cost; > 0, and pays the platform a commission
rate 2 (0;1) of the sales each time they sell a unit of the product (both sponsored and organic).
Sellers interact repeatedly over time. In each period = 0;1;:::, every selleri not only decides the
bid amount to submit in the auction but also sets the price for its products. We assume sellers set
apricept 0andabidd 0 simultaneously (negative prices and bids are not allowed).

For the sponsored position, the platform runs an ad auction and shows the seller with the
highest realized bid tf, when the bids submitted by sellers arely. To approximate the in uence of
the ads' relevance score as well as the uncertainty sellers face when deciding their bids, we assume
that the realized bid B follows a log-normal distribution: log(§) N (log(k); i), where ; is the
uncertainty in bid realization. We use a rst-price auction in our model. While this di ers from
the generalized second price auction that Amazon.com uses, we do not expect this di erence to be
crucial for the main insights from our analysis, and we mostly make it for tractability and to avoid

scenarios with multiple equilibria.°

Consumers In our model, a periodt is a search by a unit mass of consumers, who wish to buy
at most one product. Consumers spend one period in the market and then exit and are replaced

by a new cohort. A representative consumer who buys product in period t obtains utility

Where a; capture vertical di erentiation and p! is the product's price. The outside good is indexed
by 0, with utility uf, = o. We assume that o and each ; are type-I extreme value independent
random variables with common scale parameter > 0. The parameter is also an index of

horizontal di erentiation, and the case of substitutes is obtained in the limit when ! 0. The

0 Generalized second-price auctions and rst-price auctions have similar theoretical strategic incentives and al-
gorithm performance. Both are non-truthful, and algorithms behave similarly and learn to collude on lower bids
Rovigatti et al. (2023), Banchio and Skrzypacz (2022), unlike in non-generalized second-price auctions Banchio and
Skrzypacz (2022). Therefore, the auction format should not signi cantly change the results of our analyses. These
model assumptions also allow for mathematical tractability. Previous research has only proved the existence of equi-
librium in sponsored ads with pricing competition Kang (2021). There might be multiple or asymmetric equilibria
in generalized second-price auctions. Additionally, our assumptions are similar to those imposed in Yu (2024).
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resulting demand for product i in period t, assuming it is in the consumer consideration sefN

(which we discuss in detail below), follows a logit demand model and is expressed as follows:

exp 2P P

S p = P Tt (1)
jon t EXP LR |

where pt is the vector of prices of products in the consumer's consideration set.

Consumers search for products to consider and purchase according to the order of products
the platform displays to them. Consumers can have heterogeneous search costs, which might lead
them to stop their search process in the middle of the search results page, thus considering only a
subset of all products on the page. For the simpli ed model with one sponsored position, following
Armstrong and Zhou (2011), we assume that there are two segments of consumers. A fractionof
consumers has high search costs and considers only the product in the rst position. The remaining
1 fraction of consumers considers products in all positions. For example, if products and j
are presented in orderf j;i g on the search results page, then the high search cost segment considers
only j, and the other segment has a consideration set dfj;i g. If a product appears in both the
sponsored and an organic position, we assume that consumers are sophisticated enough to recognize
it as the same product and consider it as one in their consideration set, and will use the organic
link. The search process represented by the two segments can be micro-founded by consumers who
perform sequential search and decide to stop when the expected value from continuing is below
their search cost, with a heterogeneous distribution of search costs. Appendix A.4 provides details
about this micro-foundation.

Let si p! denote the market share of producti among consumers who only consider the top
position when product i appears in the top position, ands; p!; pjt denote the market share of
product i among consumers considering both sponsored and organic positions. Taking the outside

option into account, the market shares of producti are:

L exp a_pl
Si P = o Si piip = n R
exp &P 41 exp &P +exp an
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Sellers In the simpli ed model, we assume that the two sellers are ex-ante symmetric in their
quality and production costs (af = & and ¢ = ¢). Hence, the platform will treat the sellers
identically for organic rankings and randomize the order of display of the two sellers in the two
organic positions, thereby neutralizing potential ranking e ects on sales. We consider the case of
asymmetric sellers later in Section A.7.2. Our empirical application allows for multiple sellers who
can be di erentiated and asymmetric. The sellers have a common discount factor 2 (0; 1), and

maximize the cumulative discounted pro t:

ERT(3H D) )
t=0

The one-period prot for seller i in period t, denoted as [(p';b'), is given by:

h i
f(phb)= Pr(E>H) spb (L )p o i EBjE>H

+@1 ) siphp @ )P g 3)

whereb' is the vector of bids submitted by all sellers in periodt. The rst term represents the pro t
from the sponsored position and is a ected by the share of impatient consumers, the chance of
winning the ad auction Pr(B > qf), the market share of the product (vs. the outside good)s; pt

and the pro t per sale, which depends on the pro t margin and cost of ads. The inverse conversion
rate, i, indicates the number of clicks needed for a sale and is assumed common knowledge. The
commission rate charged by the platform is denoted as. Appendix A.1 derives the expressions for
the chance of winning the ad auction I;r@ > Q) aimd the expected ad cost conditional on winning
the auction the the competitor's bid E B j B > i . The second term is the pro t from consumers

who consider more than just the sponsored product.

3.3 Benchmark Theoretical Results

To understand how learning algorithms interact, and the role of search costs in a ecting equilibrium
prices, bids, and sellers' prot, we rst analyze a full competition version of the model where the
sellers have complete information and do not need to learn about their environment. We focus on

this setting , because it will form a good benchmark to compare to the algorithmic case in repeated
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games.

We consider the following two scenarios:

1. Full competition of pricing and bidding: The two sellers have complete information about
model parameters and consumer behavior, and compete on both prices and bids which are
set simultaneously. As there is no closed-form solution because of the demand structure, we
nd the Nash-Bertrand equilibrium numerically. We denote the equilibrium price and bid as

pN and bN, respectively.

2. Pricing only benchmark: To compare also to previous work, which considered pricing without
advertising, we also analyze sellers who compete only on prices. In this scenario, consumer
preferences remain the same, with representing the fraction of consumers who focus only on
the rst position. Each seller's probability of being displayed in the rst position is % without

an auction. We denote the equilibrium price asp®N,1! and each seller solves:
1
max i(p)= > sie)+@ ) si(eip) (@) pG) (4)

We present the equilibrium prices in Figure 2a and the bids in Figure 2b. We observe non-zero
equilibrium bids only in the Nash-Bertrand competition. 12

The benchmark equilibrium price (without ads) in the dashed line is lower than the Nash-
Bertrand price in the solid line, because ads increase the cost and drive up the price. However,
when =0 and there are no costly ads, the prices coincide. Importantly, both the benchmark price
p°N and the Nash-Bertrand price pN increase with (the fraction of consumers who only consider
the rst position). This is in line with the intuition that a larger monopoly market leads to higher
prices charged by the sellers. A higher implies a larger fraction of consumers who focus only on
the rst position, in which case the seller only competes with the outside option, which increases
their e ective monopoly power.

The result that ads increase prices over the no-ads benchmark, and that higher search costs

M Here, N stands for the Nash-Bertrand equilibrium, and o indicates our baseline scenario characterized solely by
price competition.

2When = 0, every consumer considers both products, and the situation reduces to the case considered in Calvano
et al. (2020).
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Figure 2: Equilibrium Prices and Bids in One-Shot Game

(a) Prices (b) Bids

The sub gure (a) and (b) show the equilibrium prices and bids as a function of under di erent
scenarios, respectively. The dashed gray line, and black solid line represent the benchmark equilib-
rium price p°N (or bid b°N), and the Nash-Bertrand equilibrium price pN (or bid b"), respectively.

For this example, we set the parameters asy = & =2, ¢ = ¢ =1, and = % for comparison
with the results in Calvano et al. (2020). For ads-related parameters, we set; = ; = 0:5 and
. = . = 2
i j

increase these prices even more remains robust across di erent model speci catioh®. It is
consistent also with Armstrong and Zhou (2011) who in a model without an outside option and
where bidders play an all-pay auction show that increased bids to win sponsored positions increase
the sellers' advertising expenses and, consequently, their total costs.
With respect to equilibrium bids, b"N, in Figure 2(b) we observe that they increase with . A
larger implies greater potential pro ts from winning the sponsored position, thereby incentivizing

sellers to bid more aggressively.

4 Algorithmic Pricing and Bidding: A Multi-Agent Reinforce-

ment Learning Approach

We now turn to explore sellers who use reinforcement learning algorithms (speci cally, tabular
Q-learning) to make their pricing and bidding decisions repeatedly. We use a computer-simulated
environment to analyze the outcomes from a Multi-Agent setting where algorithms interact with
each other. We compare the outcomes in this scenario with the cases analyzed previously in Section

3.3. First, we introduce the notation of Q-learning in a stationary single-player environment. Then,

13 Appendix A.3 provides more details.
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we describe how we extend the single agent setting to a Multi-Agent setting, and apply it to
our pricing and bidding competition with consumer search, where algorithms interact with other

algorithms.

Basic Notation of Q-Learning Consider a single algorithm facing an unknown stationary
Markov Decision Environment with a nite set of states s; 2 S, a nite set of actions a; 2 A,
wheret = 1;2;::: denotes the time periods. The objective of the decision-maker is to maximize
the expected present value of the stream of rewards (st; a;). Let a (s) denote an optimal policy.
Thus, the policy a (s) maximizes the sum of future expected discounted prots, expressed as
Py t .
E o (sua (s) -
Q-learning involves iteratively estimating the \action-value function" Q (s;a) where Q (s;a)
gives the expected discounted payo s of taking actiona at state s today and then using the optimal

policy function a (s) in all future periods. Thus,
Q (s;a)= E[ (s;a)]+ E V %js;a

where V (s°] s; a) is the future optimal value.

The optimal policy a (s) is a (s) = argmax aoa Q (s;a):

Learning and Experimentation SinceQ (s;a) is unknown, it is estimated as follows: Starting
with an initial matrix Qg, at time t and in state s, the algorithm determines the action to take.
With a probability of 1 ¢, the algorithm operates in exploitation mode choosing the optimal
action according to the current Q-matrix. With a probability of ¢, it enters exploration mode
uniformly randomizing over all available actions. After choosing the actiona; in s;, the realized
payo  is observed, as is the new stats® The one element of the Q-matrix corresponding to

(s;a) is then updated to be
Qu(sa)=1 )i+ (sid+ maxQr sia

where Q;(s; a) is the previous \un-updated" element of the Q-matrix, and 2 (0; 1) is the learning

rate parameter, which captures the extent to which old information is replaced by new information.
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The probability of experimentation  is given by

r=e '
where > 0 is the experimentation parameter. This means that initially the algorithms choose in
purely random fashion!* but as time passes, they make the greedy choice more and more frequently.
Q-learning has theoretical convergence guarantees only in stationary single-player settings. In
our multi-agent setting, convergence is not guaranteed because each agent continually changes its
strategy by updating its Q-matrix, rendering the environment non-stationary from other agents'

perspectives. Despite this, in our empirical simulations we nearly always observe convergence.

Extending to the E-Commerce Multi-Agent Setting We incorporate sponsored ads and
consumer search into a framework similar to the one used in Calvano et al. (2020) and Johnson
et al. (2023). We consider a symmetric duopoly § = 2) with discount factor = 0:95. Each agent
has a marginal costc = 1. Demand is given by Equation (1) with each rm having the same quality
componenta; = a = 2 and scale parameter = %. We normalize the quality component of the
outside option to be ag = 0.

We implement Multi-Agent Reinforcement Learning (MARL) as follows: In each period t, the
action space for each agent is a product of the set of possible prices and bids, thatag = ( pit; b).
The set of prices is discretized into 15 equally spaced values within the range ™ (pmax
pminy: pMmax 4 (pmax  pminy] 15 Hare pMin gnd p™MaX represent the minimum and maximum prices
across all scenarios, respectively, for all values of. The parameter > 0, set to 01, allows prices
to extend slightly beyond the maximum and minimum values to include all possible price ranges in
every scenario. The bid set contains 10 equally spaced elements in the range [0+ ) b™&], with
the upper bound slightly above the maximum bid.*® We assume that each agent has a one-period
memory. Consistent with the literature, we assume that sellers see all prices of other sellers. In

our baseline scenario, we assume that an agent only knows their own bid. Thus, the state space

YWhent=0, (=€ =1.

351n our baseline model, the minimum and maximum values are 1.47 and 2.1, respectively. Namely, 1:47 = p™" =
minfpN ;pN;pMgand 21 = p™ =maxfp°™;p";pM g8 2[01]

1 The maximum bid b™ is the Nash-Bertrand bid b" , as the monopoly bid b™ is zero. In our baseline model,
the maximum possible bid equals 0.24. Namely, 624 = b™ =maxfb" ;b™ g=maxfb";0g= bN
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sii = (pit 1Pt 1,bt 1) consists of the previous period's prices set by all agents and the bids set by
the agent itself, resulting in 15" 10 elements. Conditional on the state space, each agent makes
its pricing and bidding decisions at time t.

The sellers use the algorithms to set their own prices and bids. Each seller's algorithm indepen-
dently maintains and updates its own Q-matrix over time. We initialize the \time zero" Q-matrix
as follows: for a given agent and state, we calculate the expected period payo for each action,
assuming all other agents uniformly randomize their actions. We then divide this value by 1
so that the Q-matrix is set at the discounted payo that would accrue to player i if opponents

randomized uniformly: p

Qio(s;a) =

a 2an 1 i(@iai)
1 AN 1t

This aligns with the assumption that at rst the choices are purely random. Unless speci ed
otherwise, we set the default parameters to =0:15and =10 °.

We consider convergence achieved if the induced strategy of each agent remains unchanged for
100,000 periods. For each agent and in each periodt, we examine the agent's Q-matrix. For
every possible states, we identify the action that corresponds to the highest Q-matrix payo . This
process induces a policy function for each agent in every periodi (S) = argmax 4 [Qi: (S; @)]. If
this policy function remains constant for each agent over a span of 100,000 periods, or after one
billion periods have elapsed, we stop. Subsequently, we calculate payo s and other relevant metrics
based on these converged Q-matrices by averaging over the last 100,000-period horizon.

We repeat the procedure 1000 times for every set of parameters. In each iteration, we restart
the algorithms from the initialized Q-matrices and reset experimentation levels to those at time
zero. We then run the algorithms until they converge. Finally, we report the average across these

1000 iterations for all statistics we are interested in.

4.1 Equilibrium Prices and Bids with Reinforcement Learning

To assess the impact of sponsored ads on algorithmic prices and how algorithms respond to the
increased valuation of winning the auction when search costs are higher, we use a grid search and
vary in increments of 0.01 from zero to one.

Figure 3 plots the Q-learning equilibrium prices as a function of the fraction of consumers
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focusing only on the rst position, . To compare the Q-learning prices with the competitive price,

we incorporate the prices from the one-shot game previously analyzed into the gure.

Figure 3: Q-learning Prices vs Competition Prices as a Function of Search Costs

This gure shows the Q-learning prices and theoretical prices as a function of. The blue solid line
denote the Q-learning prices from our simulation experiments. The representation of other lines
and the parameter speci cations are the same as in Figure 2.

When = 0 (the y-axis), i.e., every consumer considers the products in all positions, this
corresponds to the case previously considered in the literature. The market-share weighted Q-
learning equilibrium is 1.7, which is higher than the Nash-Bertrand price of approximately 1.47.
This number is consistent with those reported in Calvano et al. (2020), Johnson et al. (2023),
implying that the algorithms learn to set higher than competitive prices when there is no consumer
search cost.

When we increase , for lower values of , Q-learning prices remain above the competitive
prices. However, for higher values of (the case where more consumers face higher search costs
in the market), Q-learning prices can fall below competitive levels. Whether algorithmic prices
fall above or below fully competitive prices depends on the level of search cost heterogeneity in
the market. The higher search costs are, the higher the chances that the algorithms will converge
to lower than competitive prices. This nding is one of the major contributions of our paper. It
is important because it goes counter to the intuition developed by past research. By considering

sponsored ads and consumer search costs we are able to show scenarios where algorithms converge
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to prices lower than competitive prices. Unlike other cases of algorithmic \collusion", in our case
lower prices are bene cial and not harmful to consumers. We will further illustrate the implications
of this result via an analysis of consumer surplus later.

To provide an intuition to this nding, we present the average equilibrium bids in Figure 4. The
bids a ect the cost side of the seller's pro t. At higher values of , the average bids by Q-learning
algorithms are signi cantly lower than those observed in the full competition scenario. This pattern
suggests that the algorithms learn to coordinate on lower bids, thereby softening the competition
in the auction. This bid coordination e ectively reduces the sellers' advertising expenses, and
consequently their overall costs. Such a reduction in costs ultimately leads to lower market prices,

increasing sellers' pro t.1’

Figure 4. Q-learning Results: Bids

This gure shows the Q-learning bids and theoretical bids as a function of . The blue solid line
denotes the Q-learning bids from our simulation experiments. The representation of other lines
and the parameter speci cations are the same as in Figure 2.

Previous research also found that Q-learning algorithms lead to bid coordination, via colluding
on lower bids in either a rst-price auction (Banchio and Skrzypacz 2022) or a generalized-second-
price auction (Rovigatti et al. 2023), or by segmenting the market and bidding on di erent keywords
(Banchio and Mantegazza 2022). These analyses focus on scenarios involving only bidding competi-

tion, with the valuation of winning the auction being exogenously xed. By contrast, in our setting,

17As an aside, algorithmic bids are U-shaped because for low , the sponsored ad costs will be small, while it is
worthwhile to price higher than competitive prices, leading to high bids in the auction. For moderate , advertising
costs increase with , so bids decrease. For high , sponsored links are very valuable, leading to higher bids.
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the valuation of winning the sponsored position is determined by price competition endogenously.
Here, the pricing and bidding form an interesting \interaction": sellers' bids are a ected by the
valuation of winning the sponsored position, valuations are determined by prices, and the prices
are in uenced by the costs (bids). Algorithms have the tendency to increase prices, as this would
increase pro ts. Higher prices would lead to higher bids because the valuation of sponsored position
increases. At the same time, algorithms also have the tendency to lower bids, as this decreases
costs. Lower costs would lead to lower prices, because the marginal cost decreases. Thus, these are
two opposing forces, and the combined e ect can go either way, and depends on consumer search
costs. Our nding is that when the competition for the sponsored position is strong, the tendency of
algorithms to lower advertising costs dominates the tendency to increase prices, ultimately resulting

in lower prices than the competitive level.

4.1.1 Would Multi-Agent Q-learning Always Lead to Lower Prices?

Our previous analysis uncovered that when search costs are high, then competing learning agents
can converge to charging lower than competitive prices. Because our results depended on speci c
simulation values, in this section we generalize this result and prove that we expect lower than
competitive prices for any values of the parameters. Our analysis also allows us to shed more light
about why we expect these results.

To perform the analysis, we consider a theoretical model where the two sellers actively collude
on both prices and bids with complete information. In this scenario, the two sellers maximize their
joint pro ts by jointly setting prices and bids, acting as if they are a single monopolist. The reason
to perform this analysis (although the scenario is both unrealistic and illegal from an anti-trust
perspective) is that it provides an upper bound on the prots of the sellers, and hence we can
predict that the learning agent equilibria will be between the full competitive and the collusive
one. Therefore, if we can prove that for any set of parameter values the collusive prices are lower
than the competitive prices, then we would expect this outcome to also generalize to most cases of
competing RL algorithms.

Following the notation in Section 3.3, the sellers' objective function, and corresponding price
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pM and bid bM are de ned as'®
max m(P;b)= i(p;b)+ j(p;b); sttt pj=piih=h

In this case, the two sellers would agree to set their bids to the minimum,b = Iy ! O.
This strategy minimizes advertising costs while maintaining the same probability of capturing the
demand from consumers who consider only the rst position. Then, the two sellers would decide
on the collusive prices to maximize their aggregate prots given they would both bid as low as
possible. This is also equivalent to the benchmark case where the sellers only collude on prices and
there are no sponsored ads, because they set their bids to zero.

Section A.5 derives the details of the analysis. Comparing the theoretical Nash-Bertrand price
pN with the monopoly price pM, we nd that for low values of , the Nash-Bertrand price is
lower than the monopoly price, i.e.,pN < pM. However, for high values of , the monopoly price
becomes lower than the competitive pricep™ < pN. There exists a unique value of™, such that
pM (D) = pN (7). Figure 5 illustrates these results where we add the collusive outcome to the
previous results. We observe a crossing of the competitive and collusive prices, and we show that

there will always be a value of where a crossing will exist.
Figure 5: Q-learning and Theoretical Collusion

(a) Prices (b) Bids

The sub gure (a) and (b) show the Q-learning vs theoretical prices and bids as a function of ,
respectively. The red solid line denotes the monopoly priceg™ (or bid bM). The representation
of other lines and the parameter speci cations are the same as in Figure 3 or Figure 4.

The analysis also reveals an additional interesting resultjthe monopoly prices decrease with

Bwhere M stands for monopoly.
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. This counterintuitive result is in the opposite direction of the competition prices analyzed in
Section 3.3. The main intuition is that when = 0, every consumer considers both products, and
because of the consumer's idiosyncratic preferences, the monopolist has two chances to compete
with the outside option. However, when =1, the monopolist only has one product to sell (because
every consumer only consider one product from the rst link). In this sense, the outside option
becomes more competitive when = 1, forcing the monopolist to decrease the price and obtain a
lower pro t margin.

This downward sloping impact of for the collusive model helps explain the crossing of the
competitive prices and collusive prices. First, in the limiting case where =1, the monopoly price
pM is equal to the benchmark pricep®N, which is lower than competitive pricesp™ because there
are no ad costs that increase prices. When = 0 however, the collusive prices are higher than the
full competition prices because the ad auctions do not a ect the pricing competition as there is no
ad cost, and competition leads to lower prices in this case. E ectively, we see that search costs
and ad auctions create an interaction where collusive prices do not behave as we would intuitively
expect.

Because the algorithmic prices are expected to be between the theoretical collusive and fully
competitive prices, this analysis shows that we expect to nd a value of for which algorithmic

pricing will lead to prices that are lower than competitive, and this would bene t consumers.

4.2 Impact on Sellers and Consumers

Figure 6 presents the sellers' prot and consumer surplu$® from the Q-learning simulation. We
compute the outcomes in Equations (3) and (5) using the Q-learning equilibrium prices and bids.

The sellers' pro ts (Figure 6(a)) from Q-learning fall below the theoretical collusion scenario, yet
are higher than the levels in full competition. This indicates that the use of learning algorithms can

bene t rms compared to fully competitive strategies, for all values of . Algorithms, whether used

18 Consumer surplus in period t is

P X a p

X
CS p' 1fj 2J1( “Yg log exp +1 +1 ) log exp

+1

1fj231( Yg log 1 s p @ ) log 1 s p' (5)
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for single-dimensional pricing learning or multi-dimensional learning including both pricing and
bidding, facilitate some degree of collusion. While this does not amount to full collusion, collusion
typically advantages sellers, yielding higher pro ts. We also notice that algorithmic pro ts can be
lower than the benchmark case of no ads when is high, because the ad costs outweigh the bene ts
derived from collusion on higher prices.

Consumer surplus decreases with prices. Indeed, Figure 6(b) shows that for high consumer
surplus can be higher when using learning algorithms compared to full competition, because the
Q-learning prices are lower than the full competition prices.

Figure 6: Q-learning Results: Sellers' Prot and Consumer Surplus

(a) Sellers' Prot (b) Consumer Surplus

The left and right gure show the sellers' prot and consumer surplus, respectively. The blue
solid lines denote the Q-learning outcomes from our simulation experiments. The representation
of other lines and the parameter speci cations are the same as in Figure 2.

According to the Folk theorem (Fudenberg and Maskin 1986), if the sellers play the same game
of setting prices and bids in an in nite repeated game, any outcome between cooperative (the
theoretical collusion case in Section 4.1.1) and competitive (the full competition case in Section
3.3) in the one-shot game can be sustained as a subgame-perfect Nash equilibrium (SPE) and when
the sellers are su ciently patient when the discount factor is high enough.

Our theoretical results cannot predict whether the algorithmic prices and pro ts will be closer
to the monopoly or the competition case, and to answer this question we again use simulation
analysis.

We plot the ratios of the di erence between the algorithmic and competitive prices and pro ts,
divided by the di erence between the collusive and competitive prices and pro ts, respectively. That

. Q N Q N .
is, we computer‘)’M ‘;N and ——. Given that

o —p can be rewritten aS So N i P if these
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ratios are smaller than 0.5, it indicates that the algorithmic outcomes are closer to competition;
otherwise, they are closer to collusion.

Figure 7 presents the results. When = 0, the algorithms can achieve roughly 60% of the price
increase from the competitive price to the collusive price, and 80% of the prot increase from the
competitive pro t to the collusive prot. For low values of , we see that the ratios for both price
and pro t are higher than 0.5, implying that the algorithms generate outcomes closer to monopoly
(collusion), which is consistent with previous ndings about algorithmic collusion (Calvano et al.
2020).

However, for high values of , in the range where the algorithms bene t both consumers and
sellers, the algorithms can only achieve prot increases that are roughly between 30% and 40%
of the increase from the competitive prot to the collusive prot. This suggests that when algo-
rithms compete in more than just one dimension of pricing, the algorithmic outcomes are closer to
competition. This is the opposite of cases of = 0, where there are no consumer search costs.

Figure 7: Q-learning Results: Ratio

(a) Price Ratio (b) Sellers' Prot Ratio

The left and right gure show the ratio statistics for prices and sellers' prot, respectively. The
parameter speci cations are the same as in Figure 2.

4.3 Robustness to Assumptions

We also analyze a few extensions and variation of our model in Appendix A.7. We analyze alter-
native characterizations of consumer search costs in Subsection A.7.1, and a scenario where the

sellers have di erentiated products in Appendix A.7.2. Our ndings, that Q-learning can benet
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both consumers and sellers, are robust to these di erent model setups.

Additionally, we investigate a case in Appendix A.7.3 where the state space of the Q-learning
algorithm includes additional bid information. This di ers from our previous assumption that
algorithms make decisions based only on their own bids. The motivation for this analysis is that
the platform might experiment with the auction design and disclose winning bids, or sellers could
subscribe to a third-party market intelligence service to obtain bidding information and make more
informed decisions. The additional information will change the sellers' bids, and we are interested
in how this will a ect the platform's revenue and the sellers' prots. Thus, we aim to provide
guidance to platform managers on how disclosing more or less information about ad auctions can
serve as an e ective information-based tool to increase prots. Additionally, we explore whether
sellers should subscribe to those data services.

We consider the following full stateful scenario, where both agents' bids are observed; that is,
the state space issi = (pit 1;Pt 1;0t 1,8¢ 1). Our results show that the additional information
impacts the platform's revenue and the sellers' pro ts very little. The algorithms converge to almost
the same equilibrium. This suggests that this information-based method might not be an e ective
tool for the platform, and they might want to consider more direct types of incentive-based tools
to strategically respond to sellers who use algorithmic pricing, which we will analyze in detail in

Section 5.

5 Platform's Strategic Response

In our previous discussion, when sellers used algorithms to determine the prices and bids, both
algorithmic prices and bids fell below competitive levels. This would impact the platform'’s revenue
from both commission fees and ad revenue, potentially adversely a ecting the platform's total
pro t.

In the online auction setting, search engines and platforms implement various auction designs to
increase revenue. Strategies include raising auction reserve prices, limiting the number of sponsored
spots, or adjusting auction formats (Decarolis and Rovigatti 2021, Kobayashi and Alcobendas 2023).
However, in our setting, due to interactions with pricing competition and demand, the impact of

sellers using algorithms on platforms' pro ts and the the best direction for the platform's strategic
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response are unclear. Instead, it depends on market parameters and the platform's objectives
(whether the platforms only care about their own single-period payo s or also about consumer
surplus and sellers' pro ts to increase the long-term business growth).

In Sections 5.1 and 5.2, we rst consider the scenario where the platform's objective is to
maximize its own prot, and we investigate two common incentive-based methods typically used
by platforms: adjusting the commission rate (which impacts the commission revenues) or the reserve
price (which impacts the ad auctions revenues). The platform's prot consists of commission fees

and advertising revenue, and the platform's pro t in a single period is

o(pib)= 4(pib)+ S°M(p;b)
X
= Pr(y > B ;) sj(p)  EFjG > b ]

X X
+ P >B) opose)r @) B sip ) (6)

We then consider the scenario where the platform's objective is long-term growth by maximizing a

weighted average of its own prot, sellers' pro t, and consumer surplus in Section 5.3.

5.1 Commission Rate

In our previous discussion, when consumer search costs are high, advertising revenue might be
lower because the sellers submit lower bids. At the same time, since the Q-learning prices are
lower, demand is higher, and thus the platform's revenue from commission fees might be higher
than that in competitive scenarios if the demand-enlarging e ect dominates. Considering these two
e ects together, the total impact of sellers using algorithms on the platform's own prot is less
clear.

Figure 8 presents the results of simulation analysis where the platform adjusts the commission
rate when consumer search costs are high. As shown in Figure 8(a), the platform's prot under
Q-learning can be higher than in the full competition case for high values of the commission rate

. Decomposing the platform's prot, we see that algorithmic pricing can increase the platform's
revenue from commission fees, as illustrated in Figure 8(b). This is because the Q-learning prices

are lower, leading to higher demand and increased commission fees. However, advertising revenues,
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presented in Figure 8(c), generally decrease as the bid coordination e ect becomes more dominant.

Figure 8: Platform Strategic Response: Commission Rate

(a) Platform's Prot (b) Commission Revenue
(c) Ad Revenue (d) Sellers' Prot
(e) Prices (f) Consumer Surplus

The sub gures (a) to (f) show the platform' pro t, commission fee, and ads revenue, sellers' pro t,
market price and consumer surplus as a function of when = 0:8, respectively. The blue solid
line denotes the Q-learning platform pro ts from our simulation experiments. The representation
of other lines and the parameter speci cations are the same as in Figure 2.

As a result, the platform might bene t from sellers using algorithmic pricing, even if its objective
is to maximize its own pro t, thus not requiring any adjustment of commission rates. If its prot

is lower under algorithmic pricing, the direction of the optimal adjustment depends on the market
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parameters, that is, it can be optimal for the platform to either increase or decrease the commission
rate.

When the platform adjusts the commission rate, a higher commission rate will result in higher
prices in the market, lower sellers' prots, and lower consumer surplus, as illustrated in Figures
8(d) to 8(f). However, if the platform increases the commission rate, algorithms will continue to
bene t consumers and sellers at the adjusted commission rate, compared with the full competition
case. This is because the point where the competitive and collusive prices cross with each other
will be at lower under a higher commission rate, and the same consumer search cost will still fall

within the region where algorithms yield bene cial outcomes for both sellers and consumers.

5.2 Ad Auction Reserve Price

To investigate the impact of the platform using the reserve price as a tool to strategically respond
to sellers employing algorithmic pricing, we conduct simulation analyses in which we allow the
platform to gradually increase the reserve price from O.

We assume that if the bids submitted by all sellers are lower than the reserve price, the platform
will need to randomly display one of the products in the top position, and there are no advertising

costs for the sellers. The sellers' pro t function becomes

h i
fpb)= 1B r PB>H) sp (@ )p o | EBjE>H
£ 21 Fer o B<r sp+@ )spip @ )p G

2
(7)

wherer denotes the reserve price set by the platform.

Figure 9 shows the results. Interestingly, the reserve price might not serve as an e ective tool
for the platform to strategically respond to reduced pro t from algorithmic pricing and bidding. As
the platform gradually increases the reserve price from 0, but still below the Q-learning bid level,
the platform's commission, ads, and total revenue vary very little with the reserve price. However,
as the platform raises the reserve price above the Q-learning bid level, there is a large discontinuity
point in the platform's revenue, as illustrated by Figure 9(a). The reason is that the reserve price

shifted the algorithms from the previous equilibrium to coordinate on a new equilibrium. When
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the reserve price is above the Q-learning bid level from the scenario without a reserve price, the
algorithms learn to coordinate on lower bids below the new reserve price, as shown in Figures 9(c)
and 9(d). This coordination further increases the sellers' prots (as shown in Figure 9(e)), since
the sellers are still displayed in the sponsored position without any ad costs if the bids submitted
by all sellers are lower than the reserve price. This cost-saving e ect further increases consumer
surplus, as shown in Figure 9(f). Although it might seem that the algorithms can pro tably deviate
by bidding above the reserve price to win the sponsored positions, the competitor will respond by
bidding above the reserve price as well, which causes lower pro ts for both sellers in the long-run.
Because of the experimentation property of learning algorithms, the algorithms gradually discover
that coordinating on lower bids is more pro table, eventually converging to an equilibrium of lower
bidding.

To summarize, increasing the reserve price might not be an e ective response for the platform,
and sellers and consumers will continue to bene t from algorithmic prices. If the platform does
increase the reserve price above the algorithmic equilibrium bid level, the sellers and consumers

bene t even more.

5.3 Weighted Average of Total Surplus

Given competition between platforms, a platform might also consider consumer surplus and seller
pro ts to encourage entry for long-term business growth. Hence, we consider a scenario where the
platform is maximizing a weighted average of its own pro t, sellers' prot, and consumer surplus,

with weights ! and 1 !, respectively. The platform's objective can be written as follows:
0 1

X
Lop(pb)+ (@ 1) @ (pib)+ CS(p)A
: 0 1
X
=t b+ FOM(pib) +(L 1) @ j(p;b)+ CS(p)A
j
where p(p;b) is the platform's own-prot as de ned in (6), ;(p;b) is sellerj's prot as de ned
in (3), and CS(p) is the consumer surplus as de ned in (5).

When! = % i.e., the platform puts equal weight on its own prot versus the sum of sellers'
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Figure 9: Platform Strategic Response: Reserve Price

(a) Platform's Prot (b) Commission
(c) Ads Revenue (d) Bids
(e) Seller Prot (f) Consumer Surplus

The sub gures (a) - (f) show the platform's pro t, commission fee, ads revenue, bids, sellers' pro t,
and consumer surplus as functions of the reserve price when= 0:8 and = 0:15, respectively.
The blue solid line denotes the Q-learning platform pro ts from our simulation experiments. The
representation of other lines and the parameter speci cations are the same as in Figure 2. The
dashed vertical lines represent the Q-learning bids in the algorithmic pricing scenario.

pro ts and consumer surplus, then its objective is equivalent to maximizing the total surplus.?®

20Note that since the commission fee and advertising costs are transfers between sellers and consumers, they cancel
out when ! = 1. Therefore, the total surplus in this scenario is also equivalent to the duopoly case where there is no
platform, no commission fee, and no advertising costs.
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Figure 10a shows the total surplus as function of when commission rate is 15%, i.e., =0 ;1521
When consumer search costs are high, compared with the full competition case, using learning
algorithms always increase the total surplus. This increase is due to the fact that, compared to the
outside option, products on the platform become cheaper and hence more attractive. Figure 10b
plots the total surplus when the platform adjusts its commission rate, given a high value of .22
Therefore, algorithmic pricing consistently yields a higher total surplus than the full competition

case, even when the platform is adjusting the commission rate.

Figure 10: Platform Strategic Response: Total Surplus

(a) Total Surplus vs (b) Total Surplus vs

The sub gure (a) shows the total surplus as a function of consumer search friction when = 0:15,
and (b) shows the total surplus as a function of the reserve price when = 0:8. The blue solid
line denotes the Q-learning platform pro ts from our simulation experiments. The representation
of other lines and the parameter speci cations are the same as in Figure 2.

Thus, even if the platform's own single-period pro t is lower, considering the sellers' prot and
consumer surplus, the platform will not make any adjustments, and the bene cial outcomes for

sellers and consumers will remain.

21This is the rate for most product categories on Amazon.com
22The minimum value of  where the total surplus is higher than in the competitive case is ~, such that when =0,
pn () = pum (D). The total surpluses TS™ and TSN intersect at the same value of as do the pricesp™ and pM .
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6 Estimation of Search Costs on Amazon.com

Our results about the bene ts of algorithmic pricing and bidding for consumers and sellers depend
on search costs being high enough on the e-commerce platform. In this Section, we collect and
analyze a large-scale dataset from Amazon.com to demonstrate robust evidence of high consumer

search costs.

6.1 Data

We collected data from Amazon.com from April to June 2024. The data includes 1,918 highly
searched keywords across all product categories. Our scraper navigated to Amazon.com, represent-
ing a typical consumer shopping journey without requiring a login. The scraper submitted a query
request by entering a keyword and then navigated to the rst search result page. On the search
results page, the scraper recorded the ranking of each product (both sponsored and organic) within
the rst page. The page usually contains other product information, such as price, whether it is on
sale or has a coupon available, product ratings, the number of reviews, whether it is an Amazon
Prime product, and delivery information. To obtain a representative distribution of the sponsored
product, we repeated the search for each keyword once every three hours, generating more than
15,000 requests per day.

We obtained additional product information from Keepa.com for each product that appears in
the search results. The key information is the daily best sales rank within each product category
reported by Amazon. The best sales rank is generally considered a reliable proxy for quantity of
sales in literature (Chevalier and Goolsbee 2003). We then converted the best seller rank to daily
sales. We also obtained keyword information from one of the biggest E-commerce data intelligence
companiesJungle Scout For each keyword, Jungle Scout provides information about the monthly
search volume, suggested pay-per-click, and related keywords, etc.

Figure 11 and Figure A6 show the ratio of sponsored products for each position on product
search result pages containing 60 and 22 products, respectively. The positions that are most likely
to be sponsored positions in our data are 1-4, 11-14, and 19-22 for a product page with 60 products,
and 1, 2, 7, 12, 17, and 22 for a product page with 22 products. Figure A7 and A8 present the

corresponding heatmaps of the density of sponsored products within a product result page.
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Figure 11: Distribution of Sponsored Product Ads: Page Layout 60

This gure shows the ratios of sponsored products by position for product result pages with 60
products.

6.2 Descriptive Analysis
6.2.1 Comparing Sponsored and Organic Products

To compare the di erences between sponsored and organic products, we plot the average prices,
number of ratings, ratings, and number bought last month for a given position in Figure 12.
Compared with organic products in the same positions, the sponsored products have higher prices,
fewer reviews, and lower ratings, and fewer number bought last month.

This intuitively makes sense, as sponsored product ads are additional costs for sellers, which
would increase their marginal costs and, consequently, the prices in the market. This is also
consistent with our theoretical prediction that sponsored product ads will increase equilibrium
prices compared with the scenario without ads.

Compared with their organic counterparts in the same positions, sponsored products have lower
number of reviews and number of products bought last month, indicating that they are more likely
to be less established products and might be buying ads to gain awareness from consumers.

Finally, the average ratings decrease with position, with sponsored products having lower av-
erage ratings than organic products in the same position. However, ratings might be a noisy

indicator of quality, and sellers might be buying fake reviews (He et al. 2022). Without demand
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