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Abstract

Sponsored search positions are typically allocated through real-time auctions, where
the outcomes depend on advertisers’ quality-adjusted bids—the product of their bids
and quality scores. Although quality scoring helps promote ads with higher conversion
outcomes, setting these scores for new advertisers in any given market is challenging,
leading to the cold-start problem. To address this, platforms incorporate multi-armed
bandit algorithms in auctions to balance exploration and exploitation. However, little is
known about the optimal exploration strategies in such auction environments. We uti-
lize data from a leading Asian mobile app store that places sponsored ads for keywords.
The platform employs a Thompson Sampling algorithm within a second-price auction
to learn quality scores and allocate a single sponsored position for each keyword. We
empirically demonstrate two key ways in which exploration increases platform revenues.
First, we quantify how exploration enhances efficiency by discovering high-quality new
advertisers, a mechanism well-established in standard bandit problems. Second, un-
like standard non-strategic bandit problems, we find that exploration can serve as a
tool to increase market thickness, thereby boosting platform revenues. Based on these
insights, we propose a customized exploration strategy in which the platform adjusts
the level of exploration for each keyword according to specific keyword-level charac-
teristics. We derive the Pareto frontier for revenue and efficiency and offer actionable
policies that highlight substantial gains for the platform on both fronts when using a

customized exploration strategy.
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1 Introduction

The auction problem and the multi-armed bandit (MAB) problem are both fundamental
problems in the fields of economics and computer science. In applied settings, firms often
need to solve problems that combine elements from auctions and bandits. A prime example
is sponsored search. In sponsored-search settings, for each search term, a platform auctions
off advertisement slots to bidders whose ads have different probabilities of conversion (e.g.,
click/installment, etc.). These probabilities are unknown to the platform apriori, rendering
the problem one of multi-armed bandit, in which the platform needs to balance exploration
against exploitation to achieve near optimal performance. At the same time, advertisers have
heterogeneous valuations for each conversion, known to them but unknown to the platform.
The bidding process based on which the object is awarded to the bidder with the highest
score is an auction problem. The score for each bidder in such an auction is calculated
by combining its bid amount with the platform’s most current belief about the bidder’s
conversion probability. This renders the platform’s problem one that combines auction and
bandit features.

Although the auction and bandit literatures are more or less separate, the overlap be-
tween the two is a small but growing body of research (Devanur and Kakade 2009, Babaioff
et al. 2015, Feng et al. 2023). A common feature of all these studies is that they all inves-
tigate the theoretical properties of solutions to the auction-bandit problem. In this paper,
we empirically examine how exploration influences market outcomes, such as revenue and
efficiency. In particular, we quantify the degree to which a platform would benefit from op-
timizing its sponsored search ad allocations using a combined auction-bandit model, relative
to an alternative scenario of optimizing the auction and bandit problems separately. To the
best of our knowledge, this is the first attempt at empirically quantifying the magnitude of
the interactions between the auction and bandit features of an applied problem.

We theoretically characterize a general auction-bandit model, where a seller auctions
uncertain events with probabilities that can be learned sequentially. This framework encom-
passes classical auction design and bandit problems as special cases. We then characterize
how the exploration challenge differs from the standard bandit problem, as rewards (prices)
depend not only on the winning buyer, but also on other players in a competitive market
environment. As an empirical application of the general problem, we analyze large-scale data
from sponsored search auctions run by a leading app store in a major Asian country, where
we observe complete information about all advertisers competing for an impression. The
app store employs a Thompson Sampling algorithm to update advertisers’ quality scores,

integrated with a second-price auction. The level of exploration in ad allocation is high



enough to allow us to estimate advertisers’ conversion rates, while still preserving room for
strategic bidding behavior. This enables us to infer advertisers’ valuations per conversion,
assuming they are utility-maximizing. Together, our setting allows us to identify advertisers’
private valuation for conversion and conversion rates as the mechanism-invariant primitives,
sufficient for evaluation of market outcomes under counterfactual mechanisms.

We focus on a class of Thompson Sampling Second-Price (T'S-SP) auctions that only
differ from the mechanism used in the data in the prior distribution of quality scores and
evaluate market outcome under each. More specifically, we consider the optimal choice of a
prior belief on the conversion rate (“CVR”) of any new bidder, and we study how this optimal
choice is shaped by the auction-bandit problem. To this end, we compare two metrics. First,
we calculate the maximum revenue that the platform can achieve by optimally choosing the
prior within a given range, and the optimal prior that gives rise to this maximum revenue.
This is the “full” problem in which both the auction and the bandit problems play roles in
shaping the optimal choice. Second, we calculate the optimal prior, and the revenue it yields,
under a conversion-rate prior that is optimized for efficiency, i.e., for allocating each object to
the bidder who has valuation times conversion rate. We interpret this second optimization as
one that treats the platform’s problem as essentially an bandit only. Comparisons between
these two measures, hence will shed light on how the auction side of the problem impacts
the bandit strategy.

We find that the interactions between the two sides of the platform’s problem are indeed of
empirical relevance. Specifically, we find that to maximize efficiency, the platform optimally
chooses a prior of 0.002 for entrants’(new ads) conversion rate. This level already captures the
optimal degree of exploration that is necessary for solving an bandit problem. When we solve
for the revenue-maximizing prior, however, the recommended prior is at the substantially
larger level of 0.1. In addition, the ensuing expected revenue is about 20% higher than the
revenue arising from a prior of 0.002. We interpret this empirical comparison as affirmative
of the relevance of the combined auction-bandit problem.

We further study the mechanism by which the auction and bandit problems interact.
In particular, we find that higher priors often help boost revenue by elevating the entrant’s
score to the second place and close to that of the incumbent winner, thereby allowing the
auctioneer to extract additional surplus from the winner. This revenue channel does not
exist in pure bandit problems. We further confirm the empirical relevance of this revenue
channel by decomposing the platform revenue into revenue accrued from auctions where (i)
the entrant wins, (ii) the entrant finishes second, and (iii) the entrant finishes third or lower.
Our results show that the revenue maximizing prior of 0.1 improves upon the profitability of

the efficiency maximizing prior of 0.002 by boosting the revenue in channel (ii) while revenue



from channel (i) falls, though to a lesser degree.

We interpret our empirical finding as follows: a higher conversion rate prior in an auction-
bandit problem helps make the market effectively “thicker” by pushing the second score
closer to the first score. Consistent with this interpretation, we find that in auctions for
keywords where the first and second scores are typically more distant (we term these keywords
“thinner” markets), the revenue difference between the revenue-maximizing and efficiency-
maximizing conversion-rate priors is the highest.

Further, we investigate the role of personalizing the prior policy for each separate keyword
on which auctions are run. We find that personalization in the auction-bandit problem
improves the performance not only by boosting revenue and efficiency individually (which
happens by construction), but also by “easing” the trade-off between the two: targeting helps
to boost revenue for auctions that benefit from higher priors without compromising on the
efficiency in auctions where a high prior for entrant might adversely impact the allocation.

In sum, our analysis empirically demonstrates the importance of considering the auction
aspects of the online advertising when solving for the optimal process by which the platform
learns the conversion rate of bidders in a bandit setting; and we show that seeing the problem
of prior-setting as an auction bandit problem can lead to a substantially higher prior set,
and a substantially higher revenue, relative to treating the problem as a multi-armed-bandit
only. Our analysis, we believe, has implications beyond online advertising. In any setting
where an auctioneer assigns to bidders a form of relevance score that the auctioneer does

not know apriori and needs to learn over time, the auction-bandit problem is present.

2 Related Literature

Our paper relates to the literature on online advertising platforms. Early theoretical studies
in this area have examined the equilibrium properties of different auction formats in spon-
sored search (Edelman et al. 2007, Varian 2007, Lahaie et al. 2007, Lahaie and Pennock 2007).
Empirical research has explored various aspects of advertising auctions, including measuring
market outcomes under different auctions (Yao and Mela 2011, Athey and Nekipelov 2010),
incorporating consumer search behavior (Jeziorski and Segal 2015, Choi and Mela 2019), re-
serve price optimization (Ostrovsky and Schwarz 2023), and dynamic allocation mechanisms
(Rafieian 2020). For a comprehensive overview of this literature, see Choi et al. (2020). Our
study extends this body of work by empirically evaluating different bandit-style exploration
strategies that platforms use to learn quality scores over time.

Our work is also related to the market thickness and revenue-efficiency trade-off literature.

Early studies have highlighted the critical importance of market thickness in determining



market outcomes. To increase market thickness, several methods have been proposed from
a range of perspectives, such as utilizing randomized allocation Celis et al. (2014), adjusting
the exponent on quality scores in standard GSP auctions—a modification motivated by
Lahaie and Pennock (2007), reducing the level of targeting Rafieian and Yoganarasimhan
(2021), and giving extra exposure to new advertisers to reduce churn Ye et al. (2022). We
contributes to this literature by investigating the role of exploration in increasing revenue
through improvements in market thickness.

Finally, our work is closely related to the literature on the interplay between auctions and
bandits. Recent research has made significant theoretical advances in developing algorithms
that improve regret bounds in this context (Babaioff et al. 2009, Devanur and Kakade 2009,
Feng et al. 2023). Our work adds to this literature in two ways. First, rather than focusing on
asymptotic regret bounds, we provide finite-sample empirical estimates of market outcomes
using large-scale data and quantify the benefits of considering the full auction-bandit problem
compared to the bandit problem alone. Second, we extend the analysis of auction-bandit
problems to Thompson Sampling in second-price auctions, providing valuable insights for
practitioners looking to leverage Thompson Sampling algorithms due to their strong real-

world performance (Chapelle and Li 2011).

3 Auction-Meet-Bandit Problem

We consider a general problem where a seller owns a sequence of items (e.g., advertising
slots) and sells an uncertain event that can occur on these items (e.g., a click or conversion).
There is a set of buyers who want to buy these events, and the seller wants to decide how to
allocate items to these buyers. Let ¢t denote the sequence of items and a denote each buyer.
Each buyer a has a private valuation for the uncertain event in item ¢, denoted by v,,, and
an event probability, denoted by pu,, that is fixed for the sequence of items. The seller does
not know v, and p, at the beginning but can learn j, over time as it observes whether the
uncertain event occurs. The seller’s goal is to offer a mechanism M (p,e) with an allocation

rule p and a payment rule e that maximizes its revenue as follows:

p7e

argmaxE ZZMapa(vtyﬂt>ea<vtaﬂt) ) (1)
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a

where v; is the vector of buyers’ private valuations, fi; is the vector of the seller’s beliefs about
the event probabilities, p,(vy, i) is the allocation outcome for buyer a given the valuation
vector v; and belief vector fi;, and e, (vy, fi;) is the payment for buyer a given the valuation

and belief vectors.



We characterize the problem above as the auction-bandit problem because the seller needs
to deal with v; through auction design and learn pu, sequentially based on the observed events
as in the bandits literature. To further illustrate this, we highlight two special cases: (1) if
the u,’s are known to the seller ex-ante, the problem simplifies to a standard auction design
problem and can be solved using methods from the optimal auctions literature (Myerson
1981), and (2) if payments are fixed and equal for all buyers, the problem reduces to the
classical bandits problem, extensively studied in prior work (Lattimore and Szepesvéri 2020).

In the general case, uncertainty about p, necessitates the seller’s exploration of buyers
through the allocation rule. Our goal is to determine the optimal level of exploration in
this setting. In the canonical bandits problem, the optimal exploration strategy is shaped
by two opposing forces: under-exploration may lead to missed opportunities in discovering
high-quality buyers, while over-exploration can result in inefficient allocation to low-quality
buyers. The auction-bandit problem introduces an additional force—since prices are influ-
enced not only by the winning bidder but also by market competition, exploration increases
market thickness, which can translate into higher revenue for the seller through increased
payments. In this paper, we empirically examine the interaction of these three forces in a

sponsored search auction setting.

4 Setting and Data

4.1 Setting

Our data come from a leading Android app store in a large Asian country, which holds over
70% of the market share in the Android app store category. The app store has a total of 100
million users, with more than 40 million active users each month. On the supply side, the
app store hosts nearly one million mobile apps developed by 80000 developers. Like most
app stores, its primary function is to serve as a matchmaker between users and apps. The
main source of revenue for the app store comes from taking a share of transactions between
users and apps facilitated through the platform. In this study, we focus on another key

monetization strategy of the app store: sponsored search advertising.

4.1.1 Sponsored Search Auction

Users frequently search for apps by entering keywords, with nearly 5.5 million search sessions
taking place on an average day. When a user submits a query, the app store’s algorithm
provides a rank-ordered list of organic search results relevant to the query. In addition to

the organic results, the app store offers a single sponsored slot, allowing apps to pay for



greater visibility at the top of the search results. As is typical in search advertising, the app
store uses an auction to allocate the sponsored slot to an app. As such, the app store is the
auctioneer in our setting and mobile apps are advertisers. Throughout the paper, we use
apps and ads interchangeably.

The app store in our study runs a pay-per-install second-price auction, which works as

follows:

1. When a user searches for a keyword, the app store’s server receives a request to allocate
a sponsored position to an app through an auction. The winning app in this auction

will be displayed to the user as a sponsored app at the top of the organic search results.

2. Once the sponsored position for the keyword is identified, the app store sends a request
to apps to submit their bids, indicating how much they are willing to pay for an app
install. We define app a’s bid as b,, which represents the amount they are willing to

pay for an install.

3. The app store assigns each participating app a a quality score q,, which reflects the ex-
pected install probability or conversion rate for that app. The app store then calculates

a quality-adjusted bid by multiplying the bid by the quality score: b,q,.

4. The app with the highest quality-adjusted bid is selected. Without loss of generality,
assume byq; > baqa > -+ > byqu. If the highest quality-adjusted bid, byq;, exceeds
the reservation price, app 1 wins the auction and is shown to the user in the sponsored

position, generating an impression.

5. App 1, the winning app, only pays if the user installs the app through the sponsored
link. In our context, clicking on the sponsored link directly leads to an install or
conversion event. However, the winning app does not pay its own bid but instead pays
the second price, which is the minimum amount required to win the auction. In this

case, app 1 pays bago/qq per install.

Figure 1 provides a simple illustration of this process. In the example presented in this
figure, a user searches for games and the app store displays both sponsored and organic app
listings. The organic list is determined by the app store’s algorithm, which ranks apps based
on their relevance to the search query. There is a single sponsored slot, allocated through
a pay-per-install second-price auction. Here, Apps B, D, and E compete for the sponsored
slot by submitting bids of 2, 6, and 5, respectively. The app store then assigns quality scores
to these apps, representing the probability that a user will install them. Using these scores,

it calculates quality-adjusted bids for each app. The sponsored position is awarded to the
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Figure 1. Sponsored position allocation through the auction used by the app store

highest quality-adjusted bid, provided it exceeds the reservation price. In this case, App E
wins the auction but only pays if the user installs the app. The amount paid is not App
E’s original bid but the minimum bid required to outbid the second-highest quality-adjusted
bid. In this example, App B has the second-highest quality-adjusted bid. If this bid is above
the reservation price, App E’s payment per install will be the smallest amount necessary to
ensure its quality-adjusted bid remains higher than that of App B. If the second-highest bid
is below the reservation price, the payment is calculated based on the amount required to

exceed the reservation price.!

4.1.2 Exploration through Thompson Sampling

Quality scores are essential in ensuring profitable allocation through auctions. In the example
presented in Figure 1, the highest bid does not win the auction because its quality score is
substantially lower than competitors. The advertising platforms often use massive amounts
of data to fine-tune these quality scores. However, a major challenge is that the app store
does not have data on the new apps who want to participate in the auction, leading to a
cold-start problem.

To address the cold-start problem, the app store employs a Thompson Sampling approach
that starts with a prior quality score distribution for the new app participating in the auction
and continuously updates the quality score distribution based on the impressions allocated
to this app in a Bayesian fashion. In particular, the app store in our study uses the Beta
distribution Beta(1,9) to draw the initial quality score from. Suppose app a is new in an
auction. We denote the quality score assigned to this app in time period ¢ by g,;. In the first
period, we have ¢, ~ Beta(a,o =1, Ba0 = 9), which has a mean o, o/(aq0 + Sao) = 0.1. If

'Tf the reservation price is higher than the second-highest quality-adjusted bid, the bid is adjusted to
ensure the winning quality-adjusted bid surpasses the reservation price.
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Figure 2. Posterior mean of quality score over time for one trajectory

the app wins an impression that does not lead to a conversion, the beta parameter in the next
step will increase by one point, i.e., 8,1 = [4,0+1. However, only if this new impression leads
to a conversion, the alpha parameter will be updated. That is, a1 = 0+ 1 if a conversion
event happens and «a,; = a,0. Repeating this process results in continuous updating of the
quality score distribution using the past conversion history.

It is easy to verify that after a large number of impressions being allocated to an app, the
quality score will be almost the same as its historical conversion rate. For example, suppose
that an app has received 10,000 impressions and 200 conversions (historical conversion is
0.02), and the app store uses the prior policy where quality scores are drawn from Beta(a, o =
1, Bap =9) in the first period. After 10,000 impressions, the posterior distribution of quality
score will be Beta(ag 10000 = 1 + 200 = 201, 8,0 = 9 + 10000 — 200 = 9809), whose mean
is 201/(201 4 9809) ~ 0.02. Figure 2 shows the evolution of the posterior mean for one
trajectory of events. As shown in this figure, the posterior mean starts from 0.1, fluctuates
in early periods when one more conversion has a larger impact, and then converges to the

true conversion rate 0.02.

4.2 Data

We have impression-level data from an app store over the span of six months. As discussed
earlier, each impression is a sponsored position for a keyword searched by a user that is
allocated to an app through the auction mechanism described above. A unique feature of

our dataset is that, in addition to observing information about the winning bidder selected for



the impression, we also observe details about the losing bidders. This is different from most

high-frequency auction data sets where we only have information about the winning bidder,

which allows us to conduct more robust counterfactual analysis. In §4.2.1, we describe the

variables we observe for each impression. Next, in §4.2.2, we discuss our sampling strategy.

4.2.1 Variables

For each impression (auction) in our data, we observe the following sets of information:

Timestamp: This presents the exact time of the impression.

Keyword-specific information: This information set includes the information about the
keyword searched by the user and whether it is a brand or non-brand keyword. Consistent
with the definition used in the literature, a brand keyword is a keyword or phrase that
directly references a specific app in the app store.

Bidder-specific information: For each bidder who participates in the auction, we observe
their bid, the quality score drawn from their quality score distribution, and the o and 3
parameters of their quality score distribution.

Reserve price: This is the price set by the app store as the minimum quality-adjusted bid
needed for participating in the auction. This helps discard bidders whose quality-adjusted
bid (product of bid and quality score) is lower than the reserve price.

Winning app: This presents the bidder (app) who wins the auction. This is the bidder
with the highest quality-adjusted bid (if any). There are auctions are that are unallocated
because no bidder’s quality-adjusted bid surpassed the reserve price.

Conversion: This indicates whether the impression of the winning app resulted in an
install or conversion event.

Potential revenue-per-conversion: This is the amount that the winning app would be
charged if a conversion event happens. In the second-price auction run by the app store,
this is the lowest bid the winning app could have submitted to maintain the winning
spot, as illustrated in Figure 1.

Revenue: This information shows the amount of revenue earned by the app store for
the impression. If the conversion event happens, this amount is equal to the potential

revenue-per-conversion. Otherwise, it is equal to zero.

The detailed set of variables observed at the auction level allows us to evaluate counterfactual

policies different from the one implemented in the data in terms of a variety of market

outcomes.
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4.2.2 Sample Construction

To reduce the computational burden of our analysis, we follow the convention in the literature
and employ a sampling strategy (Athey and Nekipelov 2010, Rafieian and Yoganarasimhan
2021). We focus on the first week of our data which contains 38.6 million impressions and
446828 conversion events. We specifically focus on impressions generated by non-brand
keywords.? We focus on the top 1,800 non-brand keywords that account for 70% of the total
non-brand keyword revenue and generate 5.18 million impressions during the first week we
choose as our analysis sample.

An important feature of our data is the extent of exploration in ad allocation through
the Thompson Sampling algorithm that allows us to observe the conversion rates for a wide
range of apps. This feature enables us to estimate the true conversion rates and use them
in our counterfactual analysis. Although we focus on the sample of auctions run in the first
week of our data, we use the entire six months of data to estimate conversion rates to increase

the reliability of our estimates and shrink the confidence bounds around them.

4.3 Summary Statistics

We now present some summary statistics on our data.

4.3.1 Keyword-level Characteristics

We begin by presenting the keyword-level characteristics. As outlined earlier, we focus on
the top 1,800 non-brand keywords. For each keyword, we measure the following variables:
(1) total number of impressions, (2) total number of conversions, (3) conversion rate, (4)
total number of bidders, (5) number of bidders per impression, (6) total number of distinct
ads shown, (7) total number of entrants, (8) total revenue, and (9) revenue per impression.
Table 1 provides a summary of how these keyword-level characteristics are distributed across
the top 1,800 keywords.

As shown in Table 1, we observe substantial heterogeneity across keywords in their key

characteristics.

2There is no specific restriction that prevents us from using the brand keywords. However, those keywords
are naturally thin markets where there is a dominant player. As we will discuss later, market thickness is
an important consideration in our analysis. Focusing on non-brand keywords allows us to share insights
into how market thickness affects the app store’s decision on how much to explore. Non-brand keywords
represent 52% of all impressions generated and 27% of the total revenue.
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Variable Mean SD Min Median Max

Total No. of Impressions 2880 5333 35 1434 99303
Total No. of Conversions 29.1 92.1 1 9 2592
Conversion Rate 0.022 0.048 0.0002  0.0058 0.49
Total No. of Bidders 38.2 7.7 18 37 74
Avg. No. of Bidders per Impression 11.6 7.7 1.1 10.2 40.6
Total No. of Distinct Ads Shown 314 8.2 2 32 69
Total No. of Entrant Bidders 21.6 11.7 3 20 64
Total Revenue 666 1468 8.3 233 29729
Avg. Revenue per Impression 0.93 2.65 0.0014 0.14 38.1

Table 1. Summary Statistics of the Keyword-level Characteristics.

4.3.2 Exploration

We now turn to one of the key ingredients of our study: exploration. As shown in Table 1,
many keywords have a large number of entrants who enter their market at some point. The
app store’s strategy to overcome this cold-start problem is to assign a relatively high prior
mean to the quality score distribution of entrants, so these entrants could win auctions and
the app store could gradually converge to their true quality score. In this section, we show
some evidence on the extent of exploration in our data and the motivation for exploration.

Figure 3 displays the empirical cumulative distribution function for the number of impres-
sions received by entrants during the six-month period following their first bid. To capture
the extent of exploration, we focus on all entrants who began bidding for the first time in the
first week of data. They were then tracked over six months to record the total impressions
allocated. As illustrated, 80% of these entrants amassed at least 100 impressions, and 20%
exceeded 1,000 impressions, indicating a substantial level of exploration directed toward en-
trants. Later in our counterfactual analysis, we want to examine what would happen under
different exploration policies. The extent of exploration in ad allocation allows us to use
reliable estimates for entrants conversion rates.

Next, we turn to a more fundamental question: why does an app store engage in explo-
ration? As highlighted in our theoretical framework, the primary motivation for exploration
is the potential to discover high-quality ads that create value for the app store. To em-
pirically assess this argument, we compare the aggregated conversion rates of entrants and
incumbents for each keyword. A higher conversion rate for entrants relative to incumbents
indicates greater value derived from exploring new entrants. Figure 4 presents the empirical
cumulative distribution function (CDF) of the difference in conversion rates between entrants
and incumbents for each keyword. The differences in average conversion rates highlight the

importance of exploration in the auction mechanism. Specifically, for 12% of keywords, en-
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trants achieve a higher average conversion rate than incumbents. This finding suggests that
while incumbents generally dominate due to their past performance and revenue generation,
entrants can occasionally outperform them in certain contexts. These results underscore
the necessity of continued exploration to identify high-performing entrants and prevent the
auction mechanism from prematurely settling on suboptimal allocations driven solely by

historical performance.
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Figure 4. Empirical CDF of the Difference Between Average Conversion Rates of Entrants
and Incumbents
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4.3.3 Market Thickness

If a market is more competitive, entrants will face greater difficulty in securing impressions.
As such, the choice of exploration policy becomes more sensitive to market thickness. In
auction settings, market thickness can be quantified by the ratio of the second-highest bid
to the highest bid, which reflects the fraction of the top bid that can be extracted as revenue
in standard auction formats, such as second- or first-price auctions (Myerson 1981). In our
study, we define market thickness as the average ratio of the second-highest bidding score to
the highest bidding score for a given keyword. By construction, thickness values lie between

0 and 1, with higher values indicating a more competitive auction environment.
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Figure 5. Histogram of the Market Thickness for Keywords

Figure 5 presents the histogram of market thickness, revealing substantial heterogeneity
in its distribution. The largest concentration in the distribution lies between 0.6 and 0.7,
indicating that, for a significant portion of keywords, the top bidder extracts an informational
rent of approximately 30-40% of their valuation for an impression. We also observe instances
of very thin markets, where the ratio of the second-highest bid to the highest bid is less than
0.1. Conversely, there are reasonably competitive markets with an average ratio close to
0.9. Using this measure of market thickness, we classify markets into three categories: the
top 25% of values are labeled as “thick” markets, the bottom 25% as “thin” markets, and
the interquartile range as “medium” markets—representing markets that are neither too

competitive nor too thin.
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4.3.4 Role of Entrants in Market Outcomes

We now present some statistics highlighting the role of entrants in determining key market
outcomes, such as revenue. In principle, an entrant can impact market revenue in two ways.
First, by taking the top place in the auction, the entrant wins the impression. Second,
by finishing in the second place, the entrant determines the price the winning bidder must
pay. Conversely, if the entrant ends up in the third place or lower, it does not influence the
allocation or pricing of the auction.

To illustrate how entrants impact these allocation and pricing outcomes, Figure 6 shows
the fraction of auctions in which entrants occupy each of the top five places. Although
only the first place leads to an impression (allocation outcome), analyzing all top places
reveals how frequently entrants appear in each rank, emphasizing their potential influence
on pricing. The horizontal axis represents the rank (1 through 5), while the vertical axis
shows the proportion of auctions in which an entrant holds that rank. Notably, entrants
occupy approximately 18% of first places across all auctions, indicating they account for a
substantial share of impressions. Additionally, entrants take around 20% of second places,
which implies that their scores directly determine the auction’s revenue. These findings
demonstrate the significant role entrants play in shaping key market outcomes and highlights

the value of exploration policies for the app store.
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Figure 6. Proportion of Each Place Won by an Entrant

To illustrate how entrants influence keyword revenue, we categorize revenue into three
groups: (1) revenue from impressions won by entrants (Entrant-Win), (2) revenue from im-

pressions where an entrant finishes second and influences pricing (Entrant-Second), and (3)

15



revenue from impressions where incumbents take the top two places, leaving entrants no role
in allocation or pricing (Entrant-None). Figure 7 presents these results. Although the rev-
enue share from entrants winning impressions is relatively small, entrants significantly affect
pricing by finishing at the second place. Notably, the revenue share from entrants in second
place is higher in thinner markets, where the gap between the highest and second-highest
bidding scores is larger. The cross-keyword heterogeneity shown in Figure 7 underscores
that the optimal exploration policy strongly depends on market thickness—a key concept

we explore in our main analysis.
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Figure 7. Revenue Share Based on Market Thickness and the Role of Entrants

5 Empirical Framework

5.1 Problem Definition
5.1.1 Data Structure

We start by defining some notation to characterize the market for sponsored keyword auctions
in our data. In this market, there are advertisers, indexed by a, who compete for impressions
associated with keywords, indexed by k. Let A and K denote the superset of all ads and
keywords, respectively. We index impressions of a keyword k € K with time period ¢ and
define Ay ; as the set of ads competing in the auction, such that A;, C A.

As discussed in §4.1, the allocation and revenue outcomes of the auction are determined
by the product of each ad’s bid and its quality score, where the quality scores are drawn
probabilistically from the quality score distribution. For each ad a competing for impression ¢

of keyword k, let b, 1 denote the submitted bid by the advertiser, which is a function of their
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private valuation for a conversion v, as well as market characteristics. The quality score,
denoted by ¢, k., is drawn from a quality score distribution that is continuously updated to
reflect the advertiser’s true conversion rate. This updating process is because the app store
does not know the quality scores ex-ante and needs to explore and learn them over time. In
our context, the app store uses a Beta distribution for the quality score distribution, given
its nice conjugacy properties that simplify the updating process. Let o, and 3, denote
the alpha and beta parameters of the quality score distribution for ad a in impression ¢ of
keyword k, that is, ¢qr+ ~ Beta(og ks, Bakt)-

With bids and quality scores for all participating ads available, the app store runs a
second-price auction to allocate the impression. The impression is then allocated to the
highest product of the bid and quality score (b, +Gakt) if it is higher than the reservation
score set by the app store. We denote the winning ad that is shown in the impression for
keyword k at time t by Ay, such that Ay, = argmaxae 4, , bak,Gakt- Once the ad is shown
to the user, the user decides whether to install the app, determining the conversion outcome
Yj.+. We follow the potential outcomes framework and define a set of potential outcomes for
all possible ads for all impressions {Y} (@) }aea, where Yy = Y} +(Ag ). Since the conversion
outcome is binary, we associate it with a Bernoulli distribution with parameter p, 4+, such
that Yy :(a) ~ Bern(pg ).

Based on the ad allocation and conversion outcomes realized in each auction, the Bayes’
updating rule for the parameters of the quality score distributions has a simple form as

follows:
(Qastt1s Bagitr1) = (Qagts Bagt) + LAk = a)(Yis, 1 — Vi) (2)

According to this updating rule, if ad a does not win auction ¢ in keyword k (that is, a # Ay+),
there will be no change in the parameters of the quality score distribution. However, if ad a
wins, one unit will be added to either o or 5 depending on the conversion outcome Y} ;.

As discussed in §4.1.2, the motivation for using posterior sampling and updating is to
overcome the cold-start problem, wherein a new ad enters the market for a keyword. In
our setting, the app store sets the alpha and beta parameters of the prior distribution at 1
and 9, respectively. Using Equation (2), it is easy to map the parameters to the historical

performance of ad as follows:

(a/a,k:,ty Ba,k’,t) = (1 + Ca,k,ta 9+ [a,k,t - Ca,k,t)a (3)

where C, .+ and 1, are the total number of conversions and impressions ad a has received

in keyword k£ up until impression ¢, respectively.
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5.1.2 Exploration Policy

One of the main goals of our paper is to evaluate market outcomes under alternative explo-
ration policies. To do so, we first need to formally define an exploration policy. As shown in
Equation (3), for a given trajectory of allocation and conversion events, the only parameters
that control the extent of exploration in the mechanism are the parameters of the prior
quality score distribution. As such, we define the potential set of exploration policies as

follows:

Definition 1. The Thompson Sampling exploration policy is characterized by two
functions o® : Ax K — R and B° : A x K — R that set the initial parameters of the
Beta distribution for an ad a € A that enters the market for keyword k € IC. That is, if

ad a enters the market for keyword k in time period t, then we have ag s = a%(a, k) and
ﬁa,k,t = BO(G’ k)

Currently, in our data, the app store uses a’(a,k) = 1 and $%a, k) = 9 for any ad a
and keyword k. For a fixed policy that does not vary with ads or keywords, the app store
can change the parameters to increase or decrease the extent of exploration. Further, our
definition is flexible and allows for customized exploration based on the ad and keyword.

Importantly, the exploration policy can be embedded within the allocation rule and
payment rule in any auction mechanism, as it only controls the distribution from which
quality scores are drawn. To be consistent with our empirical context, we focus on the second-
price auction used in our setting and describe how the exploration policy is incorporated as

follows:

Definition 2. The Thompson Sampling Second-Price (TS-SP) auction mechanism
M(p,e;a®, 8°) is characterized by allocation rule p, payment rule e, and the Thompson Sam-
pling exploration policy with functions (a°, 3°). This mechanism first draws quality scores
from the quality score distributions of all participating ads and then runs the same allocation
and payment rule as in the second-price auction. We summarize these three steps as follows:
e Quality Score Sampling: The first step is quality score sampling. Let CM e and Iakt
denote the total number of conversions and impressions ad a receives in keyword k up
until impression t under mechanism M. For each ad a € Ay, we draw the quality score

g, as follows:
Q(%g,tNBeta( (CL k)+0 kt?ﬁo(a k)+ a,k,t Cak:t)

o Allocation: Let bakt denote the bid submitted by ad a in auction t of keyword k under

mechanism M. The allocation function takes all bids and quality score draws as inputs
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and determines the winner as the one with the highest product of bid and quality score

draw as follows:

p ({ba,k,ta Qa,k,t}aGAk,t) = arg max ba,k,tQa,k,t
(IEAk,t

e Payment: Let A,]C‘{t denote the ad selected in the allocation stage. The payment by this ad

would be calculated as follows:

M
qu,Hk’t

M M
({bM M } ) . YM maXﬂEAk,t\Aﬁ{t ba7k7tqa,k,t
€ ak,tr Qakt fa€Ayy) = Tht )

where Yk]}f 18 the conversion outcome for the winning ad under mechanism M. In words,
the payment s extracted from the winning ad only if a conversion happens and is equal

to the minimum bid that guarantees winning the auction.

Unlike the standard second-price auction with fixed quality scores, the allocation outcome
of the TS-SP auction is probabilistic. To characterize the allocation probability for each ad
a, we define distribution 7 that depends on the vector of bids and past performance metrics.
Let B%, 1 %, and C’% denote the vector of bids, the total number of impressions, and the
total number of conversions under mechanism M, respectively. We can define the conditional

distribution 7 as follows:
M M ~M. 0 20\ _ M M
W(a | Bk,t7 Ik,t: Ck,ta «Q 7B ) - EngtNBeta(a%t,ﬁg{t) ﬂ(al"garél/%f{ ba,k,tQa,k,t — a) ) (4)
X Pk, .

where Q,]cwt, a%, and 5% are all vectors of quality score draws and parameters of the Beta

distributions for all ads.

5.1.3 Expected Market Outcomes

Our main goal is to evaluate the performance of any TS-SP auction M € M in terms
of the key market outcomes: revenue and efficiency. To do so, we first characterize these
expected outcomes. For any TS-SP auction M (p,e;a?, 3°), we denote the expected revenue

by E[Rev(M )] and characterize it as follows:

E[Rev(M)] = E

T MmaXge 4, \AM szzwk tqzjzwkt
zzw( A% et ®)|. )

M
kek t=1 qAM, ket

where the expectation is taken over the randomness induced by updating the quality score
distribution and the conversion outcome Yk]}f is drawn from a Bernoulli distribution with

parameter fi s ;. It is worth emphasizing that the reason for the superscript M here
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is to emphasize that all those values—including bidding, the ad shown, and the conversion
outcome—could change under the counterfactual TS-SP auction M.

We denote the expected efficiency or total surplus in the market for auction M by
E[Eff(M)] and define it as follows:

Tk
EESE(M)] =E | Y > Yo, | M(p,e;a®, 8%, (6)

k,t?
ke t=1

where v AM, ot is the private valuation for a conversion for the ad winning impression ¢ of
keyword k under mechanism M, which is denoted by A%.

In summary, to evaluate expected market outcomes under a counterfactual mechanism,
we need to reliably simulate a trajectory of bids bfk’t, quality score draws qé‘f[k’t, ad allocation
A% and conversion outcomes Yk]}f . In the next section, we discuss our empirical strategy to

identify all the primitives needed to deliver this counterfactual evaluation.

5.2 Empirical Strategy

In this section, we outline our empirical strategy for estimating key market outcomes. To
evaluate these outcomes, we need to estimate primitives from both the advertiser and con-
sumer sides that enable us to simulate outcomes over a trajectory. We argue that by knowing
each advertiser’s valuation for conversion, v, x, and their conversion rate, fi, k¢, We can sim-
ulate all the elements necessary to estimate expected revenue and efficiency. This is because
advertisers’ private valuations for conversion govern their bidding behavior, allowing us to
simulate how they would bid in a counterfactual auction. Conversion rates, on the other
hand, enable us to simulate Yk]}f , which appears in both expected revenue and efficiency
calculations, and influences the state transitions of the quality score distributions. As such,
our approach consists of two separate empirical tasks: (1) identifying v, and (2) identify-
ing fiq ¢ We provide details on our estimation of advertisers’ valuations in §5.2.1, and our

strategy for estimating conversion rates in §5.2.2.

5.2.1 Estimation of Advertisers’ Valuation for Conversion

In this section, we estimate advertisers’ private valuations for conversions. A standard
assumption in the auction estimation literature is that agents act to maximize their utility,
enabling us to infer their private valuations directly from their bidding behavior (Guerre
et al. 2000, Athey and Haile 2007). The specific version of this assumption that we adopt in

our setting is as follows:

Assumption 1. Bidders choose their bids to mazximize their per-period expected utility.
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We now explain why this assumption is reasonable in our empirical context. An al-
ternative assumption is that advertisers maximize utility over the long term rather than
on a per-period basis. The rationale for long-term utility maximization lies in the sequen-
tial updating of quality scores—an advertiser’s bid in the current period can influence how
these scores evolve, thereby shaping future allocation and payment outcomes. To empiri-
cally test which assumption better aligns with the data, we consider different scenarios. If
an advertiser’s bid does not affect quality score distributions, long-term utility maximiza-
tion simplifies to per-period utility maximization. Thus, in settings where quality scores
remain fixed over time (e.g., markets without new entrants), the distinction between these
two utility-maximization assumptions becomes inconsequential.

However, the analysis becomes more nuanced when entrants enter the market and quality
scores evolve dynamically. In these settings, current bidding behavior can influence the
rate at which quality scores adjust, potentially affecting future auction outcomes. As such,
long-term utility-maximization can lead to incumbents’ bid-shading incentive and entrants’
overbidding incentives. In the main text, we focus on the former and discuss the latter in
Appendix A.

Overestimating entrants’ quality scores can result in situations where the winning incum-
bent ends up paying more than anticipated. In response, incumbents may reduce their bids
temporarily, allowing entrants to win additional impressions. This, in turn, provides the
auctioneer with more data to refine the entrants’ quality scores. Over time, this improved
accuracy in quality assessment is expected to lead to lower future prices for incumbents.
Fortunately, we can empirically test these theoretical claims and determine whether bidders
maximize their utility statically or dynamically. We begin with the incumbents’ bid-shading
incentive. According to this hypothesis, winning incumbents should reduce their bids when
their costs suddenly increase, as a result of an entrant entering the market with a higher

prior mean. To test this, we use data from such events and estimate the following model:

bakn = Bo+ Bibarn1 + B2CPCokn1 + €anns (7)

where Ba,k,h is incumbent a’s average bid in keyword k at hour h, and CPC,j —1 is his
average cost-per-conversion (CPC) in keyword £ in the previous time period h — 1. We
estimate this model and present the results in Column (1) of Table 2. As shown in this
column, the CPC from the previous round does not appear to influence the incumbent’s bid
in the current period. Since the CPC in the prior period may be endogenous, we further
investigate this relationship using an Instrumental Variable (IV) approach. Specifically, we

use the entrant’s quality score mean as the instrument to isolate the effect of the change in
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Table 2. Regression Specifications to Test Static vs. Dynamic Bidding

Dependent variable: Bid (Bmk,h)

(1) OLS (2) 2SLS
Lagged Bid (bakn—1) 0.9952*** 0.9950"**
(0.000) (0.000)
Lagged Cost-per-Conversion (CPCg k.n—1) 0.0012 0.0019
(0.001) (0.013)
R? 0.991 0.991
No. of Obs. 92, 750 92, 750
Note: *p<0.05; **p<0.01; ***p<0.001

CPC due to the entrant’s prior quality score. The results of the 2SLS model are presented
in Column (2) of Table 2, and we find the same conclusion: the increase in CPC resulting
from the entrant’s higher-quality score does not lead to bid-shading behavior by the winning
incumbent. This finding provides empirical evidence that supports our assumption of per-
period utility maximization.

The regression analysis in Table 2 together with the analysis in Appendix A provide
empirical support for Assumption 1. Based on this, we present the following proposition,

which underpins our identification of advertisers’ private valuations:
Proposition 1. Under Assumption 1, advertisers bid truthfully, that is b i = Vakt-

The proof of this proposition relies on two key arguments. First, the bid placed by
an advertiser at time b, does not influence the quality score distributions at that period,
meaning the analysis is equivalent to assuming fixed quality scores. Second, for any given set
of fixed quality scores, it is straightforward to demonstrate that no bidder has an incentive
to deviate from truthful bidding, using the same reasoning as in Vickrey (1961).

For our estimation, we make another simplifying assumption as follows:

Assumption 2. Advertisers’ private valuations for conversion do not change over time, that

18, Vg kt = Vak fOr any advertiser a in any keyword k.

Therefore we adopt a simple estimation strategy that estimates advertisers’ private val-

uation as the average bid they submitted in that keyword as follows:

Bup = Zfﬁl 1(a € Agt)bas
’ STk 1(a € Agy)

(8)

Our identification strategy follows the approach used in prior literature that leverages data

from second-price auctions (Celis et al. 2014). For robustness, one could modify the averaging
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criteria to focus only on impressions where quality score distributions are stable (i.e., low
posterior variance), ensuring that dynamic utility maximization aligns with per-period utility
maximization. Our analysis indicates minimal differences between these two approaches in

estimating advertisers’ private valuations for conversions.

5.2.2 Estimation of Conversion Rates

We now turn to the second empirical task: identifying pi, 5. The presence of exploration in
our data allows us to reliably estimate conversion rates across a broad range of ads. However,

we first introduce some simplifying assumptions:
Assumption 3. Advertisers’ conversion rate remains fized over time, that is, gkt = fak-

This assumption is widely adopted in the multi-armed bandit (MAB) literature and
provides the foundation for incorporating bandit frameworks into auctions to address the
cold-start problem (Feng et al. 2023). We estimate conversion rates using the following

sample analogue estimator:

. S L(a = Agy) Yy
a,k —
Sk L(a = Agy)

(9)

The estimator remains unbiased if impressions allocated to an ad are randomly drawn
from the overall impression distribution. This assumption is reasonable given the poste-
rior sampling-induced randomization in our setting. As a robustness check, one could relax
this assumption and employ an Inverse Propensity Score (IPS) estimator that is shown to be
unbiased (Horvitz and Thompson 1952). We present that alternative approach in Appendix
B.

5.3 Counterfactual Policy Evaluation

As discussed earlier, our primary objective is to assess market outcomes under a counter-
factual T'S-SP auction that utilizes a different prior distribution for entrants. Since the esti-
mated primitives—advertisers’ valuation per conversion (v, ) and conversion rate (fi, 5 )—are
invariant to the auction mechanism, they remain unchanged under a mechanism different
from the one observed in the data.

Algorithm 1 outlines how we use these estimated primitives and the mechanism M as
inputs to evaluate market outcomes, such as expected revenue and efficiency. As detailed in

the algorithm, we exogenously fix the number of impressions per keyword (7)) and maintain

23



the set of ads competing in each impression (Ax;) as observed in the data.? The algorithm
describes the process of quality score sampling, ad allocation based on sampled quality scores
and advertisers’ truthful bidding, conversion simulation, and the calculation of efficiency and
revenue. Truthful bidding follows from the assumption that advertisers maximize their per-
period expected utility. To ensure this assumption holds in our counterfactual analysis, we
restrict our policies to those that are no more exploratory than the one observed in the data.

Let a' denote the index for the reserve price among ads such that a'” € A ;. The app
store defines the reserve price as a combined score RP, so we set Ty xgo ,, = RP. We
further set fig» . = 0 so it reflects the fact that the app store does not receive any efficiency

or revenue from cases where the impression is not allocated.

Algorithm 1 Counterfactual Auction Simulation Algorithm of keyword k
Input: Mechanism M (p,e;a?, 3°), data {{Ak+}e, {log1,Car1ta; Tk} and estimates:
{6a,ka //ja,k}aeA - -

Output: Estimated market outcomes: {Eff;;, Revy;}
[lf:‘,/ll < Ik,t
C,i‘jll — Ck,t
fort =1 to T}, do

for a € A;, do

qfkvt ~ Beta(a®(a, k) + C%c,w B%a, k) + [%ﬁt — Cﬁ;,t)
end
A% 4 argmax,e 4n ﬁ%kq%,t

YI% ~ Bern(ﬁAg{t,k)

—_— ~ M
Effk’t < ,UAQ/,It,kYk’,t

= M
— maxaeAi\/ft\Ath ’UaJ“qa,k,t
> >

Rer’t — M

k.t

qA%t,k,t
for a € A;; do
Logarr < Tops + 1(a = A}
Coptr1 < Copr+ 1(a= A%)Yk%
end
end
Eff), < TL,C ZtTil E/:f\fk,t

Revy «— - > .k Revyy

3For smaller advertisers, we can impose a cap preventing them from receiving more impressions than they
did in the data to account for potential budget constraints and/or inaccuracies in conversion rate estimates.
We verify that this constraint has minimal impact on the estimated market outcomes.
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6 Results

The objective of this section is to examine, qualitatively and quantitatively, how the optimal
exploration policy is impacted by the fact that the problem is not a standard MAB, but a
combined MAB-auction problem.

Our strategy to formally capture the role of auctions involves comparing two metrics:
efficiency and revenue. Our measure of efficiency for a given auction is the sum of the
firm revenue from that auction and the payoffs to all participants. One can show that
maximizing efficiency is equivalent to solving the MAB problem. We skip a formal proof.
For the intuition, observe that our efficiency metric is invariant to the price of the item,
rendering it a function of the allocation only. On the other hand, maximizing the revenue
depends not only on which bidder the item is allocated to, but also how much the bidder
eventually pays. This “full” version of the problem, hence, involves both the auction and the
bandit aspects. As a result, comparing the revenue-optimal exploration policy (i.e., optimal
prior on entrants) against the efficient policy would allow us to isolate the role of the auctions
in our auctions-MAB problem.

We carry out the comparative analysis in two stages. First, we assume the firm has
a uniform prior across each group of thin, thick, and mid-sized auctions. We will then
turn to studying how the comparison between revenue- and efficiency-maximizing policies is

impacted by allowing the firm to customize the prior in a more granular fashion.
6.1 Market Outcomes Under Uniform Priors

6.1.1 Efficiency

Figure 8 shows how efficiency varies as we vary the prior ﬁ on the CVR, by varying 5.
As can be seen from the figure, the efficiency-maximizing prior is 0.2%. To see whether this
policy involves a degree of exploration, observe that the average CVR among entrants in our

dataset is 0.35% and the median is 0.13%
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Figure 8. Efficiency Across Priors

6.1.2 Revenue

Figure 9 shows how revenue varies as we vary the prior. As can be seen from the figure, the
revenue-maximizing prior is 0.1, at the end of the range examined.? This stands in contrast

with the efficiency-maximizing prior.

Revenue

0.95M

0.9M

0.85M

Se-4 le-3 2e-3 Se-3 0.01 0.02 0.05 0.1
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Figure 9. Revenue Across Priors

4As the figure suggests, the revenue is expected to further increase if we set a prior above 0.1. That said,
we exclude priors above 0.1 from our revenue analysis. The reason is that sufficiently high priors impacts
incentives by incumbent bidders who pay prices dictated by high scores given to entrants. Such incumbents
may find it optimal to bid lower and lose a few rounds so that the entrant wins and, subsequently, gets its
score negatively updated. The incumbent will then have the incentive to return to bidding truthfully, after
having lowered the second-highest bid score. Such dynamic incentives impact the accuracy of our predictions,
in which we assume all bidders bid truthfully in every auction. Given that we did not find evidence for such
strategic and forward-looking bidding behavior under the observed prior of 0.1, we find the results in figure
9 convincing. Predicting revenue under higher ranges for the prior, however, would require a more complex
model of bidder behavior.
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The contrast between the priors suggests auction component of the auction-bandit prob-
lem plays an empirically non-trivial role. To the extent that the result of our analysis may
generalize to other online advertising settings, this result is suggestive that the auction-
bandit problem is of general empirical relevance, and that further theoretical and empirical
studies of this problem would be of applied value.

This contrast between the revenue- and efficiency-maximizing priors is indicative that
there is a trade-off between maximizing the two objects. Quantifying this trade-off is a task

that we turn to next.

6.1.3 Revenue-Efficiency Tradeoff

Figure 10 examines possible trade-offs between revenue and efficiency. This figure plots
efficiency against revenue as we vary the prior. As shown by the figure, and as expected from
the previous analysis, there is no trade-off for lower priors. If a prior is below the efficiency-
maximizing level, increasing it improves both the efficiency and the revenue. The trade-off
appears once we reach an efficiency-maximizing level. Past this threshold, an increase in the

prior improves the revenue at the expense of efficiency.

le-03 2e-03
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Efficiency
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3.65M|
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0.9M IM LIM 1.ZM

Revenue

Figure 10. Points Represent Efficiency-Revenue Achieved if Using Different Priors

It is worth examining the empirical magnitude of the revenue-efficiency tradeoff. As
Figure 10 shows, the range of the revenue as we trace a range of priors is wider than that
of the efficiency. Efficiency ranges between 3.6M and 3.8M whereas revenue ranges between
0.8M and 1.2M. The latter range is wider than the former both in absolute terms (0.4M
v.s. 0.2M) and in relative terms (6% v.s. 50%). This, once again, is suggestive that the
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auction component of the auction-bandit problem is of substantial empirical relevance. This
observation motivates a deeper analysis of the mechanisms behind the tradeoff, a task which

we turn to next.

6.1.4 Discussion of the Underlying Mechanisms

Why does a higher prior on entrants’ CVR achieve a higher revenue? And why does it come
at the expense of efficiency?

Figure 11 illustrates part of the answer. The figure presents stacked bar plots of to-
tal revenue under revenue- and efficiency-maximizing priors. Each total-revenue amount is
decomposed into three components: (i) revenue from auctions in which the entrant was allo-
cated the object, (ii) revenue from auctions in which the entrant was not allocated the object
but finished with the second highest score and, hence, influenced the revenue extracted from
the winner, and (iii) auctions in which the entrant ranked 3rd or lower, thereby impacting
neither the allocation of the ad nor the revenue extracted.

A comparison between the efficiency- and revenue-maximizing policies shows that the
latter generates significant revenue by placing the entrant in the second place, thereby im-
pacting the revenue without changing the allocation. This is consistent with the theoretical
observation by Akbarpour and Li (2020) in a different context, that the auctioneer has the
incentive to induce payment rules akin to a first-price auction in a setting where the auction
rule is second-price. The difference relative to the analysis by Akbarpour and Li (2020)
is that they study lack of truthfulness by the auctioneer, whereas in our case the seller
truthfully runs a generalized second-price auction, tuning the entrant prior optimally.

Relatedly, there is a consequence, for the auctioneer, to truthfully amplifying entrant bids
as a means to extract more revenue from the winner. The consequence entails the possibility
that the entrant may indeed win, leading to an increased likelihood for inefficient allocation.
This can be seen in figure 12. Of course such a compromise in efficiency indirectly hurts
the revenue. That said, as long as the revenue effect of the efficiency compromise does not
outweigh the direct revenue boost from the cases where the entrant is placed second, a policy
of increased prior for the entrants may indeed be revenue-optimal, as we find in our empirical
application.

Implications for market thickness. We finish this discussion by noting that the above
mechanism points to a possible role to be played by market thickness. In thinner markets,
there is a higher likelihood that the score for the winner and the rest of the bidders are far
apart. This, in turn, makes it more likely that a boost to the prior on entrants can place them
second and extract a higher revenue from the winner, without posing as pronounced a risk of

damaging the efficiency of the allocation. Figure 13 confirms this expectation. We partition
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Figure 11. Decomposition of Total Revenue in Revenue-Maximizing and Efficiency-
Maximizing TS-SP Auctions

the dataset into thin, mid-size, and thick markets; and we replicate the revenue-components
analysis in figure 13 for each of these partitions. As the figure shows, the revenue boost from

changing the prior is indeed the highest in thinner markets, confirming our expectation.

6.2 Customized Exploration

Our analysis of market thickness in the previous section suggests that the distinction between
the auction-bandit problem and the standard bandit problem may be more pronounced
depending on the features of the auction (such as thickness). Thus, it would be worth
studying how further personalization (beyond thickness) may impact the performance of the
solution on the fronts of efficiency and revenue as well as the tradeoff between them.

To this end, we build on our analysis of pareto frontiers in the revenue-efficiency space.
More specifically, for each of our three marekt-thickness categories, we plot the frontier
emerging from uniform policies alongside the frontier arising from full customization. The
former frontier can be traced by varying « in the prior and obtaining a revenue-efficiency
pair for each level of o examined. The latter frontier is more nuanced. For each keyword, we
form a convex combination of revenue and efficiency 7 x r(«) 4+ (1 —7) x e(«). For each value
of 7, we choose a such that the convex combination using weights 7 and 1 — 7 is maximized.
We record the resultant r» and e as one point on the frontier curve. We complete the curve

by tracing a range of weights 7 from 0 to 1.

29



100% Inefficient Allocation
Efficient Allocation

20% 32%
80%

60%

40%

Allocation Share (%)

20%

0%
0.002 0.1

Prior

Figure 12. Proportion of Auctions with Ex-Post Efficient Allocation in Revenue-Maximizing
and Efficiency-Maximizing TS-SP Auctions

The three panels of figure 14 present the results. There are three lessons worth describing
from these graphs. First, customization can deliver pareto improvement in the efficiency-
revenue at any thickness level and upon any uniform prior. This is perhaps not surprising;
but it is interesting to observe that non-trivial gains can be made even for thick markets. As
panel (c) of the figure shows, customization can deliver, roughly, a 5% revenue increase upon
the revenue-maximizing uniform prior. Note that this improvement in revenue cannot be
entirely attributed to the advantage of the customized solution in matching keyword-specific
priors on the CVR (i.e., the advantage of the customized solving the MAB problem). To see
why, note that the most efficient point on the customized pareto curve delivers an about 5%
lower revenue relative to the revenue-maximizing uniform prior. As a result, the distinction
between the auction-MAB problem and the pure MAB problem is relevant even in the case
of thick markets.

The second lesson is that the customized pareto curves in all three thickness groups are
visibly more concave relative to the uniform pareto curves. We interpret this to mean that
customization “eases” the tension between the auction component and the bandit component
of the auction-bandit problem. In other words, customization allows to increase the prior
only for auctions where such increase helps with revenue, and to keep the prior selection
focused on efficiency in other cases. To visually see this ease of tension and its relation to
concavity, observe that on the customized parato curve, it is easier to pick a point (i.e., a

“prior policy”) that achieves a revenue approximating that curve’s maximum revenue and,
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Figure 13. Decomposition of Total Revenue in Revenue-Maximizing and Efficiency-
Maximizing TS-SP Auctions Across Thin, Medium, and Thick Markets

at the same time, an efficiency level approximating the curve’s maximum efficiency.

Relatedly, our third lesson is that, in the case of all thickness groups, the customized
pareto curve seems to have an almost vertical part. That is, there is a non-trivial degree of
revenue improvement that can be achieved at a negligible cost to efficiency. We expect that
this happens because there are auctions with strong incumbents with substantially larger
“true” scores than all other participants, including entrants. In such auctions, revenue can
be improved with little efficiency cost. We suspect that as one goes from the bottom to the
top of the almost-vertical part of each pareto curve, the optimal policy is changing course
only for these specific types of auctions. This hypothesis is consistent with the observation
that the pareto frontier for thin markets (which by definition have strong incumbents) seems
to be more pronounced than that in the other two frontiers: for those auctions, revenue can
be almost tripled at an efficiency cost of less than 1%.

In sum, our analysis recommends customization. It does so not only because customiza-
tion (by construction) helps improve on revenue and efficiency individually, but also because
it helps ease the trade-off between the two. Customization especially helps mitigate the

trade-off under thinner markets.

7 Conclusion

This paper examined the interactions between the multi-armed-bandit (MAB) problem and

the auction problem. Applied to a context of online advertisements on a platform based

31



Thin Market Medium Market Thick Market

1.12M —=— Customized Prior

410k == Uniform Prior
le-03
11M
Ze-
-03

235M

234M

233M 2e-03

400k

232M 1L.08M
390k
231M
1.06M

23M 380k

Efficiency

1.04M
2.25M
370k
2.28M 1.02M

360k
227

™
2.26M ’ o O

100k 200k 300k 400k 400k 450k 300k 270k 280k 290k 300k 310k

Revenue Revenue Revenue

Figure 14. Pareto Curve for Customized and Uniform Priors Across Thickness Groups

in Asia, our framework provides the first empirical analysis of the combined auction-MAB
problem. We find that the platform’s revenue-optimal exploration strategy in this problem
is substantially larger than the exploration level if only the MAB aspect of the problem were
considered. We further investigate the mechanism behind this additional exploration. We
find that the additional exploration (i.e., assigning a higher prior to the “conversion rate”
of an entrant bidder) boosts revenue by increasing the “effective market thickness,” through
elevating the overall score of the entrant bidder and placing it below the winning incumbent
by a small margin.

Our analysis suggests that the auction-MAB problem is empirically relevant, thereby

providing further motivation for future research in the area, both theoretical and empirical.
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A Examining Entrants’ Overbidding Incentives

In this section, we discuss entrants’ overbidding incentives, which can be justified under
long-term utility maximization by bidders. High-quality entrants may bid above their true
valuation in the early stages, especially if their prior quality score underestimates their actual
conversion rate, in order to accelerate the revelation of their true quality. This strategy helps
them win impressions, which leads to the auctioneer learning their true quality scores. As a
result, they can lower their bid in later periods and extract higher total utility compared to
a scenario in which they only maximize per-period utility.

We empirically examine the overbidding incentives of entrants, which suggest that an
entrant with a quality score higher than the prior mean may have an incentive to overbid
in order to allow the auctioneer to learn its true quality score. To test this empirically, we
first identify the entrants in our data whose quality scores exceed the prior mean. We then

estimate the following regressions:

Ba,k,h =« + 0 - Houry, + Tak + 6:17;97;1 (10)
bajh = O+ Qugh + Tag + Eg,kﬁ (11)

where Houry ), is the numerical variable for the hour that measures the time trend, and
Qak.n 1S the average quality score draw for ad a in keyword k at hour h. If high-quality
entrants’ overbidding is indeed a deliberate strategy, we would expect these entrants to
place higher bids in the early periods and subsequently lower their bids over time (indicated
by a negative ¢) or when assigned lower prior quality scores (indicated by a negative 7). We
present the estimates for these regressions in Columns (1) and (2) of Table 3. As shown
in these columns, the coefficients are not statistically significant, which provides support
for the per-period utility maximization assumption over the long-term utility maximization

hypothesis.

B Inverse Propensity Score Estimator for Conversion Rates

In §5.2.2, we presented a sample analogue estimator for conversion rates and discussed that
the estimator would be unbiased if impressions allocated to an ad are randomly drawn from
the overall impression distribution. In this section, we relax this assumption and employ an

Inverse Propensity Score (IPS) estimator:

~IPS __ 1 Z ]1(a = Ak,t)Yk,t (12)
%(G | Bk,ta Ik,tv Ck,t; 0407 50) 7

t=1
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Table 3. Regression Specifications to Test Static vs. Dynamic Bidding Based on Entrants’
Overbidding Incentives

Dependent variable: Bid (b 1)

(1) OLS (2) OLS
Hour —2.2934
(2.340)
Mean Quality Score —670.7890
(1921.237)
Keyword-Ad FE v v
R? 0.905 0.905
No. of Obs. 12, 641 12,641
Note: *p<0.05; **p<0.01; ***p<0.001

where T(a | By, Irys, Crs; %, %) represents the estimated propensity score for ad a to be
shown in impression ¢ of keyword k. We confirm that both approaches yield highly similar
estimates, reinforcing the validity of our assumption that impressions allocated to each ad

approximate a random selection of impressions.
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