
Implications of LLM Integration in Advertising ∗

Eduardo M. Azevedo† Alessandro Sellitto‡ Pinar Yildirim§

This version: October 23, 2026

Abstract

We examine how richer query information changes the revenue economics of search advertising.
We model the move from keyword search to conversational search as a refinement of the platform’s
information about query-level click-through rates and ask how this refinement affects expected revenue
under different selling rules. We find that, under a fixed weighted second-price auction, finer information
weakly improves matching but has an ambiguous effect on revenue. This is because more precise queries
can thin out competition within realized auctions. When the platform can adapt the mechanism to
the information it observes, finer information weakly raises expected revenue. With constant demand
elasticities, the revenue-maximizing auction is a weighted second-price auction with tuned weights and
reserves, an auction format major platforms use. Conversational search also raises questions regarding
the optimal timing of ads in a conversation. We argue that a platform may prefer to wait before
showing an ad, because later turns can reveal more about what the user wants, although the user may
leave before then.
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1 Introduction

Whether large language models (LLMs) should be monetized through advertising has become a prominent
debate with growing commercial significance. In early 2026, OpenAI reported more than 900 million
weekly active users for ChatGPT, yet only about six percent were estimated to hold a paid subscription
(Malik, 2026; Kafka, 2026). The company subsequently began testing personalized advertising and
projected advertising revenues of $2.5 billion for the year 2026, rising to approximately $100 billion by
2030 (OpenAI, 2026d; Fried, 2026; Reuters, 2026). ChatGPT Ads had reached a reported annualized
revenue run rate of $1 billion by August 2026, indicating a rapid development of this new monetization
channel (OpenAI, 2026a). Other firms adopted different approaches. Anthropic has publicly committed
to keeping Claude ad-free, arguing that advertising in conversational AI could undermine user trust. The
company reiterated its position through a Super Bowl campaign with the tagline “Ads are coming to AI.
But not to Claude” (Anthropic, 2026a; Griffiths, 2026; Preston, 2026). Alphabet has developed advertising
formats for AI-powered search, integrating ads into search output that incorporates AI-generated answers
(Google, 2026a; Nolan, 2026).

One prominent concern is that conversational, answer-first interfaces may disrupt established search
advertising models. Advertising executives have questioned what these interfaces mean for a model in
which users navigate a series of links to assess which products best fit their needs. Frederick Vallaeys, a
former Google advertising executive, stated that “for the first time in 20 years, I actually believe that
keywords are dead” (Barnett and Hiebert, 2025). Google users who saw an AI summary clicked on a
traditional search result in 8% of visits, compared with 15% when no summary appeared (Chapekis and
Lieb, 2025). Financial press coverage has likewise emphasized the “sharp fall in web traffic” associated
with AI summaries and the potential threat these interfaces pose to the advertising model of the open
web (Thomas, 2025; Bradshaw et al., 2025).

In this paper we focus on a single yet consequential margin along which conversational search
environments differ from traditional keyword-search environments: consumers provide substantially richer
information in their queries. Consider, for instance, a consumer searching for car insurance. Under the
keyword regime, the consumer communicates intent through a short textual cue such as “car insurance,”
and is shown ads from advertisers who bid on those keywords in a sponsored-search auction (Edelman
et al., 2007; Varian, 2007). Conversational search interfaces, in contrast, elicit more granular information
regarding the intent of the consumer. Queries from the public LMSYS-Chat corpus include insurance-
related requests about finding “an agreed value policy” for “my ’85 Ford Mustang that I use at high
performance driving events, but also drive on the street,” or asking under what conditions a totaled
vehicle covered by “GAP insurance” would have its loan paid off.1 These detailed queries, together with
consumers’ earlier queries, allow for a finer partition of consumer segments and more precise consumer
targeting than advertisers can obtain from keyword queries alone.

1LMSYS-Chat-1M is a public, license-gated dataset released by the Large Model Systems Organization. The corpus
contains one million user conversations with 25 large language models, collected from the Vicuna demo and Chatbot Arena
between April and August 2023. The dataset was gathered from approximately 210, 000 unique IP addresses and includes
conversation text, the model identifier, detected language, and moderation labels. The dataset is publicly available through
the Hugging Face repository (Zheng et al., 2024; LMSYS Organization, 2023).
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We develop a model of a platform that can display at most one advertisement for each query, with
advertisers’ private values per click converted into query-specific values per impression through click-
through rates, and derive results under two informational regimes. In the low-information regime, closely
resembling the keyword era, consumers present the platform with a short textual query with limited
information about the object of search. In the high-information regime, corresponding to LLM-based or
conversational search, the platform observes finer partitions of the low-information query and conducts a
separate auction for each. We consider two auction regimes. In the fixed auction regime, the platform
is limited to a weighted second-price auction, with weights equal to click-through rates and a common
reserve, as in Edelman et al. (2007) and Varian (2007). In the flexible auction regime, the platform
can select an arbitrary mechanism for each query, as in Myerson (1981). The ability to adjust auction
parameters allows the platform to use richer query information in determining ad allocation and prices.

We discuss three key findings. First, we show that the revenue effect of richer query information
depends on the auction regime. With a fixed auction, more information can reduce competition, because a
refined query can have one obvious best advertiser, so revenue may rise or fall (Levin and Milgrom, 2010).
In a flexible auction, when the platform can adapt the mechanism to each query, more precise information
weakly raises expected revenue. The intuition follows the characterization of the revenue-maximizing
auction in Myerson (1981), and the result is closely related to Fu et al. (2012). Our contribution is to
apply it to the move from keyword to conversational search. More detailed query information enters
through query-specific click-through rates, which determine how much an impression is worth to each
advertiser. A richer query can therefore change both the advertiser who is the best match to a query and
the price the platform can charge for an impression.

Second, we show that when advertisers’ demand elasticities are constant, the optimal auction can be
implemented as a weighted second-price auction with data-tuned weights and reserves, a format that most
sponsored-search platforms use. Sponsored-search platforms use quality scores, predicted click-through
rates, bid adjustments, and reserve prices to determine which ads are shown and how much advertisers pay.
Google provides an example of how the parameters can be adjusted in practice. Although Google uses a
generalized second-price auction, its pricing rules are not fixed as in the early sponsored-search models.
Documents disclosed in U.S. and Plaintiff States v. Google LLC describe several pricing adjustments,
including format pricing, squashing, and reserves (U.S. Department of Justice, 2023, trial exhibit UPX0509;
see Section 5), through which the platform can change how advertisers are ranked and how much they
pay for different queries.

Third, we extend the analysis to the timing of ads within a conversation. If the platform can display
only one ad, it may prefer to wait for additional messages rather than advertise immediately. Later
messages may provide more information about the user’s needs and increase the revenue from the auction.
However, waiting also carries the risk that the user leaves before an ad is shown. Under a flexible auction,
more detailed information can make waiting profitable, particularly when the user is likely to continue the
conversation. Under a fixed weighted second-price auction, information itself can favor showing the ad
early. A more specific turn may leave one advertiser as the clear best match, which reduces competition
and lowers the price, so the platform may advertise before the user’s intent is clear even when no user
would leave.
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Our paper contributes first to the industry debate over advertising in conversational search. Much
of this debate centers on the possibility that conversational, answer-first interfaces reduce clicks and
thereby may harm search advertising. We argue a countervailing force may mitigate these concerns. While
conversational interfaces can reduce the “list-of-links” browsing margin, they also give platforms richer
information about the commercial intent and preferences of consumers. When refined information can be
fed into a flexible auction, search platforms can sustain and may even grow advertising revenues.

Second, we contribute to the literature on information in auctions. Our study relates to Eső and Szentes
(2007), who show that when the seller can choose both what information to disclose and how to sell the
object, full disclosure can be revenue-maximizing and implementable through a handicap auction. Existing
work also shows that finer information can improve allocation while leaving seller revenue ambiguous
under fixed auction formats (Board, 2009; Ganuza and Penalva, 2010; Hummel and McAfee, 2016; Levin
and Milgrom, 2010). Our contribution is to show how this distinction operates in sponsored search when
richer queries refine click-through-rate estimates. Under a fixed weighted second-price auction, refining
the query can thin competition and may raise or lower revenue. Larsen and Proserpio (2026) document a
pattern consistent with this mechanism around Google’s BERT rollout. Better query understanding lowers
cost per click on long, context-rich queries and raises it on short ones. The cost decline on long queries is
consistent with consumer segmentation thinning ad competition, so that fewer advertisers end up being a
close match for each query. Under a flexible query-level mechanism, expected revenue is the expected
virtual surplus from the Myerson auction; because virtual surplus is convex in the click-through-rate
vector, the refinement weakly raises revenue (Myerson, 1981; Fu et al., 2012; Arefeva and Meng, 2021). So,
the value of conversational query data depends on the auction regime. Richer prompts are most valuable
when a platform can adjust its reserves, weights, and other auction parameters at the query level.

Third, we contribute to the literature on sponsored-search and position auctions (Edelman et al., 2007;
Varian, 2007; Lahaie and Pennock, 2007; Athey and Ellison, 2011). A growing literature studies how
auction design changes when advertising is mediated by LLMs and generated content (Feizi et al., 2023;
Dubey et al., 2024; Hajiaghayi et al., 2024; Soumalias et al., 2024; Balseiro et al., 2025; Zhao et al., 2025;
Bhawalkar et al., 2025). These papers show that conversational and generative interfaces create retrieved
ads, sponsored questions, and advertiser influence over generated text. We focus on conversational search
improving platform information about match values before the advertising opportunity is sold. Related
work examines the timing of advertising within conversations. Banchio et al. (2024) study how first-price
and second-price auctions generate different incentives for when to run an auction. More closely related
to our dynamic setting, Alaei et al. (2026) study optimal advertising timing when the platform gradually
learns about user preferences while facing the risk of user departure, and develop approximately optimal
incentive-compatible mechanisms. Our analysis is complementary to both papers. Rather than focusing
on the design of a dynamic mechanism, we examine how the value of waiting depends on the auction
regime. In particular, as later turns reveal more precise information about query-level click-through rates,
expected auction revenue can increase or decrease under a fixed weighted second-price auction, whereas it
weakly increases under a flexible mechanism.

Finally, we contribute to research on online advertising. Studies have examined how targeting affects
advertising effectiveness (Goldfarb and Tucker, 2011) and advertising prices across media (Bergemann
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and Bonatti, 2011). Others examine concentration and buyer power in online advertising (Decarolis
and Rovigatti, 2021) and bidding strategies in repeated auctions (Balseiro and Gur, 2019). We study
how conversational search provides platforms with more detailed information about users and how this
information affects ad allocation and auction revenue. Our results also have implications for privacy. If
platforms can increase revenue by adjusting their auctions to richer query information, they have stronger
incentives to collect, retain, and use detailed information about users.

The rest of the paper proceeds as follows. Section 2 sets out the model, and Section 3 presents the main
results. Section 4 extends the analysis to the timing of advertisements within conversations. Section 5
discusses implications, and Section 6 concludes.

2 Model

We develop a simple model to deliver our key discussion points. There is a platform, such as a search
engine or conversational assistant, a finite set of advertisers i = 1, . . . , I, and a finite set of granular query
types j = 1, . . . , J . Query type j occurs with probability mj , with

∑J
j=1mj = 1.

Advertiser i has a private value per click ui, drawn from distribution Fi with density fi. We assume
values are independently drawn across advertisers, and that the distributions are common knowledge.
We interpret ui as the expected return generated by a click on advertiser i’s ad. For example, a car
insurer that converts ad clicks into expensive, long-term policies may value a click more than one selling
minimum-coverage policies.

The click-through rate (CTR) of advertiser i on query j is denoted by αij ∈ [0, 1] and is commonly
known.2 The value per impression of showing advertiser i’s ad on query j is

vij := αijui.

The platform can display at most one advertisement in response to a query and incurs a display cost c > 0
whenever it displays an ad. We vary the environment along two dimensions: the information available to
the platform about the query and the flexibility of the auction format.

Definition 1 (Information Regimes).

1. In the Low-Information Regime, the platform observes only an aggregate query j = 0 (such as
“car insurance”). The platform runs a single auction.

2. In the High-Information Regime, the platform observes a granular query j ∈ {1, . . . , J} (such as
“cheap car insurance in New York,” “comprehensive car insurance,” . . . ). The platform runs one
auction per query.

Query j occurs with probability mj and aggregate CTRs are equal: αi0 =
∑J

j=1mjαij .

Definition 2 (Auction Flexibility Regimes).
2We treat the CTRs as common knowledge to keep the focus of the analysis on the effects of the information held by the

platform.
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1. In the fixed auction regime, the platform runs a weighted second-price auction3 for all queries,
with weights equal to the click-through rates and the same reserve price (Edelman et al., 2007).

2. In the flexible auction regime, the platform can select a mechanism for each query (Myerson,
1981).

In the fixed auction regime, bidders use the dominant-strategy equilibrium bid bi = ui. In the flexible
auction regime, the mechanism must be Bayesian incentive compatible and individually rational.

Moving from the low-information regime to the high-information regime does not change advertisers’
values, the distribution of users, or the set of ads that can be shown. It allows the platform to condition
the auction on a more precise description of the query. Auction flexibility describes what the platform can
do with this additional information. Under fixed auctions, the platform uses the same auction format
after information improves. Under flexible auctions, the platform can redesign the mechanism for each
query type. The distinction is important because better matching information (i) can improve allocation
by sending impressions to advertisers with higher match values and (ii) can change the intensity of
competition within each auction. The analysis we provide disentangles these forces.

3 Analysis

In this section, we provide an analysis and a comparison of the two auction regimes. We define revenue as
the platform’s expected revenue net of display costs, which the platform maximizes. We define welfare as
the value of allocated ads minus display costs.

We first consider the fixed auction regime, in which the platform uses a weighted second-price auction
whose weights equal the click-through rates and whose reserve does not change with the information
available. We show that more detailed query information weakly increases welfare, while its effect on
revenue can go in either direction. Better information allows the platform to match ads more accurately
to users and can reduce competition when one advertiser becomes the clear winner.

We then consider the flexible auction regime, in which the platform can choose the revenue-maximizing
mechanism for each query. In this case, more detailed information weakly increases expected revenue,
consistent with the findings of Fu et al. (2012). We also show that, under constant elasticity, the optimal
mechanism can be implemented as a weighted second-price auction with appropriately chosen weights and
reserves (Proposition 4). Section 4 extends the analysis to the platform’s decision of when to show an ad
during a conversation.

3.1 Fixed Auction Regime

The first standard result is that finer information always increases efficiency if the reserve price is c. The
intuition is that, with better information, ads can be targeted more efficiently to relevant queries.

3See Definition 3 in Appendix A.
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Proposition 1 (With Fixed Auctions, More Information Weakly Increases Efficiency). In the fixed
auction regime with reserve price c, efficiency is weakly higher in the High-Information Regime than in
the Low-Information Regime.

Proof. Efficiency from query j is

E [max{0, u1α1j − c, . . . , uIαIj − c}] .

This is the maximum of affine functions, and thus convex in the vector (αij)I
i=1. Jensen’s inequality

implies that average efficiency across the granular queries j = 1, . . . , J is weakly higher than efficiency
from the aggregate query j = 0.

Proposition 1 isolates the allocation effect of better query information. It indicates that finer query
information improves the matching of ads to users. In the low-information regime, with an aggregate
query such as “car insurance,” the platform evaluates each advertiser by its average click-through rate
across all users who type that query. In the high-information regime, if the platform can tell users who
want cheap coverage from users who want comprehensive coverage, it can show each group the advertiser
they are most likely to click on. Finer information therefore never makes the allocation worse, because
the platform could always ignore it and allocate as in the low-information regime.

We next ask whether richer information also raises the platform’s revenue. On the one hand, better
information increases the ability to target ads. On the other hand, it thins out competition since better
predictions of click-through rates may lead to auctions with an obvious winner, and thus reduce the
second-highest bid.4

Proposition 2 (With Fixed Auctions, More Information Can Increase or Decrease Revenue). In the fixed
auction regime,

1. If I = 2 and there is no reserve price, expected revenue is weakly lower in the High-Information
Regime.

2. If I > 2, the effect of the information regime on expected revenue is ambiguous.

Proof. For I = 2 and no reserve price, revenue is

E [min(u1α1j , u2α2j)] − c.

The function min(u1α1j , u2α2j) is concave in (α1j , α2j), since it is the pointwise minimum of linear
functions. Jensen’s inequality therefore implies that segmentation weakly lowers expected revenue.

For I > 2, the effect is ambiguous. This is proven by example in Appendix A.
4The result that revenue always decreases with two bidders is essentially a special case of Board (2009), Proposition 1.

Board (2009) does not consider a weighted auction, but the same logic applies.
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3.2 Flexible Auction Regime

In the flexible auction regime, finer information weakly increases platform revenue. Throughout this
subsection, we assume that each Fi is regular: advertiser i’s virtual value per click,

ψ̃i(ui) := ui − 1 − Fi(ui)
fi(ui)

,

is strictly increasing in ui. To show the result, we first characterize the optimal auction.

Lemma 1 (Optimal Auction; Myerson (1981)). Suppose that each Fi is regular. Then the following
dominant-strategy incentive-compatible auction maximizes expected revenue from query j:

1. Bidders announce their value per click ui.

2. The platform computes the effective bids

αij

(
1 − 1

ϵi(ui)

)
ui,

where the price-per-click elasticity of demand is

ϵi(ui) = uifi(ui)
1 − Fi(ui)

.

3. The winner is the bidder with the highest effective bid, provided that this bid exceeds the display cost
c. Otherwise, the impression is not allocated.

4. The winner pays the minimum per-click bid necessary to win. Let T−i be the threshold effective bid,
defined as the maximum of the display cost c and the second-highest effective bid. The winning bidder
i pays a price per click u∗

i that solves:

αij

(
1 − 1

ϵi(u∗
i )

)
u∗

i = T−i.

The proof is in Appendix A. The lemma is the Myerson (1981) optimal auction applied to value per
impression rather than value per click. The only difference from the standard single-object auction is that
advertiser i’s value for the impression is scaled by the query-specific click-through rate αij . The platform
therefore ranks advertisers by virtual value per impression, not by value per click.

Proposition 3 (More Information Increases Revenue). In the flexible auction regime, expected revenue is
weakly higher in the High-Information Regime than in the Low-Information Regime.

Proof. Myerson (1981) shows that expected revenue from query j is

E
[
max

{
0, α1jψ̃1(u1) − c, . . . , αIjψ̃I(uI) − c

}]
,
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where ψ̃i is the virtual value per click defined above. This is the maximum of affine functions, and thus
convex in the vector (αij)I

i=1. Jensen’s inequality implies that average revenue across the granular queries
j = 1, . . . , J is weakly higher than revenue from the aggregate query j = 0.

Proposition 3 shows that when the platform can design the auction for each query, finer information
about what users want will never lower its expected revenue. This is because a platform can always ignore
what it has learned and run the auction it used before. Thus, any change the platform makes leaves it
at least as well off as before. Formally, Lemma 1 implies that expected revenue is the expected value of
the highest adjusted bid net of the display cost. Each adjusted bid is a click-through rate multiplied by
a term that depends only on the advertiser, so revenue responds to finer information in the same way
welfare does in Proposition 1. Proposition 2 showed that a fixed auction can lose revenue when a refined
query has a clear single winner. The optimal auction avoids this loss because its reserve, rather than
the bid of a weak rival, sets the price. The winner pays at least the amount at which its adjusted bid
covers the display cost. The result is closely related to Fu et al. (2012), who show that using data about
user types raises revenue under the optimal auction. In our setting the information concerns queries and
showing an ad is costly.

The finding implies that the effect of conversational search on advertising revenue depends less on the
information itself than on whether the platform can adapt its auction to that information. A platform
that keeps its reserves and weights fixed may earn less as queries become more specific, whereas one that
adjusts them query by query does not face this decline. The optimal auction extracts more of advertisers’
surplus and sometimes withholds ads that would create value. As a result, advertiser surplus and total
welfare may not improve with more information.

3.3 Practical Implementation of Optimal Auctions

Major advertising platforms, including Google and Meta, sell ads through data-driven auctions with
tunable parameters such as reserve prices and the weights that convert bids into rankings. Internal Google
documents describe these parameters as “pricing knobs” that allow the platform to extract more of the
value its auctions generate (Section 5).

Tuned auctions of this kind can be viewed as a practical, scalable way to approximate the optimal
auction from bidding data. Proposition 4 makes this precise. When advertisers’ demand elasticities are
constant, the optimal auction for a single ad slot is a weighted second-price auction. This is also the
format Google Search uses, with weights and a reserve chosen by the platform.

Proposition 4. Assume that each ϵi(ui) is constant in ui. Then the optimal auction is a weighted
second-price auction with reserve price ρ = c and bidder weights

wij = αij

(
1 − 1

ϵi

)
.

If, in addition, the elasticities are the same across bidders (ϵi = ϵ > 1), the optimal auction can be
implemented with a weighted second-price auction with bidder weights equal to their click-through rates
(wij = αij) and a reserve price ρ = c

1−1/ϵ .
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The proof is in Appendix A.
Proposition 4 implies that the auction format Google Search already uses can be optimal. In a

single-slot setting with constant demand elasticities, a weighted second-price auction maximizes revenue,
provided that the weights (Google’s “quality scores”) reflect both an advertiser’s click-through rate and the
elasticity of its demand. Assuming a constant elasticity is a natural simplification as it lets the platform
summarize each advertiser’s demand with a single parameter that can be estimated from bidding data. If
the platform goes further and assumes a common elasticity for all advertisers, the optimal weights reduce
to the click-through rates themselves, and the platform’s only remaining lever is the reserve price, which
it sets above the display cost at c/(1 − 1/ϵ).

4 Timing of Ads in Conversations

In keyword search, ads appear alongside the results as soon as the user submits a query. In a conversation,
this may not be the case. A user may start with a broad query and reveal more about what they are
looking for over several exchanges. In response, the platform can choose when to show an ad, if at all.
Showing an ad early ensures that the consumer will see an ad. Waiting lets the platform learn more
about the user’s intent and sell a better-targeted impression. For instance, a conversation that starts with
“running shoes” may later turn to “Nike Vaporfly versus Adidas Adios Pro for a marathon under three
hours,” a request that is more specific and closer to the user’s product and brand preferences. At the
same time, waiting carries the risk that the consumer may leave the conversation before any ad is shown.
This section studies that trade-off.

4.1 Setup

We keep the primitives of Section 2: advertiser i has value per click ui drawn from Fi, and the platform
pays a display cost c whenever it shows an ad. What is new is that the platform observes the conversation
as it unfolds and can choose the turn at which it uses its advertising opportunity.

To study the trade-off between advertising early and late, we consider a conversation with at most two
turns and a single advertising opportunity.5 At turn 1, the platform observes the conversation history
h1 and either displays an ad or waits. If it shows the ad, the ad opportunity is used. If it waits, the
user continues to turn 2 with probability 1 − p and leaves with probability p. If the user continues, the
platform can still show the ad at turn 2, after which the conversation ends. The platform decides when
the auction is held; advertisers bid whenever it takes place and cannot choose the turn at which they
compete. The timing problem is related to sequential screening, in which a seller contracts with a buyer
who learns over time (Courty and Li, 2000).

In this setting, waiting is valuable for the platform because the next turn may reveal more about user
preferences. Let θ denote the user’s need and αi(θ) advertiser i’s click-through rate for a user with need θ.
The platform does not observe θ. At turn t, it evaluates each advertiser at its expected click-through rate
given the conversation so far, αit = E[αi(θ) | ht]. A second turn updates the expectations. Advertisers who

5We allow one ad per conversation since this is the simplest setting in which showing an ad early has an opportunity cost.
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fit the revealed need become more attractive, and those who do not become less attractive. By waiting,
the platform can therefore sell the single impression with more precise information about the user’s intent.

Let r ∈ {Fix,Flex} denote the auction regime, and let Rr
t (ht) be the platform’s expected revenue, net

of the display cost c, from holding the regime-r auction at turn t after history ht. Advertisers’ values per
click are independent of the conversation, so the expectation is taken over these values, with click-through
rates set to the platform’s turn-t estimates αit.

In the fixed regime, the platform uses a weighted second-price auction with weights equal to the
current click-through rates and a reserve ρ that does not change across turns. Advertiser i’s effective
bid is eit = αitui, and e(1)t ≥ e(2)t denote the two highest effective bids. The ad is shown if the highest
effective bid clears the reserve, and the winner pays the larger of the second-highest effective bid and the
reserve, so

RFix
t (ht) = E

[(
max{e(2)t, ρ} − c

)
1{e(1)t ≥ ρ}

∣∣∣ht

]
.

In the flexible regime, the platform runs the optimal auction of Lemma 1 for the current history. Its
expected revenue is the expected value of the highest virtual value per impression net of the display cost,
or zero if no ad is shown:

RFlex
t (ht) = E

[
max

{
0, α1tψ̃1(u1) − c, . . . , αItψ̃I(uI) − c

} ∣∣∣ht

]
,

where ψ̃i is advertiser i’s virtual value per click, defined in Section 3.
Revenue at each turn is thus given by the static analysis of Section 3, applied to the information

available at that turn. The two turns are linked as follows. We say that the second turn refines the first if,
for every advertiser i,

E [αi2 | h1] = αi1,

where the expectation is over the histories h2 that can follow h1.6 Proposition 3 then implies that
expected flexible-regime revenue at turn 2 is at least as high as at turn 1, while by Proposition 2, expected
fixed-auction revenue may be higher or lower, because a more specific history can lower the second-highest
effective bid.

The analysis helps clarify what can make advertising in the earlier stages of conversational search
attractive. Under the flexible regime, waiting can only raise the expected revenue from the impression,
so information alone never favors showing the ad early. The platform advertises at turn 1 only because
waiting is costly: the user may leave, or an ad later in the conversation may be more disruptive. Under
the fixed regime, information itself can favor showing the ad early. A more specific turn may reveal that
one advertiser is by far the best match, leaving it with little competition and lowering the price it pays. A
platform with a fixed auction may therefore prefer to show the ad early, while the user’s intent is still
uncertain, even when no user would leave the conversation. The selling rule thus affects the timing of
conversational ads as well as their revenue. We next make this comparison precise by introducing the
costs of waiting.

6Refinement holds by the law of iterated expectations whenever the user’s decision to continue is unrelated to their need θ.
Under refinement, the turn-1 history plays the role of the aggregate query in Section 3 and the possible turn-2 histories play
the role of the granular queries.
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4.2 Optimal Timing

Besides the display cost c, which is already included in Rr
t (ht), showing an ad at turn t imposes a

user-experience cost at ≥ 0 on the platform, for example through lower engagement or retention. This
cost may depend on the turn, as interrupting a user who is still describing what they need may cost more
than showing an ad after the consumer communicates their need.

At turn 2, the platform shows the ad if and only if doing so is profitable, so its value is V r
2 (h2) =

max{Rr
2(h2) − a2, 0}. Let

W r
1 (h1) := E [max{Rr

2(h2) − a2, 0} |h1, no ad at turn 1]

denote the expected value of reaching turn 2 with the opportunity still available. Showing the ad at turn 1
yields Rr

1(h1) − a1 and uses up the opportunity. Waiting preserves the opportunity, but a user reaches
turn 2 only with probability 1 − p. The value at turn 1 is therefore

V r
1 (h1) = max {Rr

1(h1) − a1, (1 − p)W r
1 (h1)} .

Proposition 5 (Optimal Stopping). In the two-turn conversation, the platform shows the ad at turn 1 if
and only if

Rr
1(h1) − a1 ≥ (1 − p)W r

1 (h1).

It waits if and only if the reverse inequality holds.

The proof is in Appendix A.
Rewriting the condition in Proposition 5 as a threshold on the attrition probability gives the following

corollary.

Corollary 1 (Continuation Risk). Suppose the distribution of h2 conditional on reaching turn 2 does not
depend on p. If W r

1 (h1) > 0, waiting is optimal if and only if

p ≤ p∗(h1) := 1 − Rr
1(h1) − a1
W r

1 (h1) .

The proof is in Appendix A.
Proposition 5 compares selling an impression earlier with keeping the option to sell it later. The

value of waiting depends on several factors. Users may leave, so the risk of attrition is a concern. Higher
attrition makes early advertising more attractive, and a higher expected value of the second turn favors
waiting.

Information can raise or lower the value of waiting, since a more specific second turn raises expected
revenue under the flexible regime but may lower it under the fixed regime (Section 4.1). To isolate the
role of information, consider the case without attrition (p = 0). If the second turn refines the earlier query,
Proposition 3 implies that expected revenue under the flexible regime is at least as high at turn 2 as at
turn 1, so waiting is weakly optimal whenever a later ad is no more disruptive (a2 ≤ a1). With p > 0, the
platform weighs this gain against the risk that the user leaves before an ad is shown.
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4.3 Longer Conversations: Monetizing Sessions

The two-turn model extends directly to longer conversations. Suppose a conversation can last up to T
turns, the platform still has one advertising opportunity, and the user continues from turn t to turn t+ 1
with probability st(ht) if no ad has been shown; in the two-turn model, s1 = 1 − p. The platform’s value
at turn t < T is

V r
t (ht) = max {Rr

t (ht) − at, C
r
t (ht)} , Cr

t (ht) := st(ht)E
[
V r

t+1(ht+1)
∣∣ht, no ad at turn t

]
,

with V r
T (hT ) = max{Rr

T (hT ) − aT , 0}.

Remark 1 (Longer Conversations). By backward induction, the platform shows the ad at turn t < T if
and only if Rr

t (ht) − at ≥ Cr
t (ht), and at turn T if and only if Rr

T (hT ) ≥ aT .7

The rule has the same form as Proposition 5. At each turn, the platform compares the net revenue
from advertising now with the value of keeping the opportunity, Cr

t (ht). With longer conversations,
this value accumulates and each turn creates an opportunity for the consumer to reveal what they need
or to leave. Because Cr

t (ht) increases with the continuation probabilities, waiting is more attractive in
conversations where users tend to keep talking. And waiting is more attractive when showing an ad at
the current turn is costly, for example because it would interrupt a user who is still describing their need.
Conversely, the platform advertises early when users are likely to leave or when the current history already
reveals what the user wants. Allowing the platform to choose when to advertise thus implies moving from
selling an impression per query to selling an impression per conversation.

5 Discussion

The theoretical results show that richer query information has an ambiguous revenue effect when the
selling rule is fixed, but raises expected revenue when the platform can adapt the mechanism to the
realized query. This distinction is empirically relevant because modern advertising platforms no longer
resemble a single sponsored-search auction with fixed parameters. Instead, they combine automated
bidding, query expansion, prediction, and platform-controlled auction parameters. The tension between
better matching and weaker competition has been studied directly for the sale of advertising impressions
(Bergemann et al., 2021; Tunuguntla et al., 2026).

In the classic literature on sponsored-search auctions, advertisers compete in a single generalized
second-price auction with fixed rules and parameters (Edelman et al., 2007; Varian, 2007). Today,
sponsored search and related advertising markets, such as display and social media advertising, have
evolved toward more complex systems (Google Ads Help, 2026a,b; Meta for Business, 2026a,b,c). They
use automated bidding layers where advertisers delegate decision-making to the platform across large
numbers of auctions (Bergemann et al., 2025). The auction layers themselves have flexible parameters, or
“knobs,” that are optimized based on data (as in our flexible auction regime).

7The same rule holds in an infinite-horizon version with bounded payoffs and a discount factor δ < 1, in which the value
function is the unique bounded solution of the corresponding Bellman equation; see Appendix A.
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We therefore view the flexible auction regime as the most relevant benchmark for current sponsored
search, for other major segments of digital advertising, and for the LLM advertising markets now being
developed. The purpose of the institutional discussion is to show how the practical margins controlled by
platforms map to the assumptions of the model.

Sponsored Search Market. Google holds a dominant position in internet search, with a worldwide
search-engine market share of roughly 90% as of April 2026 (StatCounter Global Stats, 2026). Search
advertising alone generated $114.2 billion in U.S. revenue in 2025, out of $294.6 billion in total internet
advertising revenue (Interactive Advertising Bureau and PwC, 2026). Alphabet Inc. reported $224.5
billion in “Google Search & other” revenue in its 2025 Form 10-K, while Meta Platforms reported $196.2
billion in advertising revenue in 2025 (Alphabet Inc., 2026; Meta Platforms, Inc., 2026). Meta’s advertising
ecosystem shares similar features to Google’s sponsored-search marketplace, including automated bidding,
auction-based allocation, and flexible platform-controlled auction parameters.

Most advertisers purchase Google Search ads through Google Ads. Large advertisers use Google Search
Ads 360, which offers more sophisticated tools to bid on Google Ads. Google Ads offers both search and
non-search ads, such as YouTube and third-party display ads. For sponsored search, Google Ads runs
keyword auctions, similar to the original model of Edelman et al. (2007), but with tunable parameters.
Auction weights are based on “quality scores,” which include expected click-through rates, and reserve
prices are set based on data.

While advertisers can directly set bids, they are encouraged to choose an objective such as sales, leads,
or website traffic, set a daily budget, and then hand over many operational decisions to “Smart Bidding”
and “AI Max.” AI Max lets advertisers bid on broad matches of keywords. For example, instead of bidding
on “car insurance,” an advertiser can broad-match to semantic queries like those in the introduction. AI
Max can also auto-generate ad copy based on the query (Google Ads Help, 2026a,b).8

This delegation is central to the interpretation of our model. When advertisers specify objectives and
constraints rather than bidding manually on every query, the platform has more room to use its private
information about match quality and to adjust the auction environment around that information. Google
Search is a useful case because public litigation records describe the relevant auction parameters directly.

Auction parameters on Google Search. In the Google Ads auction layer, individual impressions
are still sold with a generalized second-price auction.9 However, the auction parameters are optimized
based on data. Two key parameters are the reserve prices and the quality-score weights that determine
effective bids. Tuning these parameters is an old idea, going back at least to the influential paper by
Lahaie and Pennock (2007). In a large field experiment at Yahoo!, Ostrovsky and Schwarz (2023) set
reserve prices using optimal auction theory and found that revenue rose substantially, with the largest

8In the current Meta interface, the same delegation appears through Advantage+. Advertisers provide objectives, budgets,
creative inputs, and some constraints. They can also choose campaign budgets, rely on highest-volume bidding, and accept
automatic placements across Facebook, Instagram, Reels, Marketplace, Messenger, and Audience Network. They can allow
creative variations to improve ad performance (Meta for Business, 2026a,b,c). Still, Meta controls the practical margins that
govern ad matching, placement, creative delivery, and pricing.

9Google also has a vertically integrated stack to transact third-party display advertisements. These moved to a first-price
auction in Google Ad Manager in 2019 (Google, 2019).
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gains for keywords with few bidders.
The Google Search antitrust lawsuit revealed several of the auction parameters and how executives and

engineers think about them (U.S. Department of Justice, 2023). The documents also describe executives’
objectives in tuning the parameters. For example, a Google slide deck says:

“Second Pricing works great most of the time, but there are failure scenarios.” . . . “We need a
way to extract value more directly. We need pricing mechanisms with pricing knobs” (U.S.
Department of Justice, 2023, trial exhibit UPX0889).

The deck presents squashing as the “canonical example.” Squashing moves every bidder’s predicted
click-through rate toward the highest one in the auction, which raises the weights of bidders with low
predicted click-through rates. According to the deck, auction pressure increases when the winner has the
highest predicted click-through rate.

Another trial exhibit describes what executives see as the key knobs:

“[We] also directly affect pricing through tunings of our auction mechanisms, in general through
the three levers that are format pricing, squashing or reserves. We’ll call this ‘intentional’
pricing.” (U.S. Department of Justice, 2023, trial exhibit UPX0509)

Finally, the importance of tuning auction parameters based on data is discussed in another deck:

“tuning in a nutshell: 1. measure things 2. do math 3. profit!!! [sic],” and that predicted
click-through rates are “at best a consensual hallucination”

suggesting that quality scores are designed to increase auction revenue as in our Proposition 4 (U.S.
Department of Justice, 2023, trial exhibit UPX0043).

Joint Information and Mechanism Design. A natural criticism of our results is the following.
Consider the case where only the platform has knowledge of the click-through rates. Assume that the
platform can jointly decide what information to give bidders and what mechanism to use (Bergemann
and Pesendorfer, 2007; Eső and Szentes, 2007). Ex ante, bidders know only the click-through rates
from the average aggregate query. With these assumptions, the platform can always choose to give
bidders no information. Thus, by a trivial dominance argument, revenue is always weakly higher in the
high-information regime.

This is a trivial but important point. But note that this result is weaker than Proposition 3. Proposition
3 shows that the platform does better even if bidders have access to the additional information. Moreover,
our model shows that the platform chooses to use a particular form of the optimal auction, which as
discussed above is qualitatively similar to auctions used by major platforms.

6 Conclusion

This paper studies how richer user information changes the revenue economics of advertising as we
transition from keyword search to conversational search. We find that when the ad auction rule is
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fixed, finer information weakly improves ad matching but can thin advertiser competition within realized
auctions. As a result, the revenue effect of finer information in conversational search is ambiguous. When
the platform can use a flexible auction mechanism and adapt reserves and weights to the realized query,
the ambiguity disappears and richer information weakly raises expected platform revenue.

This finding has implications for how conversational search will change search platforms. There is
much debate about how the move to LLMs may alter search. One relevant change is that conversational
interfaces elicit longer and more contextual queries. Another is that advertising platforms increasingly
control matching rules, bid adjustments, and reserve policies, all of which affect their ability to monetize
ads. Our results imply that these two changes are complements, because richer query data are most
valuable to a platform that can adjust its allocation and pricing rules.

The results regarding the timing of ads provide additional insights. Conversational systems have the
flexibility of deciding when to show an ad. Delaying an ad carries the risk of missing the opportunity to
show it if the consumer leaves. But waiting can also elicit more specific information from users and allow
the platform to improve the matching of ads to users. Ads in conversational assistants are increasingly
matched to the conversation as a whole rather than to a single query (OpenAI, 2026b). On the one
hand, this suggests that answer-first interfaces may reduce the number of visible ad opportunities while
increasing the value of some opportunities that survive. Consumers are sensitive to how many ads they
are exposed to (Huang et al., 2018), so the reduction may improve their browsing experience as well.
On the other hand, the growth of conversational search and the value of richer conversational data
raise questions about platforms’ incentives to elicit information from users. Our model suggests that, in
conversational environments, platforms that can adapt their auctions have stronger incentives to elicit,
retain, and monetize detailed user signals. In some settings, these signals may contain personal or sensitive
information.10 Consumers are sensitive to firms tracking their data (Johnson et al., 2020; Aridor et al.,
2023), so eliciting information may impose privacy costs on some users. The information that makes
conversational advertising more profitable may also make privacy concerns more acute. We do not model
these costs, but they point to a tension between the interests of digital platforms and those of their users.
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A Appendix: Proofs

A.1 Preliminaries

Definition 3 (Weighted Second-Price Auction). Fix a query with CTR vector α = (α1, . . . , αI), bidder
weights (w1, . . . , wI), and reserve price ρ. Advertisers submit per-click bids b = (b1, . . . , bI), and bidder i’s
effective bid per impression is

ei := biwi.

Let e(1) ≥ e(2) ≥ · · · ≥ e(I) denote the order statistics of effective bids.
The mechanism operates as follows.

1. The impression is allocated to the advertiser with the highest effective bid, e(1), if and only if e(1) ≥ ρ.
Otherwise, no ad is shown.

2. If the impression is allocated, the winner i∗ pays per impression

max(e(2), ρ).

Equivalently, the winner’s payment per click is

max(e(2), ρ)
wi∗

.

A.2 Proofs

Proof of Proposition 2 for the case I > 2. For I > 2, it is enough to provide examples with I = 3, c = 0,
and two equiprobable queries.

For a case in which segmentation raises revenue, let u = (10, 10, 9) and

α(ω1) = (1, 0, 1), α(ω2) = (0, 1, 1).

In each query-specific auction, the second-highest value is 9, so expected revenue in the High-Information
Regime is 9. In the aggregate auction,

ᾱ = (0.5, 0.5, 1),

which yields effective values (5, 5, 9). Revenue in the Low-Information Regime is therefore 5.
For a case in which segmentation lowers revenue, let u = (10, 10, 10) and

α(ω1) = (1, 0, 0), α(ω2) = (0, 1, 0).

In the High-Information Regime, each query-specific auction has only one bidder with positive value, so
revenue is 0. In the aggregate auction,

ᾱ = (0.5, 0.5, 0),

which yields effective values (5, 5, 0). Revenue in the Low-Information Regime is 5.
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The effect of segmentation on revenue is therefore ambiguous for I = 3. The same conclusion extends
immediately to any I > 3 by adding bidders with zero value. These examples use degenerate bidder-value
distributions Fi, but the same results hold for proper distributions that are sufficiently close to these
examples.

Proof of Lemma 1. If αij = 0, bidder i’s value for the impression is zero, and its effective bid αijψ̃i(ui) = 0
never exceeds the display cost c > 0. Such a bidder never wins and can be dropped from the query-j
auction. Assume therefore that αij > 0.

The distribution of bidder i’s value per impression vi = αijui is

Gi(vi) := Fi

(
vi

αij

)
.

Myerson (1981) defines bidder i’s virtual value as

ψi(vi) := vi − 1 −Gi(vi)
G′

i(vi)
= vi − αij

1 − Fi(vi/αij)
fi(vi/αij) .

Therefore,
ψi(vi) = αijψ̃i(ui),

where ψ̃ is the virtual value function corresponding to the distribution of value per click:

ψ̃i(ui) := ui − 1 − Fi(ui)
fi(ui)

=
(

1 − 1
ϵi(ui)

)
ui.

Since αij > 0, ψi(vi) = αijψ̃i(vi/αij) is strictly increasing in vi because ψ̃i is, so each Gi is regular and
the result follows from the Myerson (1981) optimal auction characterization.

Proof of Proposition 4. From Lemma 1, the platform allocates the impression to the bidder with the
highest effective bid, provided it exceeds the display cost c. The effective bid for bidder i on query j is
given by

αij

(
1 − 1

ϵi

)
ui.

If we define the bidder weight as wij = αij (1 − 1/ϵi), the effective bid is simply wijui. The optimal
auction ranks bidders by wijui and sets a minimum allocation threshold of wijui ≥ c. This is exactly a
weighted second-price auction with weights wij and a reserve price ρ = c applied to the weighted bids.

Now, consider the case where elasticities are identical across all bidders, so ϵi = ϵ for all i. The effective
bid becomes

αij

(
1 − 1

ϵ

)
ui.

The term (1 − 1/ϵ) is a strictly positive constant. Because scaling all bids by a positive constant does
not change their relative ranking, ordering bidders by their effective bids is mathematically equivalent
to ordering them by αijui. This corresponds to a weighted second-price auction where the weights are
simply the click-through rates, wij = αij .
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To determine the equivalent reserve price ρ for these CTR-weighted bids, we apply the same scaling
factor to the threshold condition. The platform allocates the impression if

αij

(
1 − 1

ϵ

)
ui ≥ c.

Dividing both sides by the constant factor yields the condition

αijui ≥ c

1 − 1
ϵ

.

Thus, the optimal auction can be implemented as a weighted second-price auction with weights wij = αij

and a modified reserve price ρ = c
1−1/ϵ .

Proof of Proposition 5. At turn 2, the session ends after the platform acts. If the platform shows the ad,
its payoff is Rr

2(h2) − a2. If it does not show the ad, its payoff is zero. Therefore

V r
2 (h2) = max{Rr

2(h2) − a2, 0}.

At turn 1, showing the ad yields the platform Rr
1(h1) − a1 and uses up the advertising opportunity.

Waiting gives no current advertising revenue and keeps the single impression available for turn 2. The
user reaches turn 2 with probability 1 − p. Conditional on reaching turn 2, the platform obtains V r

2 (h2).
Hence the value of waiting is

(1 − p)E [V r
2 (h2) | h1, no ad at turn 1] .

The platform chooses the larger of the value of advertising immediately and the value of waiting.
Substituting the expression for V r

2 (h2) gives the condition in Proposition 5.

Proof of Corollary 1. By Proposition 5, waiting is optimal if and only if

(1 − p)E [max{Rr
2(h2) − a2, 0} | h1, no ad at turn 1] ≥ Rr

1(h1) − a1.

Using the definition of W r
1 (h1), this is

(1 − p)W r
1 (h1) ≥ Rr

1(h1) − a1.

If W r
1 (h1) > 0, division by W r

1 (h1) gives

p ≤ 1 − Rr
1(h1) − a1
W r

1 (h1) .

The comparative statics follow directly: increasing p lowers the left-hand side (1 − p)W r
1 (h1), while

increasing W r
1 (h1) raises it.

For the p = 0 statement, if the second-turn state is a refinement of the first-turn state, the flexible-
mechanism revenue result implies E[RFlex

2 (h2) | h1] ≥ RFlex
1 (h1) when the platform reaches turn 2. If
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a2 ≤ a1, then
E
[
max{RFlex

2 (h2) − a2, 0} | h1
]

≥ RFlex
1 (h1) − a1,

so waiting weakly dominates early advertising.

Proof of Remark 1. Consider first the finite-horizon case. The proof follows from the proof of Proposition 5,
generalized to a longer time horizon. At the terminal turn T , there is no future advertising opportunity
after the current decision. Showing the ad yields Rr

T (hT ) − aT , while not showing the ad yields zero.
Therefore

V r
T (hT ) = max{Rr

T (hT ) − aT , 0},

and the platform shows the ad if and only if Rr
T (hT ) − aT ≥ 0.

Now fix any turn t < T and suppose the continuation value V r
t+1 is given. If the platform shows the ad

at ht, it receives Rr
t (ht) − at and the advertising opportunity is used up. If it waits, it receives no current

advertising revenue and reaches the next turn with probability st(ht). The value of waiting is therefore

Cr
t (ht) = st(ht)E

[
V r

t+1(ht+1) | ht, no ad at turn t
]
.

Hence
V r

t (ht) = max{Rr
t (ht) − at, C

r
t (ht)},

and the platform shows the ad if and only if Rr
t (ht) − at ≥ Cr

t (ht). Backward induction from turn T gives
the finite-horizon result.

For the infinite-horizon case, with bounded payoffs, we can define the Bellman operator

(T V )(h) = max
{
Rr(h) − a(h), δs(h)E[V (h′) | h, no ad]

}
.

For any two bounded functions V and Ṽ ,

∥T V − T Ṽ ∥∞ ≤ δ∥V − Ṽ ∥∞,

because s(h) ≤ 1 and the maximum operator is nonexpansive. Since δ < 1, T is a contraction and has a
unique bounded fixed point. At that fixed point, the platform chooses the larger of current net revenue
and discounted continuation value, giving the stated stopping rule.
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