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In modern online platforms, advertisement plays a crucial role in subsidizing their operational
costs. With the emerging advances in generative AI, this position piece explores the potential

of running online advertisement systems for Large Language Models (LLMs). Our position is

that, the existing framework for modern search advertisement system does not carry over to LLM
advertisement. To understand how one could run advertisement systems for LLMs by integrating

ads into their outputs and facilitate future research in this area, we introduce a generic framework
for LLM advertisement. We explore several aspects of design choices within our framework and

propose potential research questions to operate a practical system.
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1. INTRODUCTION

In the vast landscape of online search engines, the role of advertisements has be-
come pivotal, shaping the digital experience for users globally. The enormity of
the market, with trillions of dollars at play, shows the economic significance of
advertising, e.g., the market size of search advertisement as of 2020 was valued
at USD 164.12 billion [Insight 2022]. Online advertising not only brings revenue
to platform companies but also plays a crucial role in subsidizing free access to
information and services for every individual. The democratization of education,
information, and other resources is made possible through ad-driven models, en-
abling individuals to not only consume content for free but also contribute to the
digital ecosystem. Additionally, the symbiotic relationship between advertisements
and content creation creates a feedback loop, fostering economic growth. As a
side note, even subscription-based streaming platforms like Netflix are starting ad-
supported plans [Netflix 2022].
On the other hand, recently, large language models (LLMs) [Brown et al. 2020;

Anil et al. 2023; Thoppilan et al. 2022] have gained widespread adoption among
users, serving various functions including question answering, content generation,
translation, code completion, and more [Nijkamp et al. 2022; Fried et al. 2022; Wang
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Original LLM Output

Prompt: How do CPU and RAM interact within a computer? 

Output: The CPU (Central Processing Unit) processes data and 
instructions, and RAM (Random Access Memory) provides fast, 
temporary storage for the data the CPU is actively working on, 
enabling quick access and manipulation of data, resulting in faster 
and more efficient computing.

Modified Output

Prompt: Can you promote laptop L of brand B in the previous response?

Output: The CPU (Central Processing Unit) processes data and 
instructions, and RAM (Random Access Memory) provides fast, 
temporary storage for the data the CPU is actively working on, enabling 
quick access and manipulation of data, resulting in faster and more 
efficient computing. Notably, "Laptop L" from "Brand B" is optimized for 
this synergy, offering a powerful CPU and ample RAM, ensuring a 
seamless and high-performance computing experience.

Fig. 1: An example of providing unstructured advertisement in LLM output. The
left figure shows the original prompt to and output from ChatGPT 4. The right
figure shows the prompt used to incorporate an ad.

and Komatsuzaki 2021; Liu et al. 2023]. The proliferation of AI-driven assistant
language models, such as ChatGPT, has contributed to a growing trend wherein
individuals increasingly use such models to address their inquiries, occasionally
replacing traditional search engines as their primary information-seeking tool. Ac-
cording to [PCMag 2023], even for now, 35% of casual users say they find LLMs
to be more helpful in finding information than search engines. It is obvious that
such a trend will be accelerating in the near future as well. The substantial usage
volumes stemming from diverse users would induce companies offering these tools,
which we call LLM providers, to contemplate revenue generation through advertis-
ing [AdWeek 2023; Crunch 2023; Microsoft 2023]. Consequently, an interesting and
fundamental question arises:

How can LLM providers make revenue by running an online
advertisement on their services?

The concept of online advertising has been extensively studied within the realm
of search engines, where auctions are conducted among advertisements from adver-
tisers when a user inputs a query. This paper focuses on the prospect of transposing
this online advertising model and auction framework to the context of large lan-
guage models. We further discuss technical challenges and potential framework to
run online advertisement system in LLM, thereby calling academic and industrial
researchers to the area of importance.

Search advertising. To better explain fundamental differences between standard
search advertising (SA)1 and LLM advertising (LLMA), we briefly introduce how
standard SA works [Lahaie et al. 2007]. (1) Bidding: In SA, the owner of each ad i
writes bid bi ∈ R≥0 on targeting keyword for i ∈ [n], which can be a set of keywords.
(2) Output generation: The platform first decides how many slots to allocate for
ads in the search engine results page (SERP), say k. (3) Prediction: Given k slots
in SERP, the platform then predicts the click-through-rate (CTR) αij when ad i is

1Its mechanism design problem is often called sponsored search auction (SSA).
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allocated in slot j. (4) Auction: The platform then optimizes

max
x∈[0,1]n×k

n∑
i=1

k∑
j=1

αijbixij , (1)

where x = (xij)i∈[n],j∈[k] is the (possibly randomized) allocation vector such that
xij = 1 if ad i is allocated in slot j given the constraint

∑n
i=1 xij ≤ 1 for every

j ∈ [k], i ∈ [n]. The platform then charges each ad according to some pre-defined
payment rule.

Overall, whenever a user arrives in the platform and searches a keyword, the
set of ads related to the keyword are determined. Then, the platform collects
corresponding bids of the selected ads, decides the number of slots k, predicts
CTR, and the auction runs.

Motivating example. How would LLMA be fundamentally different from SA?
We start with illustrative scenarios where a user asks a technical question about
computers (Figure 1). Without advertisement, an LLM would typically generate
a response to address the user’s query. To incorporate advertisements in the gen-
erated output, there is a spectrum of possibilities for including ad content, such
as: (a) putting the ads outside the response but visibly in the user interface, (b)
incorporating the ads within the generated output directly. The ads in option (a)
can be treated as display ads, and may be relatively easy to handle using some of
the vast amount of prior work on display ads. However, (b) is more similar to a
sponsored search ad.2 We will focus on approach (b), which will entail fundamental
challenges that have not arisen in traditional SA. 3

SA versus LLMA. Recall the process of bidding, output generation, prediction,
and auction in the SA mentioned before, and imagine implementing those modules
for LLMA.

For the bidding module, since the LLM’s query could be far much complicated
than just a single keyword in SA, how could the advertisers express their willingness-
to-pay for each query? Essentially, each advertiser might want to significantly
adjust its bid based on how much they find the query to be relevant to its ad.
Further, given that the marketing impact will significantly depend on how the LLM
incorporates the ad in the output, it is not even clear what is the advertiser’s value
for being included in the ad. If the advertiser’s value depends on the generated
output, how could the advertiser reflect their willingness-to-pay with respect to
the output, which might not be accessible in advance? Even further, how can
we generate output that smoothly incorporates the ad without hurting the user
experience while satisfying the advertiser?
For the prediction module, most SA run an online learning algorithm to update

the ad’s feature vector with respect to user context [McMahan et al. 2013]. This was

2Search ads usually capture user attention better than display ads, e.g., almost 50% more
views [Outbrain 2023].

3If ads are included within the generated output, there are possibilities of structured outputs

(e.g., ads replacing one of the elements in a given list of elements), or the ads can be included
beyond the output (similar to display ads). We focus on unstructured output, as it is broadly

applicable, while structured output may be addressed using the standard SA framework.
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possible because the ad images, hyperlinks, and more generally how they appear
in the SERP remain the same across many user interactions. LLM, however, could
incorporate ads in a very different manner for each query, which makes it difficult
for the LLMA to learn the CTR. Also, since the ads are merged into the generated
output, they significantly affect user experience. How, then, can we guarantee and
measure user satisfaction?
Finally, which kind of auction format should the LLMA run? How can the LLMA

adapt for advertising multiple ads in a single output? What would be a reasonable
analogue of the autobidding system prevalent in the modern online ad system?
All these questions are not straightforward to answer and to our knowledge have

not been formally discussed in the literature.

Outline. Given the outlined uniqueness and differences with SA, we expect
that LLMA requires a number of research questions to operate in practice. To
understand LLMA and present its technical challenges compared to the SA, we first
introduce a generic framework to operate LLMA.4 Similar to SA, our framework
consists of four modules, though the implementation of each module will be very
different from SA: (i) modification in which the original output of LLM is modified;
(ii) bidding that advertisers utilize to bid on the modified outputs; (iii) prediction
in which LLMA computes required information about advertisements; and (iv)
auction in which the advertisers compete and the final output is selected. We
introduce design choices for each module, evaluated against criteria essential for a
sustainable system, and discuss the research challenges inherent to each module.
Our framework further enables a unified interpretation and comparison of recent
approaches for LLM advertisement systems.5

1.1 Related works

Here, we discuss related works on LLMs, online ads, and their intersection.

Large Language Models. Advancements in AI, NLP, and conversational agents,
driven by Transformer architecture [Vaswani et al. 2017], have given rise to models
like GPT-3 [Brown et al. 2020] and BERT [Devlin et al. 2019]. These models rev-
olutionize chatbots, enabling context-aware, human-like interactions across diverse
domains [Abd-Alrazaq et al. 2020; Nicolescu and Tudorache 2022]. Everyday use of
language models has led researchers to investigate the content generated by these
models to ensure that they do not hallucinate [Guerreiro et al. 2023; Ji et al. 2023;
Li et al. 2023; Zhang et al. 2023] in their outputs, and do not generate harmful
or biased content [Liang et al. 2021; Navigli et al. 2023; Kirk et al. 2021; Shen
et al. 2023; Weidinger et al. 2021; Liu et al. 2023]. In fact, trustworthy of LLMs is
actively studied by researchers [Liu et al. 2024].

Online Advertisement. Online advertising, particularly within the context of
sponsored search auctions, has evolved in recent years, with notable contributions
from prior research. Sponsored search auctions have been a subject of extensive

4While our framework could serve as an initial step for future research, our focus is to address

key questions for the practical operation of LLM advertisement
5We briefly discuss further perspectives on the interplay between LLMs and online advertising

systems, e.g., improving the user attraction by personalizing the ad images by LLMs, see Section 5

or the full paper [Feizi et al. 2023].
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Original output generation

LLM Advertisement System

𝑎𝑑! 𝑎𝑑" 𝑎𝑑#…User context 𝑐

Query 𝑞
𝑞, 𝑐 → 𝑋

Modification

Bidding

Prediction

Auction

𝑞, 𝑐, 𝑋, 𝑎𝑑$ → 𝑋$

𝑞, 𝑐, 𝑋, 𝑋$ → 𝑏$

𝑞, 𝑐, 𝑋, 𝑋$ → 𝑠𝑟$ , 𝑐𝑡𝑟$

𝑠𝑟$ , 𝑐𝑡𝑟$ , → 𝑥⃗, 𝑝⃗	

Fig. 2: Overall framework of LLMA.

investigation, emphasizing the optimization of bidding strategies and keyword rel-
evance. [Edelman et al. 2007] provided valuable insights into the economics of
sponsored search auctions, shedding light on the dynamics of keyword auctions.
[Goel et al. 2009] proposed a contract auction between the advertiser and the pub-
lisher, and introduce impression-plus-click pricing for sponsored search auction as
an application. We refer to the book by [Roughgarden 2010] for more details. Fi-
nally, there exists an emerging interest from the community to study ad auctions
in LLMs, which we elaborate more on Section 4.5.

2. FRAMEWORK FOR LLMA

To understand how LLMA could operate in practice, given the stark differences
between SA and LLMA, we here present a potential generic framework for LLMA.6

Mainly, we focus on a scenario in which a user provides a query q to the LLM,
andLet the original output by the LLM is given by X. Further, a context c cap-
tures a variety of features that are relevant to the advertisement recommendation,
e.g., history of the previous queries, user segment, region, and date.7 Although the
number of advertisers varies from time to time, when the user inputs the query q,
we suppose that there are n advertisers (bidders) indexed by adv1, . . . , advn, each
of which is equipped with a single advertisement (ad) adi he/she wants to post.
Overall, we divide the LLMA into 4 modules as follows based on their functional-

ities8: (i) output modification, (ii) bidding, (iii) prediction, and (iv) auction. This
overall framework is illustrated in Figure 2. In short,

(1) The user writes query q possibly with context c.

(2) The LLMA generates the original output X.

(3) The modification module creates modified output Xi per ad.

(4) The bidding module generates corresponding bid bi.

6While entirely different systems outside this framework may emerge, we believe it can foster
future discussions to address technical challenges in LLMA.

7Note here that we assume LLMA could collect such information from the user similar to the

standard search engines, but our model accommodates the setting without such data.
8These functionalities may be distributed to multiple market players such as supply side

platform, display side platform, or ad exchange, as does in the current online ad eco-system.

ACM SIGecom Exchanges, Vol. 22, No. 2, March 2025, Pages 66–81



71 · S. Feizi, M. Hajiaghayi, K. Rezaei and S. Shin

(5) The prediction module predicts user satisfaction rate (SR) sri and click-
through-rate (CTR) ctri.

(6) The auction module determines the final output and corresponding payment
to charge the selected advertiser.9

For the rest of the section, we will explain each module and its responsibil-
ity/functionality in a sequential manner.

2.1 Modification module

The modification module generates modified output based on the ads’ textual in-
formation. This module takes the pair of (q,X, c) and a set of advertisements as
the input, and returns (Xi)i∈[n] where Xi denotes the modified output for adi.
Overall, we consider two design choices: 10

(1) In the advertiser modification model, the role of generating the modified output
is delegated to each advertiser.

(2) In the LLMA modification model, LLMA directly generates the modified out-
put.

In Section 4.1, we explore ways to reduce the computational load of generating
candidate outputs.

Comparison to SA. Note that the standard SA does not have a modification
module explicitly as it is trivial to incorporate ads in each slot. Thus, this is a
unique challenge appearing in LLMA. Further, we note that LLM is only directly
used in the modification module as well as in generating the original output X,
whereas other modules do not require LLM to operate them. Nevertheless, the
other modules have technical challenges specific to LLMA, which we now present.

2.2 Bidding module

The bidding module generates bids based on modified outputs. It takes the query
q, context c, and modified outputs (Xi)i∈[n] as input and outputs bids (bi)i∈[n], rep-
resenting each advertiser’s private valuation of impressions, clicks, or conversions.
We consider two design choices.

(1) In the dynamic bidding model, we provide the query q, context c, original
output X,11 and modified output Xi to the bidder for each query, who then
returns the bid.

(2) In the static bidding model, each bid is based on keywords from a pre-committed
contract, without further communication with the advertiser.

The static bidding model operates by extracting keywords from q, determining rel-
evant ads, and requiring advertisers to set targeted keywords. In Section 4.2, we
discuss extensions of these bidding models that allow more flexible bidding strate-
gies. This approach can be preferred when the bid unit accurately represents the

9We first focus on presenting a single advertisement in the LLM output, however, generaliza-

tion of the proposed framework to incorporate multiple ads at once is discussed in Section 4.4.
10For either case, one can generate the modified output by giving an additional query to the

LLM as presented in Figure 1.
11An encrypted context ĉ or no context could be considered for privacy.
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advertiser’s true valuation, regardless of output quality, such as clicks or conver-
sions.
Dynamic bidding models interest advertisers with their measures to estimate the

quality of modified output. For instance, if LLMA only considers CTR and ignores
user experience, advertisers may wish to adjust bids based on their output quality
assessment. Despite a high likelihood of clicks or conversions, poor user experience
with low-quality outputs could harm satisfaction with the advertised product.

Comparison to SA. In SA, since the context of the user query is more explicitly
represented as keywords, advertisers can safely bid on each relevant keyword (which
SA requires). In LLMA, however, it might be difficult to extract proper keywords
from the query as the query itself tends to be much longer than in traditional SA
due to the flexibility in LLM’s query. On the other hand, one can instruct the LLM
to extract core keywords or use word embeddings to calculate the similarity between
the modified output and query. Further, the generated output significantly affects
the marketing impact of the ads in LLMA, whereas it is typically independent
from other ads / contents shown within SERP in SA. Finally, the dynamic bidding
model exhibits unique challenges of dynamically adjusting the bid with respect to
the output, which could further be delegated to another market player or LLM
agent.

2.3 Prediction Module

The prediction module computes the user’s satisfaction rate (SR) and click-through
rate (CTR). The SR measures user satisfaction with the output and influences the
decision-making process of the language model to avoid disappointing outputs. The
CTR represents the likelihood of the user clicking on the ad link in the output and is
crucial for determining auction winners, as it directly impacts the LLMA’s revenue.
Specifically, if an advertiser’s bidding method is cost-per-click (CPC), the expected
revenue from the ad is calculated as CPC multiplied by the CTR. Overall, both SR
and CTR are functions of the original output X, modified output X ′, query q, and
context c, which returning a real value in [0, 1].

Comparison to SA. Different from the traditional SA whose output is static (ad
image/hyperlinks), LLMA constructs textual outputs in a complicated manner.
This makes it more difficult for the prediction module to learn the CTR. Moreover,
in LLMA, the prediction of user satisfaction is much more directly affected by the
incorporation of the ads in the output. This is in stark contrast with SA, where user
experience is usually affected only by the number of ad slots/positions in SERP.
Detailed methodologies for estimating/learning these functions will be discussed in
Section 4.3.

2.4 Auction module

Having computed all the required parameters, we run the auction module to de-
termine the auction winner and the advertiser’s charge. The input to the auction
module is the set of tuples (bidi, sri, ctri) i ∈ [n], representing bid amount, satisfac-
tion rate, and click-through rate for each bidder. The auction module outputs an
(possibly randomized) allocation x⃗ ∈ [0, 1]n and payments p⃗ ∈ Rn

≥0. Specifically,
the module determines the auction format, including the allocation function, which
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selects the ad, and the payment function, calculating the advertiser’s payment to
LLMA.12

The main goal of LLMA is to maximize its long-term revenue by balancing short-
term revenue with user retention. The objective is modeled as a function from bid
amount, CTR, and SR to a nonnegative score for a modified output, i.e., selecting
i∗ = argmaxi∈[n] Obj(sri, ctri,bidi). We do not detail the objective function choice,
given the extensive literature on sponsored search auctions. After designing the
score function, an auction format should be determined, with many mechanisms
available, such as VCG auction or generalized second price auction as desired.

Comparison to SA. The main difference with SA is, similar to what is discussed
in the previous subsection, that user satisfaction is a much more important measure
to account for. For example, the typical objective in SA (see (1) in Section 1) is
social welfare which only accounts for platform and advertisers’ utility. In LLMA,
however, one might also need to consider user’s utility as a function of predicted
SR, which would change the allocation function of the mechanism and the payment
correspondingly.

3. MARKET PLAYERS AND DESIDERATA

Given the potential framework for LLMA and the presented design choices, we
outline several crucial aspects for evaluating each design choice’s feasibility and
practicality.

In modern search or display ad auctions, numerous market players are involved,
including advertisers, users, and platforms. The platform itself is often divided
among several players like the demand-side platform, supply-side platform, pub-
lisher, and ad exchange. In essence, the ad platform must balance these players’
utilities to create a sustainable ecosystem. For example, if the platform shows too
many ads in response to a user’s query, user retention will likely decrease, discour-
aging advertisers from using the platform, and eventually harming the ecosystem.
Similarly, for LLMA to sustain long-term revenue growth, it must balance the util-
ities of market players. We will outline the key aspects of the most crucial players:
the user, the advertiser, and the platform.

3.1 Player’s incentive

User experience. When adding advertisements to LLM output, maintaining
high content quality is crucial. Users dislike excessive or irrelevant ads, which can
degrade the output and reduce user satisfaction and retention. In modern online ad
systems, floor prices are used to filter out irrelevant ads and preserve user experience
quality. Similarly, for LLM services, we must ensure that the final output, including
ads, remains a high-quality response and closely aligns with what the LLM would
originally generate.

Advertiser experience. Advertisers pay the LLMA to include ads in outputs,
expecting their products or services to be showcased compellingly. Ads should be
engaging and interesting to users, efficiently driving revenue for the advertisers at

12This form doesn’t allow for adjusting the final output to balance multiple advertisers’ pref-

erences, unlike auctions that consider bids and preferences, as in [Duetting et al. 2023].
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smaller costs. It is worth noting that advertisements may potentially reduce the
overall number of users engaging with the system, which could have adverse effects
on the LLMA itself.

Platform revenue. Revenue is LLMA’s primary goal, so it must ensure that the
additional cost of advertisements is covered by the revenue from advertisers. This
is especially critical for LLMA compared to SA, due to the higher computational
costs and infrastructure required to run LLMs.

3.2 Desiderata

To balance the utilities of all players and ensure a sustainable LLMA, the following
criteria should be considered from the platform’s perspective.

Output quality. The LLM’s textual output should align with the user’s pref-
erences and the query. This involves (a) ensuring the ad is relevant to the user’s
query and (b) making sure the LLM output aligns with the user’s preferences. This
includes standard LLM evaluation criteria like accuracy, relevance, coherence, and
comprehensiveness.
Additionally, the output should reflect advertisers’ preferences, ensuring their

ads are integrated as desired and their bids accurately represent their preferences
for the query and modified output.

Allocational objective and revenue. As a mediator, LLMA can optimize social
welfare to achieve allocational efficiency, i.e., allocate ads to maximize social welfare
deterministically or try to maximize its revenue. On the other hand, retrieval-
augmented generation (RAG) by [Lewis et al. 2020] that probabilistically retrieves
a relevant document from a database of factual documents, is shown to enhance
LLM performance by managing ambiguity and factuality, diversifying output, and
improving robustness to noise and errors one might want to randomly allocate the
ad rather than deterministically to improve the quality of the output. Therefore,
LLMA’s allocation objective should balance these aspects while ensuring sufficient
revenue to avoid operating deficits.

Latency. In LLMA, users expect rapid interactions, similar to search auctions,
where prompt responses are typical. Adding advertisements to LLM output in-
troduces some latency, but this should be minimal to avoid disrupting the user
experience. The latency requirement for LLMA could be less strict than for search
auctions because LLMA generates output word-by-word, whereas search auctions
need to retrieve all ads and results immediately upon a query.

Reliability and privacy. LLMA must also address potential risks from advertis-
ers, ensuring system reliability and alignment by considering all possible adversarial
behaviors [Hendrycks et al. 2020], e.g., harmful contents or spam links in ads. Ad-
ditionally, maintaining user privacy is crucial. All user context, information, and
data must be kept secure (or encoded) to prevent privacy risks from inadvertent
disclosure.

4. CHALLENGES

Recall that our overall framework consists of four modules: modification, bidding,
prediction, and auction modules. For each module, we address characteristics,
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technical challenges, and research questions relevant to practical implementation
and evaluation based on the criteria defined in Section 3.

4.1 Modification module

Challenge: An advertiser modification model should ensure alignment
with user preferences and satisfaction while addressing privacy, relia-
bility, and latency issues. In the advertiser modification model, LLMA must
provide q, X, and C to each advertiser advi, which can lead to privacy issues by
disclosing user information. Addressing this involves partial or indirect informa-
tion disclosure, possibly using encryption or differential privacy to protect user data
while ensuring high-quality outputs.
Additionally, the model faces reliability issues as advertiser-modified outputs

might include illegal or spam content, which may degrade user satisfaction com-
pared to original LLM outputs. LLMA may require an additional module to ensure
robustness against such adversarial behavior, but this adds cost of computational
resources and latency.
Moreover, increased communication between LLMA and advertisers can raise la-

tency. Therefore, developing efficient protocols is crucial for managing a functional
online ad system. The advertiser modification model thus requires novel solutions
to address privacy, reliability, and latency concerns.

Challenge: Effectively reflecting advertiser preferences in the output for
LLMA modification model. The LLMA modification model generally faces
fewer privacy, reliability, and latency issues compared to others and focuses on
enhancing user experience. However, it may not fully align with advertiser prefer-
ences in the output modification process, potentially reducing advertiser satisfac-
tion. Thus, it is important to explore methods for better incorporating advertisers’
preferences into the modified output, ensuring that it meets their expectations while
still improving the user experience.

Prospect: Balancing the trade-off between LLMA and advertiser mod-
ification models. To improve advertiser satisfaction in the LLMA modification
model, one approach is to let advertisers submit indirect indicators of their prefer-
ences. Specifically, after receiving the query q, the original output X, and possibly
context c, the advertiser provides a document Y (or a list of it) reflecting its pref-
erences. LLMA can then use Y as a prompt to generate the modified output as
per RAG framework, allowing more flexibility in capturing advertiser preferences.
However, this method introduces additional communication costs, potentially in-
creasing latency.

Challenge: Reducing the computational burden of generating every po-
tential candidate output. Both the advertiser and LLMA modification mod-
els require generating all possible output candidates for each potential ad. In the
LLMA modification model, this involves multiple runs of the LLM’s token sequence
generation for each ad in the auction. Given the high cost of LLM operations, this
approach may not scale well as the number of ads on the platform increases.

Prospect: Ex-ante allocation without generating potential candidate out-
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puts. One feasible approach is to implement a prefiltering process to reduce the
number of ads competing by filtering out less relevant ads. Alternatively, the auc-
tion can be run without generating every possible candidate output by using a
modular component to predict the characteristics of the modified output for each
candidate ad.

For instance, features can be extracted from the query and ad text, and semantic
distances can be computed based on text similarity. Advertisers should be aware
of this indirect measure and bid accordingly, assuming the semantic distance will
represent the expected output quality. The mechanism then uses submitted bids
and semantic distances to determine the ad and generate the final output, requiring
only a single generation for the allocated ad. Note that [Hajiaghayi et al. 2024] takes
this approach.

4.2 Bidding module

Challenge: Implementing dynamic bidding model without privacy and la-
tency issue. The main advantage of the dynamic bidding model is its potential
to increase advertiser satisfaction, as advertisers can adjust their bids after seeing
the modified output. This flexibility can be appealing to advertisers with the tech-
nical capability to dynamically set bids. However, the dynamic bidding model may
introduce privacy issues if LLMA discloses private information to advertisers. It
may also lead to additional latency since the entire set of modified outputs must be
delivered to advertisers. Reliability concerns are minimal, as only the bid amount
is communicated. In contrast, the static bidding model avoids privacy, latency, and
reliability issues but may reduce advertiser satisfaction because advertisers cannot
adjust their bids based on the modified output.
Future research could focus on the practicality of dynamic bidding, including

developing protocols and algorithms that address privacy and latency concerns.
One may also investigate whom the ad market would comprise, when there is a
possibility that the advertisers hire a proxy agent to submit bids on behalf of them,
and how the proxy agent (or advertisers themselves) can optimize bids in such
scenario.

Prospect: Balancing the trade-off between static/dynamic bidding mod-
els. In the static bidding model, improving advertiser satisfaction can be achieved
by defining a more flexible static function as the contract between the advertiser
and LLMA. Specifically, LLMA could propose a contract where bids are determined
by an indirect measure of the modified output. For example, LLMA and the ad-
vertiser might agree on a contract where the bid is inversely proportional to the
similarity distance d between the original output X and the modified output Xi.
If Xi significantly deviates from X, the similarity distance will be large, leading to
a lower bid from the advertiser due to concerns about user experience.
Advertisers will need to understand how LLMA estimates and defines this dis-

tance measure. LLMA could also develop a more refined method for assessing
user interest, attention, and relevance for the modified output from the advertiser’s
perspective, allowing advertisers to choose contracts based on their preferences.

4.3 Prediction module
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Challenge: Efficient and precise implementation of prediction module.
Estimating CTR in LLMA can follow principles similar to those in modern online
advertising. We can train a prediction system to estimate ctri ∈ [0, 1] based on
input Xi, q, and c, using user feedback data. For example, factorization machines
and online algorithms can be used after feature extraction from user data, context,
and queries, as described in [McMahan et al. 2013]. Given the sparse frequency
of each Xi in the family of possible outputs, features from q, Xi, and c should be
extracted to map to CTR values. User actions like regenerating responses, clicking
ads, or exiting the LLM can be used to refine the prediction module.

Challenge: Relevance/similarity distance measure to estimate user sat-
isfaction. To estimate SR, one approach is to assume that the original output
X is optimal. In this case, the distance between X and the modified output Xi

can serve as a measure of SR, since the closer Xi is to X, the higher the ex-
pected user satisfaction. For example, one might define the output distance as
d(X,Xi) := ||Pr(X|q) − Pr(Xi|q)|| using a suitable norm. Here, Pr(X|q) repre-
sents the marginal probability of X given q, which can be computed using standard
methods from the literature [Vaswani et al. 2017].
More general functions, such as semantic similarity between documents [Mikolov

et al. 2013; Cer et al. 2018; Conneau et al. 2019], can be used. One can further
implement a calibration layer to ensure it remains well-calibrated with higher ac-
curacy [McMahan et al. 2013]. The key research question is to identify effective
measures for predicting user satisfaction when ads are incorporated into the output.

Prospect: Incorporating distance measures and online learning. One may
consider combining similarity measures and online learning from user feedback for
prediction. To learn online SR (or CTR) estimates from user feedback, a useful
indicator of whether the user is satisfied with the output is whether the user re-
generates the output. One may aim to learn a function which outputs the sr, given
the query q, modified output X ′, and context c. This approach does not assume
that the original output X is indeed optimal, thereby allowing the possibility that
the user may be satisfied with a modified output Xi even though its distance from
X is measured is large. This comes at the cost of additional modular component
for learning process. One could further consider an online learning model where
the similarity distance is also integrated as one of the features for prediction. If
the similarity distance has some positive correlations with the true user satisfaction
rate, this would increase the accuracy of the prediction. Essentially, an effective
way to capture the both advantages of online learning and distance measure should
be studied thoroughly.

4.4 Auction module

Challenge: Incorporating multiple ads in a single output. Recall that our
framework is presented for a setting where a single ad is allocated. One approach
to generalize our framework is to repeatedly run the overall procedure and allocate
a single ad at once. That is, one can determine an abstract unit that partitions
the output, e.g., paragraph, and run our framework for each unit. Another direct
approach to extend our framework is, to let the final displayed output X ′ not
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necessarily belong to {Xi}i∈[n], but rather interpolates {Xi}i∈[n] by prompting LLM
to generate output that simultaneously advertises multiple ads. This resembles the
approach of aggregating the preference by [Duetting et al. 2023; Soumalias et al.
2024]. By doing so, it might be possible to deliver multiple advertisements in a
fair manner, thereby allowing LLMA to bring more revenue by charging multiple
advertisers at once.
One subtle issue is that, since each advertiser bids bi on delivering Xi, they may

not want to write the same bid for the balanced output X ′, thus it may degrade the
advertiser’s experience. In the static bidding model, as discussed in Section 4.2, this
might be handled by committing to a contract based on measures that represents
the advertiser’s preferences more in a refined manner. In the dynamic bidding
model, one approach would be to append an additional step of asking for bids for
the final output again to the advertisers.

4.5 Discussion on Recent Approaches

Several recent theoretical approaches have proposed game-theoretic models for ad
auctions in LLMs. We discuss how these can be viewed as implementations of our
framework, facilitating future research through modular comparisons of components
in each approach and highlighting their pros and cons more explicitly.
[Duetting et al. 2023] propose a model where bidders submit bids and distri-

butions over tokens. This aligns with a tokenized version of our model with (i)
LLMA modification by aggregating token distributions, (ii) dynamic bidding with
adjustments for each query, (iii) no prediction module as it focuses on advertiser
perspectives, and (iv) running a token auction. This approach might suffer from
issues of latency and reliability, but could possibly maintain high advertiser expe-
rience.
[Hajiaghayi et al. 2024] integrate the RAG framework for segment-based ad auc-

tions, where ads are probabilistically retrieved for segments like paragraphs using
bids and a notion of relevance. This corresponds to (i) LLMA modification with-
out pre-generating outputs, (ii) static bidding based on clicks, (iii) indirect CTR
prediction by measuring ad relevance, and (iv) running a segment auction. Their
approach has less privacy, latency and reliability, but advertiser’s experience could
be largely dependent on how modular components to compute relevance are de-
signed.
[Dubey et al. 2024] introduce the concept of a prominence auction, wherein the

allocation function determines both the prominence of each selected advertisement
in the output and the specific ads to be allocated. The prominence assigned to each
ad influences its representation in the LLM-generated summary, thereby affecting
user attention and engagement. This is shown to be generalizing the standard po-
sition auction by [Varian 2007]. This aligns with (i) LLMA modification, (ii) static
bidding, (iii) no prediction required, as prominence serves as a CTR proxy, and
(iv) running a prominence auction.Similar to [Hajiaghayi et al. 2024], the adver-
tiser’s experience highly depends on how well the LLM in the modification module
constructs the output with desired prominence.
[Soumalias et al. 2024] propose an auction that truthfully aggregates advertiser

preferences using reinforcement learning from human feedback (RLHF), widely used
in LLMs to align the outputs of LLMs with diverse human preferences. This can
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be viewed as (i) LLMA modification, (ii) static bidding, (iii) no prediction needed,
focusing only on advertiser perspectives, and (iv) running an RLHF-based auction.
This creates greater issues with latency, since every potential candidate output
needs to be created and the advertiser’s reward function should be communicated
accordingly. However, it could better reflect advertiser’s preferences.

5. CONCLUDING REMARKS

There are several potential areas beyond those outlined here. As observed in most
modern online advertising platforms, the use of autobidders [Aggarwal et al. 2024],
which delegate the bidding process to the platform, appears to be a plausible ap-
proach. Another promising direction is leveraging LLMs themselves to enhance
modern search and display advertising systems by efficiently tailoring ad content to
individual users. For instance, LLMs could be integrated into the standard dynamic
creative optimization framework, often referred to as responsive advertising [Google
2024]. For more discussions of these perspectives, we refer to the full paper [Feizi
et al. 2023].
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