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Abstract
Modern recommender systems lie at the heart of com-
plex ecosystems that couple the behavior of users, content
providers, advertisers, and other actors. Despite this, the focus
of the majority of recommender research—and most practical
recommenders of any import—is on the local, myopic opti-
mization of the recommendations made to individual users.
This comes at a significant cost to the long-term utility that
recommenders could generate for its users. We argue that ex-
plicitly modeling the incentives and behaviors of all actors in
the system—and the interactions among them induced by the
recommender’s policy—is strictly necessary if one is to maxi-
mize the value the system brings to these actors and improve
overall ecosystem “health.” Doing so requires: optimization
over long horizons using techniques such as reinforcement
learning; making inevitable tradeoffs in the utility that can
be generated for different actors using the methods of social
choice; reducing information asymmetry, while accounting for
incentives and strategic behavior, using the tools of mechanism
design; better modeling of both user and item-provider behav-
iors by incorporating notions from behavioral economics and
psychology; and exploiting recent advances in generative and
foundation models to make these mechanisms interpretable
and actionable. We propose a conceptual framework that en-
compasses these elements, and articulate a number of research
challenges that emerge at the intersection of these different
disciplines.

Overview. This paper argues that a holistic ecosystem-
oriented perspective on recommender systems is necessary
to ensure recommender systems serve the long-term interests
of users, item providers (e.g., content creators, product ven-
dors) and society as a whole. Taking economic mechanism
design as its main conceptual organizing framework, this
paper outlines a collection of research challenges that we be-
lieve must to be addressed to effectively model and optimize
recommender ecosystems. The paper is organized in four
main parts: Part I provides a brief introduction and a stylized
formal model of recommender ecosystems to help ground the
discussion in the remainder of the paper. Part II describes
why mechanism design should prove to be an invaluable
framework for modeling and optimizing recommender poli-
cies in such ecosystems. Part III outlines some of the research
challenges required to bring mechanism design to bear on

Copyright c© 2022, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

recommender systems, while Part IV discusses the role of
social choice functions in making the inevitable tradeoffs in
the value the recommender systems generates for different
participants (e.g., users, content providers, etc.)

Part I

Introduction
We begin with an overview of the problem, and describe a
stylized model of an RS to help ground the discussion of key
concepts and research problems that follow.

1 Introduction
Recommender systems (RSs) play an ever-increasing role in
our daily lives, mediating the search for information, the con-
sumption of content, the purchase of goods and services, and
even the connection and communication between individuals
or organizations. This ubiquity amplifies the importance of
research into effective models and algorithms that ensure RSs
act in the best interests of their users and society at large, and
the need to integrate the resulting methods into practical RSs
at scale.

The focus of the majority of RS research—and most prac-
tical recommenders of any import—is on the local, myopic
optimization of the recommendations made to individual
users. In other words, a recommendation made to one user
does not consider the potential impact it might have on other
users or other interested actors. This overlooks the fact that
most RSs lie at the heart of complex ecosystems, in which the
RS mediates and induces interactions between and among
users, content creators, vendors, etc. These interactions, in
turn, can impact—both positively and negatively—the abil-
ity of the RS to make high-quality recommendations in the
future, a fact we illustrate concretely below.

This leads to a set of questions of substantial import per-
taining to such recommender ecosystems, or recosystems: (1)
how should we analyze and model such recosystem interac-
tions? (2) how do we optimize RS policies in the face of such
dynamic interactions? (3) what criteria and objectives should
be used to guide this optimization? In this position/research
challenges paper, we outline a research agenda intended to
develop a deeper understanding of recosystems, and encour-
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age research into methods, models and algorithms for the
design of RS policies that maximize long-term user utility
and overall social welfare across the ecosystem.

An important part of this agenda is the incorporation of
concepts, methods and perspectives from economic mecha-
nism design (Hurwicz 1960; Hurwicz and Reiter 2006; Mas-
Colell, Whinston, and Green 1995). Mechanism design has
played at best a minor role in the design of RSs—of course,
with some notable exceptions, some of which we point to
later—in large part due to the local, single-user focus typ-
ical of current research and deployment. When moving to
recosystems, effective modeling and optimization of RS poli-
cies in the presence of interacting agents must account for:
(i) the incentives and behaviors of the agents; (ii) the po-
tential information asymmetry between these actors and the
RS; (iii) the potential for strategic behavior; and (iv) trade-
offs in the value generated for different agents. The design
of mechanisms—in our case, RS policies—in such settings
is precisely the province of economic mechanism design.
However, the complexity of the setting poses some unique
challenges for traditional mechanism design, and we outline
a number of them in this paper.

The remainder of the paper is organized as follows. We
conclude Part I with Section 2 by outlining a stylized formal-
ization of an RS—the omniscient, omnipotent, benelovent
recommender—that makes unrealistic assumptions about the
knowledge and control the recommender system has regard-
ing user preferences, content creator skill, and other factors.
This model is intended to allow the crisp articulation of some
of the research challenges that follow, not to reflect the full
set of considerations that go into modeling RSs in the lit-
erature. Over the remainder of the article, we describe the
algorithmic and modeling challenges that emerge as we relax
these assumptions.

Part II focuses on how mechanism design can be used
to frame the design of RS policies in complex recosystems.
Using the stylized model introduced in Section 2, we begin
in Section 3 with a concrete illustration of how multiagent
interactions can negatively impact the value generated by a
myopic, local RS, and offer a discussion of some the consid-
erations that can help overcome this impact. In Section 4, we
introduce the classical formalization of mechanism design
and outline its components can help address the issues that
emerge as we move from modeling recommender systems to
recommender ecosystems.

Part III describes a number of research challenges asso-
ciated with using mechanism design for recosystems, espe-
cially as we relax the assumptions underlying the stylized
model. We outline a number of areas we think are ripe for
new thinking, and make a few tentative suggestions along the
way regarding specific approaches that might prove fruitful.
Our research challenges touch on multiple areas of research
in AI, ML, CS-Econ, and behavioral science, including: re-
inforcement learning, bandits and exploration, algorithmic
mechanism design, incentive-compatible ML, user model-
ing, human-value alignment, generative models, ML fairness,
privacy, among others.

Part III is broken down along the following lines: user pref-
erence modeling, elicitation and exploration is discussed in

Section 5. We outline the incentives and behaviors of content
provider (e.g., creators, distributors, vendors) in Section 6.
Section 7 details the inherent asymmetry present in typical re-
cosystems and how it can impact long-run ecosystem health,
and in Section 8 we address the possibility of strategic behav-
ior, focusing on that of content providers. We conclude this
part of the paper in Section 9 by describing the challenges of
optimization over extended horizons.

Part IV focuses on the inevitable tradeoffs that an RS must
make when making decisions that influence the utility of
multiple actors in the recosystem. The social choice (or social
welfare) function is the standard manner in which objectives
are specified in mechanism design, and it plays a crucial
role here. In Section 10, we examine tradeoffs associated
with the “direct” utility generated for users and content/item
providers by the RS, while in Section 11 we discuss how the
social choice function can be used to encode broader “societal
values” (e.g., minimization of filter bubbles or polarization)
and how such social dynamics might be accounted for in RS
policies. We offer some final remarks in Part V.

We note that this is a research challenges/position paper,
and is not intended to serve as a comprehensive survey of
research in this area. However, we do point to representa-
tive work that begins to address some of these challenges at
various points in the paper. For a general overview of the mul-
tiagent perspective in RSs, see Abdollahpouri et al. (2020).
There are a number of research themes in the literature that
address specific aspects of multiagent modeling and opti-
mization in RSs. Some of the more relevant for our purposes
include (with representative samples of research cited):
• work on long-term optimization and game-theoretic anal-

ysis that models (usually relatively simple) multiagent
interactions (Ben-Porat and Tennenholtz 2018; Ben-Porat
et al. 2019; Mladenov et al. 2020b; Zhan et al. 2021; Hron
et al. 2022; Jagadeesan, Garg, and Steinhardt 2022; Kur-
land and Tennenholtz 2022; Ben-Porat et al. 2022; Cen
and Ilyas 2022; Liu, Mania, and Jordan 2020);
• work on fairness in RSs (Abdollahpouri et al. 2019;

Akpinar et al. 2022; Asudeh et al. 2019; Barocas, Hardt,
and Narayanan 2023; Basu et al. 2020; Biega, Gummadi,
and Weikum 2018; Castera, Loiseau, and Pradelski 2022;
Celis and Vishnoi 2017; Heuss, Sarvi, and de Rijke 2022;
Wu et al. 2022; Ekstrand et al. 2022; Mehrotra et al. 2018);
• and work on phenomena such as filter bubbles, polariza-

tion, and popularity bias (Pariser 2011; Abebe et al. 2018;
Amelkin, Bullo, and Singh 2017; DeGroot 1974; Ribeiro
et al. 2020; Celma 2010).

2 The Omniscient, Omnipotent, Benevolent
Recommender

We set the stage with an intentionally stylized model of an
RS that abstracts away a number of subtleties. This will allow
us to illustrate a few key challenges in modeling recosystems
while avoiding unnecessary complexity. It is important to
keep in mind that adopting a less stylized model—one that
incorporates additional details, real-world constraints and the
many nuances of agent behaviors and incentives—only exac-
erbates the problems we describe, making them even more
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challenging. At various points in this paper, we address relax-
ations of this stylized abstraction and the research problems
so-induced.

The Stylized Recommender. We assume a stylized RS,
which embeds its users U and items I in some latent em-
bedding space—we equate a user u and item i with their
respective embeddings. The RS uses cosine similarity, dot
products, or (inverse) distances to measure user u’s affinity
for item i. For now, we equate affinity with user utility.1

For expository purposes, we assume items embody some
form of content (e.g., news, music, video) and that each item
i is generated by some content provider or creator c(i) ∈ C
(Konstan et al. 1997; Jacobson et al. 2016; Covington, Adams,
and Sargin 2016), though everything that follows applies
to other forms of item recommendation, such as product
recommendation.2 In general, any c ∈ C can produce multiple
items, but for ease of exposition, we’ll assume each c creates
a single item (which can be altered or replaced as discussed
below). Hence, we equate creators with their items for the
time being. Similarly, user affinity for items typically varies
with their query/request, their context, etc. and embeddings
are often dependent on these factors; but again for simplicity,
we’ll treat each u as single point in latent space rather than
as some collection or distribution.

Omniscience. Realistically, these embeddings are charac-
terized by considerable uncertainty, nonstationarity and gen-
eralization error. But we start by assuming that the RS is
omninscient. Specifically, its user and content embeddings
are perfect in the following senses:

• There is no (resolvable) uncertainty:3 the RS’s estimated
affinity for 〈u, c〉 accurately reflects u’s (expected) utility
for c. (This would hold approximately if, say, the models
are built from sufficient amounts of data regarding both u
and c.)

• The model is stationary: user preferences over item space
do not change (change in the content corpus is discussed
below).

• The model generalizes out-of-distribution: even though
RS models are usually trained on the existing item corpus
I , we assume that the model generalizes to new items that
may be embedded at points in latent space different than
any existing i ∈ I.4

1This stylized model captures, for example, many forms of col-
laborative filtering, including matrix factorization (Salakhutdinov
and Mnih 2007) and dual encoders/two-tower models (Yi et al. 2019;
Yang et al. 2020).

2For instance, if the items are products for sale, one should read
“vendor” for “creator,” “sales” for “engagement,” etc. The lessons
below apply mutatis mutandis to all such settings.

3By “resolvable” we refer to epistemic uncertainty that can be
eliminated with a sufficient amount of accessible data (e.g., asking
the user for their preferences, or interacting with a user to gather
enough data about those preferences). Irresolvable uncertainty is
generally aleatoric w.r.t. the model granularity and data access
available to the RS.

4We will not focus on new users here.

If the goal is to maximize total user utility w.r.t. some user
distribution, under these assumptions the optimal RS pol-
icy is to match each user u to the creator/item c∗(u) =
argmaxc∈C u · c with which they have greatest affinity when-
ever they engage with the system (e.g., issue a query or
request a recommendation). Note that expected user utility
under this policy is EU u · c∗(u), since we explicitly equate
utility with item affinity. Importantly for practical RSs, the
optimal matching is fully local: the recommendation decision
for one user is independent of that for another.

Naturally, since none of these assumptions hold in practice,
(non-stylized) RSs will need to take steps to: (i) acquire
some of this information (e.g., explore or query users about
their preferences); (ii) predict this information some of this
information (e.g., learn models that generalize across users
and items); and (iii) optimize its matching of users to content
under conditions of uncertainty.

Omnipotence. Assuming the user population U is fixed
(or that new users are drawn from the same distribution), we
can treat the collection of user embeddings as perfect market
research w.r.t. content space. Specifically, one can potentially
use this information to identify new content from which users
will derive significant utility.

We can draw a simple analogy with how new products are
designed (e.g., see the literature on product design or product
line optimization (Talluri and van Ryzin 2004; Schön 2010)).
Potential consumers are surveyed about their preferences
over properties or features of some feasible space of product
designs. These preferences—together with constraints on the
feasibility of products exhibiting specific combinations of
features, and information on production (and other) costs—
are used to determine the optimal product, product line, or
product differentiation best-suited to a specific audience. The
product is then designed, produced, marketed and sold.

Of course, our stylized RS does not actually create content,
it merely matches users to the content generated by creators.5
Thus, the utility it generates for users is fully reliant on the
content-generation decisions of creators. However, we might
imagine an omnipotent RS that can readily induce any creator
to produce any content the RS proposes. We might visualize
this as the RS having the ability to move any creator c(i) from
their existing point i in latent space and move them to some
new point i′. This magically makes new content available
for recommendation to users (for simplicity, we’ll assume i′

replaces i, ignoring the persistence of digital content or other
digital goods).

Under what circumstances would the RS do this? There
are several such conditions under which moving creators in
content space can have a positive effect—for example, if the
distribution of users is such that this new point i′ generates
greater user affinity for some subset of users than c(i)’s cur-
rent content i or that of any other creator; and if the total loss

5We will discuss below the use of generative models to support
content creation (e.g., large-language models (Devlin et al. 2018;
Radford et al. 2018; Thoppilan et al. 2022), image generation models
(Vinyals et al. 2015; Esser, Rombach, and Ommer 2021; Ramesh
et al. 2021)) . It is not far-fetched to imagine the RS generating
content itself in some cases.
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in expected affinity due to c moving away from i is less than
that gained by moving to i′.

Determining the placement of creators must be done jointly
of course, since the net gain associated with the move of
one creator depends on the positioning of others in embed-
ding space. Let G be the space of (creator) configurations,
where a configuration g ∈ G is a vector of embedding
points (gc)c∈C (somewhat abusing notation and treating c
as the creator’s “identity” since its location gc is variable).
Given a fixed configuration g, a user u is again matched
to the creator c∗(u; g) = argmaxc∈C u · gc with whom
they have greatest affinity. This generates total expected
user utility EU (g) = EU u · gc∗(u;g). The omnipotent RS
will then shuffle creators to obtain an optimal configuration
g∗ = argmaxg∈G EU (g).

Notice that this problem can be viewed as a simple form
of uncapacitated k-facility location (with no opening costs,
hence k-medians (see, e.g., Arora, Raghavan, and Rao 1998)),
where each creator is a facility to be opened at a location that
(collectively) best serves (or minimizes the distances across)
the user population. Unlike the case above (omniscient, not
omnipotent), optimization is now non-local since it requires
making utility tradeoffs across users—this is a case where
genuine ecosystem interactions and tradeoffs come into play.
Few, if any, large-scale RS platforms engage in this form a
global, ecosystem-level optimization.

Of course, no RS can simply pick up creators and place
them in “content space” wherever it sees fit. Creators are inde-
pendent actors that have both innate and learned (or dynamic)
abilities, skills, interests; specific incentives and costs for
producing certain types of content; knowledge, beliefs and
risk attitudes; and particular strategic, semi-strategic, myopic,
or arbitrary decision-making processes. All of these factor
into their selection of content to produce. As a consequence,
it is vital to design RS policies that appropriately encourage
or incentivize creators to make moves in content space, given
their own self-interests, to improve overall user utility.

Benevolence. In the stylized model above, we focused on
the objective of maximizing a specific form of user social
welfare, namely, the expected total user affinity for the con-
tent to which they are matched. We might be tempted to view
such a RS as benelovent, in the sense that it is doing its best
to generate utility for users, including (in the case of the
omnipotent RS) moving creators around to best serve users.

As appealing as this objective might be, it is untenable for
many reasons, of which we list just a small selection:

• Even assuming that matched-item affinity reflects user
utility, simply maximizing expected affinity is inherently
utilitarian (in the Rawlsian sense), and does not capture
more general notions of social welfare reflecting, say, fair-
ness (Ekstrand et al. 2022; Li et al. 2023). This problem
is even more severe under certain types of dynamics, as
we show in the next section.
• It completely ignores the costs, benefits and incentives

of content creators, who themselves derive utility from
engaging with the RS, a utility which plays no role in
the RS behavior described above. As we see in the next
section, this can have significant, negative impacts on the

long-term health of the ecosystem, including the ability
to generate user utility.

• Utility, neither for users nor creators, is derived from a
single matching, or the consumption of a single content
item.6 Instead, it must reflect the ongoing, long-term en-
gagement with the RS. For users, this includes a number
of factors, and their dynamics, such as: contexts, prefer-
ences, histories, beliefs and discovery, etc. For creators,
factors include skills, beliefs, costs, incentives, etc.

• As discussed above, the assumption of omniscience is un-
tenable. The RS’s models are characterized by incomplete
information—it can, at best, merely estimate the pref-
erences of users, the incentives and policies of content
providers, etc. Moreover, an effective RS must generally
take active steps to reduce this uncertainty (e.g., through
exploration or explicit preference elicitation) to improve
the quality of the recommendations it makes.

• The converse of incomplete information on the part of
the RS is the fact that both users and providers also lack
information about the agents with whom they interact.
For instance, the RS may have much greater information
about the preferences of the entire population of RS users
than any provider might have, since any given provider
engages with only a small fraction of the population. This
information asymmetry can limit the ability of providers
to make effective decisions about the content they make
available, potential decreasing the value the RS can gen-
erate for users and providers alike.

• Finally, the behaviors of users and providers will generally
be self-interested and—in the case of providers moreso
than users—strategic. An RS that fails to account for the
incentives of its participants, and how these influence their
behaviors, is unlikely to optimize its objectives effectively.

These factors compel us to develop a much richer model-
ing and optimization toolkit to manage recosystems and the
interactions among its constituent actors.

Part II

Why Mechanism Design?
We now turn to the the role of mechanism design in the
construction of ecosystem-aware RSs, and specifically, why
it is well-suited (at least conceptually) to address some of
the characteristics identified above that challenge traditional
approaches to RS design. We begin in Section 3 with an illus-
tration of how ecosystem interactions complicate the design
of RSs, using the stylized model above. In Section 4 we de-
scribe why mechanism design provides a valuable framework
for modeling—and optimizing the design of—RSs in such
recosystems.

6Somewhat glibly, the model above would suggest that a music
RS would maximize a user’s utility by playing their favorite song
on repeat forever.
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Figure 1: An illustration of (a) initial myopic (or local) RS matching of users to content/creators; and (b) equilibrium induced by
myopic matching; (c) an alternative non-myopic, ecosystem-aware matching (in equilibrium).

3 Ecosystem Interactions: An Illustration
Before elaborating on the role of mechanism design, we
present a straightforward example to illustrate how even sim-
ple dynamics can induce complex multiagent interactions
that require non-trivial optimization by the RS.

We consider a very simple, stylized scenario, based on
an example of Mladenov et al. (2020b), to illustrate how
ignoring ecosystem interactions can limit the ability of an
RS to maximize user utility over the long run. In Fig. 1(a),
we use (inverse) distance to reflect affinity between users
(circles) and the content of specific creators (rectangles). We
have two creators, P1 (red) and P2 (blue), and eight users,
five of whom (red) are closer to P1, and three (blue) closer to
P2.

As users request recommendations, an omniscient, but
otherwise typical, RS matches each request to the creator
with which the user has greatest affinity (see Fig. 1(a)). This
matching is myopic in the sense that it maximizes immediate
affinity for the user, and local in that it does not consider
impact that serving one user request might have on other
users. If each user issues a single request during a specific
time period, P1 engages with five users, and P2 three. How-
ever, suppose that, if a creator that does not attract four users
per period, it abandons the RS—perhaps due to monetary,
social or other incentives. In this case, P2 leaves after the first
period, leaving the RS no choice but to recommend P1 to the
three “blue” users at all subsequent periods (Fig. 1(b)). At
this point, the system is in equilibrium.

Unfortunately, this equilibrium leaves all blue users much
worse off than had the blue creator stayed active. This clearly
demonstrates that ignoring creator behavior induced by the
RS policy can have a deleterious impact on users. By contrast,
an alternative matching can be devised by anticipating the
distribution of user requests— and recognizing the (incentive-
induced) behavior of the creators—that matches requests to
optimize overall user welfare in the long run. This matching
(Fig. 1(c)) matches the red user u to P2 and is non-local and
non-myopic (it considers the impact of any user match on the
long-term utility of all users). Since u is nearly indifferent to
P1 and P2, it incurs a relatively small sacrifice in utility that
enables a large increase in the long-run utility of the three
blue users.7

This equilibrium maximizes user (utilitarian) social wel-
fare, and is “optimal” under this very specific criterion. It
is also arguably more fair from an “egalitarian” perspective.

7See Mladenov et al. (2020b) for algorithms, analysis, and a
deeper discussion of tradeoffs under realistic utility functions.

Note, however, that it does impose a small cost on user u
and on creator P1.8 Indeed, optimality of the equilibrium
(or any other outcome) depends in the choice of objective
function—in the terms of economic mechanism design, the
social choice/welfare function under consideration. This ar-
gues for applying mechanism design to the construction of
recommender ecosystems.

Of course, not only is this example intentionally simpli-
fied for expository purposes, it is unrealistic in the many
assumptions required to induce equilibrium behavior. Among
them: extremely simple creator preferences and dynamics;
stationary, simplistic user preferences for content; no user
dynamics; full information on the part of the RS about user
preferences and creator incentives/behavior; lack of strategic
behavior by creators or users; no outside options (e.g., other
RS platforms); and a simplistic objective function. Develop-
ing RS policies that work well when these assumptions are
relaxed presents numerous research challenges, and is critical
if RSs are to act in the best interests of users, creators, and
society as a whole.

4 Mechanism Design to the Rescue
The example above illustrates that the design of an RS in
the ecosystem context requires some form of optimization
that accounts for: (i) the preferences and incentives of all
actors (e.g., users and creators) that engage with the RS; (ii)
how these preferences—and the RS policy—influence their
behavior; and (iii) suitable tradeoffs over the preferences of
different actors. Moreover, when we relax the strong informa-
tional assumptions embodied in the stylized model above, the
RS must: (i) handle incomplete and noisy information about
the preferences and other private information held by these
actors (e.g., their beliefs, abilities, behavioral and decision
making processes); (ii) take steps to extract or refine this
information when possible; and (iii) incentivize the actors to
behave in a way that advances the overall objectives of the
RS.

This form of optimization is precisely the province of mar-
ket and mechanism design (Hurwicz 1960; Hurwicz and Re-
iter 2006; Mas-Colell, Whinston, and Green 1995) which es-
sentially involves the design of policies for interacting with—
and making decisions that impact—a set of self-interested
agents—each of whom holds some private information—to
optimize some objective that depends on the preferences

8See Mladenov et al. (2020b) for a discussion of ways in which
to distribute that cost (e.g., using stochastic matchings) or minimize
user regret relative to the myopic/local matching.
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of those agents. We outline some of the ways in which a
market/mechanism design perspective can help improve RS
performance and play a central role in the design of RSs
that lie at the center of complex ecosystems. Along the way,
we suggest ways in which “classical” techniques need to be
modified, and the required non-trivial research advances. We
elaborate on a number of these research directions in the
sections that follow.

Classical Mechanism Design. To set the stage, we provide
a very (!) informal description of classical mechanism design,
outlining its key conceptual ingredients.9 We then describe
how these map to entities and concepts in our recosystem set-
ting. Concrete examples of these mappings will be provided
in the subsequent sections.

Classical mechanism design assumes some action space A,
where each a ∈ A induces a distribution over some outcome
space O. Each agent (or player) g ∈ G has preferences over
outcomes in the form of a utility function ug , which is gener-
ally unknown to the mechanism M .10 The mechanism also
embodies a social choice function (SCF) C that, given any
vector u = {ug}g∈G of agent utility functions, determines
the “social utility” C(u, o) of any o ∈ O.

The goal of mechanism M is to implement the SCF by tak-
ing the action a∗u = argmaxa∈A EO C(u, o).11 To do so, M
must take steps to observe, elicit, estimate or otherwise (pos-
sibly implicitly) determine u by interacting with the agents.
A mechanism M does so by (a) making available a set of
strategies or “agent actions” to each agent; and (b) specifying
a mapping from the strategies/actions selected by each agent
to a choice of outcome o ∈ O. It is this strategy selection by
the agents that may (indirectly) reveal something about their
preferences. However, any agent g may act strategically in an
attempt to manipulate the selected outcome o to maximize its
own utility ug(o), often at the expense of C (and the utility of
other agents). As such, one attempts to design M so that, if
agent strategies are selected to be in (some form of) equilib-
rium, it will (via M ’s outcome mapping) induce the outcome
dictated by the target SCF. This is known as implementation
of the SCF w.r.t. the equilibrium notion in question.12

The form such mechanisms take are many and varied, and
we cannot hope to cover them here. It is important to note that
not all SCFs are implementable. But one of the foundational
results of mechanism design is the revelation principle, which
states (informally) that if an SCF is implementable, it can

9For an overview of mechanism design, please see (Mas-Colell,
Whinston, and Green 1995; Nisan 2007).

10More generally, each agent has private information encoded
in its type, which may reflect any information not known to the
designer or other agents (e.g., we might think of a content creator’s
“skill” as being unknown the the RS). However, since the role of
private information is to determine the utility of an outcome to
the agent, the type can be viewed as simply encoding the agent’s
(expected) utility function over outcomes.

11The SCF in this form is sometimes called a social welfare
function (SWF), which induces choices, hence the SCF, via the
argmax.

12Common forms of implementation correspond to dominant
strategy, ex-post and Bayes-Nash equilibria.

be implemented truthfully by a mechanism which asks all
participants to reveal their types (i.e., their preferences) to the
mechanism. Such direct revelation mechanisms are appealing
because they restrict the actions that are made available to
the agents, thus simplifying the design/policy space, and as
such play an outsized role in classic mechanism design. As
we detail below, however, direct revelation is completely
impractical in typical recommender settings.

We now map our recosystem setting into the elements of a
“standard” mechanism design formalization.

Agents. The agents (or actors) are those parties impacted by
the actions of the RS, and who derive value from interacting
with the RS and (possibly indirectly) with each other. Actors
who have an “interest” in the actions of the RS (or the induced
outcomes), without directly interacting with it, may be also be
considered as participants in the ecosystem. Here we focus on
users and content creators, but other actors of interest include
content distributors, product vendors, advertisers, external
organizations, regulatory bodies, other RS platforms, etc.

Actions, Outcomes and Agent Utility. In the recosystem,
we use the term RS or system actions to refer to those avail-
able to be taken by the RS. In the simplest settings above,
these are merely the possible one-off recommendations to
users. In such cases, the RS action (in the mechanism design
sense) should be viewed as the joint set of recommendations
made to all users, though we often refer to the “individual”
recommendations as actions as well. We use the term RS pol-
icy when emphasizing the multiple-recommendation nature
of the RS’s choices (e.g., across users or across time).

We distinguish RS actions from the agent actions, or
“strategies” in the mechanism design sense, and often use
the term “(user or creator) behavior” to refer to the latter.

The outcome space reflects the range of possible impacts
that the RS actions can have on users and creators—again, the
formal outcome in the mechanism design sense is the joint
outcome over all actors, but we abuse the term to talk about
the outcome for specific actors (i.e., those aspects of the out-
come relevant to that individual). In one-off recommendation,
this might simply be: for a user, the actual content consumed;
and for a creator, the total user engagement generated by the
RS for their content.

Finally, the agent utility functions reflect their preferences
over the possible outcomes—generally, this assesses only
parts of the outcome “relevant” to them—e.g., a user’s utility
may depend only on the item recommended to or consumed
by them, not those recommended to other users; and a cre-
ator’s utility might only depend on the engagement generated
by the RS for their content, and not on the engagement of
other creators.13

The full complexity of realistic RSs naturally demands
that we enrich what we consider to be outcomes induced
by the RS, hence the nature of agent utility, and even the
action space of the RS itself. For instance, the utility-bearing
outcomes for a user of a content RS will often comprise an ex-
tended consumption stream, or sequence of items consumed.

13In other words, we will often assume agent utilities embody no
externalities.
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User utility for the sequence may not be decomposable (say,
additively) into scores/utilities of the items in isolation (e.g.,
consider a user who values some topic diversity in the content
they consume). This in turn renders the RS action/decision
space much more complex: the RS will generally adapt its
recommendations to the user’s feedback or responses—hence
the RS action space comprises the set of policies that map
the current history of user interactions—and in general, the
history of all users—to the choice of next recommendation
to a specific user.14

For creators, outcomes may involve not just cumulative
user engagement, but also temporal or other properties of
that engagement over time. For instance, a creator may value
some smoothness in the user traffic they serve over long
periods, or user diversity across their audience.

In other domains, the (utility-bearing) outcomes of the
recommendations may not be directly or immediately ob-
servable to the RS. For example, if a user accepts a product
recommendation by purchasing the product, their ultimate
utility will depend on the degree to which the product, its
features and its functionality serves their needs over time.

The Social Choice Function. A mechanism’s SCF embod-
ies the relevant tradeoffs between the interests of different
agents. Our stylized example above makes clear that in any
RS: (i) the interests of users and creators may not fully coin-
cide; (ii) the interests of different creators often conflict, since
they are competing for audience/market; and (iii) user inter-
ests also conflict, though often indirectly via creator behavior.
The specification of an explicit SCF gives the RS a clear ob-
jective when determining how utility for one user or creator
should be balanced against that of another. For example: how
much user attention should be directed to one creator (at the
expense of others); how user utility for one group should be
balanced against that of another in the near-term or long-term;
and so on.

Population-level effects may play a role in the SCF. For
instance, fairness across different users or groups is usually
critical, and cannot15 be defined without comparison of the
outcomes or utility generated for different groups. Even social
values can (and perhaps should) be encoded in an SCF; e.g.,
the emergence of filter bubbles or polarization or other social
dynamics may be penalized by the SCF. Note that this cannot
be done without defining population-level outcomes.16

The use of SCFs is valuable because it forces RS designers
to examine, explore, and (at least, partially) articulate the

14Even one-off recommender settings can require sequential in-
teraction if (say) preference elicitation, example critiquing or other
forms of user feedback on proposed items is allowed.

15Perhaps we should say “should not.” A wide swath of AI/ML
fairness research does not explicitly refer to the outcomes of actions
or their utility, but rather focuses on properties of models, e.g., as in
equalized odds (Barocas, Hardt, and Narayanan 2023).

16Moreover, social value judgements are necessary if population-
level outcomes are embedded in the SCF: a “filter bubble” in which
one group of users only consumes content for “hobby 1” and another
group consumes “hobby 2” may not be viewed a problematic; but
if the content difference is about a particular perspective on some
consequential news event, this may be treated as troublesome (e.g.,
because of the externalities w.r.t. civic discourse.)

specific tradeoffs and population-level values the RS embod-
ies and attempts to target. In complex ecosystems, RSs are
unlikely to actually implement the target SCF (see discussion
below of estimation, learning and optimization challenges),
but the specification of core principles will undoubtedly be
of tremendous value. That said, SCFs should be viewed as a
“framework” for exploration and decision making w.r.t. value
tradeoffs. They do not provide any guidance on what the
right tradeoffs are—indeed, they cannot in general (see the
impossibility results of Arrow (1950), Gibbard-Satterthwaite
(1973; 1975), and Roberts (1979) among others).

Preference Revelation. A critical aspect of mechanism
design is preference revelation—indeed, one of the primary
aims of any mechanism is to induce agents to reveal private
information that enables the implementation of the SCF to
the greatest extent possible.17 In our setting, this manifests as
the RS taking actions to elicit information from—or induce
behavior by—users or creators that reveal something about
their preferences.

While a substantial fraction of mechanism design re-
search concentrates on direct revelation—mechanisms that
attempt to have agents explicitly and completely state their
preferences—such approaches are not generally feasible is
RSs. Cognitive biases typically mean that users cannot reli-
ably state their preferences accurately even in simple settings
(Tversky and Kahneman 1974; Kahneman and Tversky 2000;
Camerer, Loewenstein, and Rabin 2003). Moreover, the vast
number of items in RSs precludes anything approaching com-
plete revelation. When coupled with outcomes that may be
dictated by combinatorial bundles or consumption streams,
and the fact that user utility may be derived from some indi-
rect effect of item consumption,18 we recognize that RSs will
generally rely on indirect and incomplete feedback from users.
Finally, communication costs (e.g., cognitive load, potential—
actual or perceived—privacy concerns) and opportunity costs
(e.g., consumption of less-than-ideal items in the course of
RS exploration) must be traded off against the value of any
information elicited from users or creators.

Some of these factors have been studied in economic mech-
anism design, e.g., dynamic mechanism design (Parkes 2007;
Bergemann and Välimäki 2019), partial preference elicitation
(Parkes 1999; Blum et al. 2004; Hyafil and Boutilier 2007;
Lu and Boutilier 2020), noisy responses and machine-learned
preferences (Lahaie and Parkes 2004; Beyeler et al. 2021),
etc., but largely in rather stylized models. Preference revela-
tion in RSs will look quite different, relying on a combination
of partial, incremental elicitation (Boutilier 2013), attribute-
based preference models to support natural (even conver-
sational) user interaction (Burke 2002; Chen and Pu 2012;
Christakopoulou, Radlinski, and Hofmann 2016), general-
ization of preference estimation across users given observed
behaviors (e.g., as in CF) (Hu, Koren, and Volinsky 2008;

17As noted above, all private information can be encoded in the
utility function.

18E.g., the utility of a content item for one user may be stochas-
tically connected to its educational impact, while for another it
may increase social connection. See Keeney’s (1992) discussion of
means vs. ends objectives.
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Koren, Bell, and Volinsky 2009), bandit-style exploration
(Auer, Cesa-Bianchi, and Fischer 2002; Christakopoulou and
Banerjee 2018; Yue et al. 2012), and much more.

A final important factor is that of preference construc-
tion (Lichtenstein and Slovic 2006; Warren, McGraw, and
Van Boven 2011). Classic mechanism design generally as-
sumes that preferences (and other private information) com-
pletely determine an agent’s utility and are unchanging. How-
ever, users often do not have sufficient familiarity with the
item corpus—nor with novel items that may not yet exist—to
have fully formed preferences. From a behavioral economics
perspective, we might view this as preference construction,
where a user’s interaction with the RS helps shape their pref-
erences. Moreover, we should recognize that user prefer-
ences may change over time in ways that are influenced by
the RS. Naturally, similar remarks apply to content creators
(e.g., their skills, interests or decision-making processes may
change), item vendors (e.g., costs and opportunities may
change), and other actors.19

Information Sharing, Privacy and Control. While pref-
erence revelation is critical to RS design, we must also con-
sider the decisions made by users and creators. These are
autonomous decision makers that, in many cases, rely on
the RS to provide them with information upon which they
base their decisions (e.g., consumption or creation/distribu-
tion). As such, elicitation and (indirect) sharing of some
aspects of the private types of other agents may well fall
within the scope of RS’s policy, and will play a critical role
in improving ecosystem outcomes and social welfare.20 The
information sharing of traditional RSs—recommendations to
users, realized engagement to creators—offers far too narrow
a communication channel for this purpose.

As one example, consider a creator (or vendor) whose
item does not attain the desired engagement (or sales). In a
complex RS ecosystem, the possible causes are myriad: (i)
there is no demand for this type of item; (ii) item quality or
other attributes make it unattractive to most users who might
otherwise seek this item; (iii) numerous other creators offer
similar items; and so on. The first two causes reflect user
preferences while the third arises due to the “competitive
landscape.” The most suitable creator response to each of
these causes of low engagement is, of course, quite different.
Unfortunately, the creator will have limited visibility into
these causes, and generally be hampered in their decision
making as a consequence. By contrast, the RS generally has
much greater insight into both the specific preferences of the
entire user population and the items of other providers that
might be reducing the target item’s engagement. Designing
information-sharing mechanisms that allow creators to make
more informed decisions could dramatically increase the
ecosystem value created by RSs.21

19Some of what is colloquially interpreted as “preference con-
struction” may be recast as changing the state of knowledge (e.g.,
item familiarity) of the user, which allows them to “apply” their
well-formed preferences to item consumption differently.

20See Myerson (Myerson 1983) for a treatment of information
sharing by the principal (RS in our setting).

21In some sense, this could be viewed as the RS providing “mar-

Mechanisms could include the creation of marketplaces
with suggestions regarding under-served parts of the mar-
ket/audience, or “nudging” specific creators with hints about
potential improvements in their item offerings. Doing the
latter effectively may require the RS to estimate (or elicit),
say, the “skills” of the creator.22

It is essential, of course, that such mechanisms preserve
the privacy of sensitive data (e.g., specific user preferences,
specific behaviors and private information of “competing”
creators). The use of aggregate audience demands, differen-
tially private item representations (Chien et al. 2021; Fang,
Du, and Wu 2022; Ribero et al. 2022) and novel mechanisms
to give users and creators fine-grained control over usage
of their data are key enabling technologies that should be
explored.

Strategic Behavior. Accounting for strategic behavior is
a fundamental aspect of mechanism design. Classic mecha-
nism design research typically assumes that agents are hyper-
rational in two senses: (1) they reason about and plan their
own behavior optimally under fixed environmental assump-
tions; and (2) they anticipate/determine equilibrium behavior
in the presence of other strategic agents. Strategic behavior
clearly plays a role in RS ecosystems, as hinted above, but
creators and (especially) users will generally behave in a
boundedly rational fashion, a topic that gets relatively sparse
attention in mechanism design (Zhang and Levin 2017; Kar-
aliopoulos, Koutsopoulos, and Spiliopoulos 2019).

Users will no doubt fall prey to behavioral biases that
influence their choices in an RS, e.g., framing or endow-
ment effects, hyperbolic discounting, recency bias (Tver-
sky and Kahneman 1974; Camerer, Loewenstein, and Rabin
2003); and while they may exhibit some long-term planning
capabilities—potentially even seeking to influence future rec-
ommendations (Guo et al. 2021)—they are unlikely to engage
in strategic reasoning w.r.t. the behavior of other users, cre-
ators, or the RS itself. By contrast, we expect that creators
will have greater incentive to reason strategically, especially
in regard to “competition” for market share or audience in the
RS. In either case, optimal RS policies (ignoring inherent non-
stationarity) should generally aim to produce approximate
equilibria—either in a dynamical systems sense, a game-
theoretic sense, or some mix of the two (Tennenholtz and
Kurland 2019; Ben-Porat and Tennenholtz 2018; Mladenov
et al. 2020b; Akpinar et al. 2022).

Joint Optimization. Another daunting practical challenge
in mechanism design is the computational demands of out-
come selection. Even if information revelation and strate-
gic issues are managed, outcome selection often requires
solving difficult combinatorial optimization problems since
outcomes must embody the features that are relevant (i.e.,

ket research” to creators to enable the design of better items, as in
conjoint analysis for product design (Green and Srinivasan 1990) or
product line optimization (Kohli and Sukumar 1990).

22This is an example of private information that we don’t collo-
quially consider part of the creator’s utility function; but of course,
formally, it can be encoded as such.
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utility-bearing) to every agent in the system.23 In a recosys-
tem, the RS must consider the impact of its policy on the
outcomes experienced by all agents in the system.

Even in one-off recommendation settings, as discussed
above, this can induce a complex (offline or online) matching
problem—matching millions or billions of users to thousands
or millions of items and their creators—when creator be-
havior is influenced by the RS. As suggested above, an RS
that attempts to organize or influence creator content pro-
duction faces a problem akin to facility location. When user
outcomes are defined w.r.t. entire sequences of recommenda-
tions, the optimization of the RS policy from the perspective
of a single user is a form of Markov decision process (or
reinforcement learning problem). Moreover, most of these
problems have to be solved under conditions of incomplete
information, turning (say) user sequence optimization into a
POMDP. Finally, an optimal RS policy will generally take
steps to gather information to improve its ability to make
good recommendations, which will require computation in-
volving quantities such as information gain or expected value
of information (Shachter 1986). Most of these constituent
problems are themselves combinatorial in nature, with very
large inputs: the number of users, the number of creators, the
number of items, high-dimensional embedding representa-
tions, etc. Taken together, these problems require consider-
able research to develop approximate or heuristic solution
techniques that scale to practical recommender ecosystems.

Part III

A Nonstandard Form of
Mechanism Design

We now enumerate a selection of research directions that
should improve our ability to design recommender systems
that work effectively in complex ecosystems. Many of the
research questions that follow can be posed and addressed
without appeal to mechanism design; however, some aspects
of these problems—and especially the connections across
these problems—are placed in clearer focus when viewed
through the mechanism design lens. For this reason, we use
classical mechanism design as our starting point for much of
the discussion. That said, these challenges make clear that
the practical design of recosystems requires that one take
some license with the modelling, algorithmic and analytical
techniques usually adopted in mechanism design, resulting
in a decidedly “nonstandard” form of mechanism design.

23For example, classical auction designs like VCG are simple in
the single-item case (McAfee and McMillan 1987), since at most
one bidder receives the item, so the outcome space is small. By
contrast, combinatorial auctions present significant computational
challenges due to the induced (set of) optimization problems that
must be solved for mechanisms like VCG to be used (Cramton,
Shoham, and Steinberg 2005).

5 User Preferences: Modeling, Elicitation
and Exploration

Considerable RS research and practice deals with the pre-
diction of user affinities for items, which are used to “score”
candidate items for recommendation. To the extent that these
reflect user utility—for instance, if the sum of the affinities
of items consumed by a user reflects their utility—we can
view such RSs as attempting to uncover user preferences to
better optimize its action choices, in the spirit of mechanism
design.24

5.1 Indirect, Behavior-based Preference
Assessment

A key distinction between the typical RS approach to prefer-
ence assessment vs. classic mechanism design methods is the
fact that a user’s affinities are generally estimated from the
past behavior (e.g., clicks, views, or other consumption behav-
ior) of both the user in question and other users (e.g., using
methods such as collaborative filtering (Salakhutdinov and
Mnih 2007; Koren, Rendle, and Bell 2011)). In mechanism
design, the problem of incentivizing agents to reveal private
information truthfully (or expend effort to support collective
decision making) when this information is to be aggregated
to generate a predictive model has been studied under the
guise of incentive-compatible machine learning (Dekel, Fis-
cher, and Procaccia 2010; Balcan et al. 2005). Adapting such
models to the complexity of recosystems would be fruitful,
though strategic reporting on the part of users may be rare in
typical RS settings.

That said, generalization error should be accounted for in
any assessment of user preferences (including when trade-
offs are to be made, as we discuss below). Moreover, the
assumption that a user’s behavior (e.g., choice of item from
a slate) is indicative of their preferences ignores the possi-
bility of various cognitive biases and heuristics that drive
that behavior, e.g., anchoring, framing or endowment effects
(Tversky and Kahneman 1974; Camerer, Loewenstein, and
Rabin 2003), position bias (Joachims et al. 2007), or even
phenomena like popularity bias (Abdollahpouri 2019) that
may be partly or wholly induced by the RS itself. Given the
noise, biases and incompleteness of such affinity models, we
may need richer optimization techniques than those usually
considered in mechanism design.

5.2 Exploration: Indirect Revelation
Another characteristic of the classic RS approach to prefer-
ence assessment described above is the fact that no explicit
steps are taken to reduce uncertainty in the RS’s assessment
of a user’s preferences—models are trained on the “organic”
behavior of users interacting with their recommendations.

24We note that this incorporates just one aspect of mechanism
design, namely preference revelation, with no multiagent preference
aggregation via an SCF, nor any accounting for strategic user behav-
ior. We will use the term “in the spirit of mechanism design” to refer
to methods that evoke one or more elements of classical mechanism
design rather than the full framework.
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This stands in contrast to mechanism design, where the mech-
anism takes explicit steps that induce (possibly indirect) rev-
elation of preferences.

Of course, considerable work has addressed exploration
in RSs, where, for example, (contextual) bandit methods are
employed to present novel items to users to construct more
refined models of their preferences (Li et al. 2010; Tang et al.
2014).25 Active exploration of this form can be viewed as
incremental, indirect preference revelation in the spirit of
mechanism design.

Generalization across users remains an important feature
of such models. This in itself raises questions of a multiagent
nature, since the value of making an exploratory recommen-
dation to one user—one which is not predicted to be best
for that user in the current context—may lie largely in the
ability of her response to improve estimates of other users’
preferences. Given that exploration imposes costs on users
(at least an opportunity cost, if not annoyance, delay, etc.), in-
teresting questions emerge regarding the potential impact too
much exploration may have on user satisfaction or retention,
and the equitable distribution of exploratory actions over a
user population. Recent work has begun to consider strategic
elements that emerge in exploration (e.g., Liu, Mania, and
Jordan 2020).

5.3 Explicit Preference Elicitation: Direct
Revelation

Methods for explicit preference elicitation have been studied
extensively in the RS community, as well as in management
science, operations research and many other research commu-
nities (White, Sage, and Dozono 1984; Salo and Hämäläinen
2001; Rashid et al. 2002; Boutilier 2002; Toubia, Hauser,
and Simester 2004; Boutilier et al. 2006; Pu and Chen 2008).
The aim is to ask a user one or more questions about their
preferences over items, which is akin to incremental, direct
revelation in the mechanism design sense. A variety of query
types can be used to assess preferences over items. Two broad
classes are those that ask about items directly and those that
ask about item attributes. The former class includes rating
queries (“How much do you like item i?”), choice or com-
parison queries (“Which item from set I do you prefer?”),
and ranking queries (“Rank items from set I in order of
preference.”), each of which can be framed using a variety
of modalities (text, image, GUI, speech, and combinations
thereof).

By contrast, attribute queries focus a user’s attention on
specific properties of the items in the corpus, e.g., color,
weight, price, the presence of various product features, etc.
Attribute-based methods are frequently used in multiattribute
item spaces, such as shopping domains (Burke 2002),26 but
are less common in content domains, despite the fact that
content attributes are often used for content search, filtering
and navigation (e.g., artists, genre in music recommendation;

25We discuss exploration further in the context of items and
creators in Sections 6 and 10.

26Attributes are commonly used for example critiquing (Chen
and Pu 2012) and faceted search (Koren, Zhang, and Liu 2008; Wei
et al. 2013) which are somewhat related to preference elicitation.

topic or news source in news recommendation) (Vig, Sen,
and Riedl 2012), and sometimes for onboarding (Rashid et al.
2002).

Critiquing methods (Burke 2002; Viappiani, Faltings, and
Pu 2006) can also be viewed as a form of elicitation in which
more control is given to the user: when an item i is rec-
ommended, the user can critique the item by requesting a
different item with more, less or a diffrent value of some
attribute than i (e.g., a less expensive restaurant, a camera
with 10X zoom, more upbeat music). Handling open-ended
item critiquing will become increasingly important as con-
versational recommenders (Christakopoulou, Radlinski, and
Hofmann 2016; Sun and Zhang 2018)—where users interact
with the RS using natural-language dialogue—emerge as a
dominant mode of interaction with continued improvements
in foundational language modeling (Devlin et al. 2018; Rad-
ford et al. 2018; Thoppilan et al. 2022). This poses several
new challenges for RSs in assessing user preferences, includ-
ing: understanding how open-ended utterances reflect a user’s
underlying preferences; and dealing with the soft, subjective
nature of attribute usage (Radlinksi et al. 2022; Göpfert et al.
2022).

Whether item- or attribute-based, interpreting user re-
sponses to direct elicitation queries—that is, reliably, al-
beit stochastically, relating them to a user’s underlying
preferences—will have to account for the types of behav-
ioral phenomena and cognitive biases mentioned above.

The revelation principle has meant that direct revelation
mechanisms are the most widely studied within the mech-
anism design research community. However, considerable
mechanism design research has considered the role of incre-
mental and partial revelation, especially when the outcome
space is complex or combinatorial. One example is the body
of work on incremental elicitation in combinatorial auctions
(see (Sandholm and Boutilier 2006) for a survey). The prin-
ciples underlying such mechanisms should play a central
role in the design of RSs for complex ecosystems. This work
also accounts for the strategic behavior of mechanism partici-
pants, though we expect users of most RSs to largely act in a
non-strategic fashion; see the discussion in Section 8.

Even if users are non-strategic, they must perceive value
in the engagement they have with the RS, especially in con-
versational settings or when providing responses to an RS’s
preference elicitation queries. Each interaction imposes a
potential cost on the user, reflecting, say, cognitive burden,
perceived intrusiveness, or time delay in receiving a recom-
mendation. Many elicitation techniques can quantify the ex-
pected value of information (EVOI) of a query—how much it
improves recommendation quality—which can be traded off
against that cost (should the latter be quantifiable) (Boutilier
2002), which can be used by the RS to decide whether to
elicit further or simply recommend. However, the user must
also believe (e.g., through past experience or query relevance)
that the information they provide is worthwhile.

Other complexities must be dealt with when understanding
user preferences, for example, the fact that most preferences
are inherently contextual—they depend on a user’s current
context, e.g., location, activity, companions, mood, etc.—and
conditional—the utility of one part of a recommendation
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depends on other parts of the recommendation.27 Sequential
recommendations are an important special case discussed
below.

Conversational recommenders (Christakopoulou, Radlin-
ski, and Hofmann 2016; Sun and Zhang 2018) have been
proposed as a means to allow more flexibility in a user’s
interactions with an RS, including allowing more open-ended
dialogue to support richer forms of steering, critiquing, prefer-
ence elicitation, and user probing/exploration, and at the same
time allowing the RS to develop a more nuanced understand-
ing of a user’s preferences and context to support many of the
considerations above. The rapid development of generative
AI and foundation models (Devlin et al. 2018; Radford et al.
2018; Thoppilan et al. 2022; Vinyals et al. 2015; Esser, Rom-
bach, and Ommer 2021; Ramesh et al. 2021) holds promise
for building highly performative conversational RSs. For ex-
ample, the use of large-language models (LLMs) to support
multi-turn dialogue-based recommendation (Friedman et al.
2023; Gao, Gao, and Tang 2023) offers an immediate op-
portunity to allow more open-ended preference expression,
critiquing, preference elicitation and recommendation ex-
planation. At the same time, significant challenges remains,
including developing models that are inherently personalized,
and that seamlessly blend the rich, behavior-based models
of users and items commonly used in CF-based RSs with
the rich semantic understanding of items and users afforded
by LLMs. Incoporating multi-modal interactions into RSs
also represents rich opportunities, e.g., using text-to-image
models (Ramesh et al. 2021) to synthesize new content or
stylistic variations of products to allow more efficient user
exploration or critiquing, or using audio models to generate
new forms of preference elicitation queries.

5.4 Unobservable Outcomes
The discussion of preferences above focuses on the assess-
ment, elicitation and revelation of preferences or utilities for
individual items and makes several unrealistic assumptions.
One of these is that fact that RSs usually equate the item
and the outcome. In other words, they treat the consumption,
purchase, or other engagement with the item by the user as
the outcome over which preferences should be assessed.

There are a variety of situations in which this is not the case.
In particular, often the utility-bearing outcomes for a user are
merely facilitated by the item recommended. This embodies
a distinction between what Keeney (1992) famously called
means objectives vs. ends objectives. While an RS talks about
items in terms of their features, user’s often derive value from
the usage of the item facilitated by those features. For exam-
ple, an RS might help a user navigate the purchase of camera
by discussing various features and technical specifications,
but its value may ultimately depend on whether its intended
use in primarily for vacation pictures, nature photos, or great

27We use the term “contextual” to refer to dependence on things
beyond the control of the RS, e.g., a user may prefer more upbeat
music when exercising, and more relaxing music when studying.
We use “conditional” to denote a dependence on aspects of the
decision or recommendation the RS can influence, e.g., a user may
prefer a late reservation at one restaurant, but an earlier reservation
at another.

action shots of kids on their sports teams. Understanding user
preferences over outcomes (the ends) may be more natural
than a focus on item features (the means), especially when the
mapping between the two is complex and better understood
by the RS.

This also implies that user utility is often influenced by
exogenous factors beyond the control of the RS or the user.
For example, a restaurant recommendation may be better or
worse for a specific user depending on the availability of
parking nearby and the nature of the user’s commute. More-
over, the value of a reservation at a specific time—should the
restaurant have highly variable service times—might depend
on whether the user has after-dinner theatre tickets. The out-
comes are stochastic, and such factors require assessing user
preferences and risk attitudes in that outcome space, as well
as having an understanding of domain dynamics.

Finally, latent factors may play a dominant factor in user
outcomes. For example, a user’s true satisfaction with (or
enjoyment derived from) a music playlist will generally not
be observable. Such latent factors may be reflective of (or
even equated with) user utility, and some practical RSs have
started incorporating regular user surveys to assess and pre-
dict factors like user satisfaction with recommended items
(Goodrow 2021). Of course, it may be difficult for a user to
express such factors with any degree of confidence or preci-
sion when asked. Other latent factors may be more directly
outcome-related, e.g., the consumption of news content to
stay current or informed on a specific issue, or entertainment
content to facilitate social interactions with friends. Here the
user’s state of knowledge may be latent, but changes in that
state may be (part of) the outcome of interest.

Notice that each of these factors necessitates a reconcep-
tion of the outcome space relative to traditional RS designs.

5.5 Sequential, Multi-item Recommendation
Finally, in most recommendation domains, typically users
engage with a specific RS repeatedly for the recommendation
of multiple items. This is especially true in many content do-
mains (e.g., listening to music, reading news, watching video
content), but in others as well (e.g., shopping, commerce,
entertainment and dining).28 In some cases, utility may de-
rived over a single session (e.g., a music listening session),
while in others it may extend over long, multi-session hori-
zons (e.g., consumption of news or educational content, or
numerous music sessions intended to broaden one’s musical
appreciation). As such, user value derived from the collec-
tion or sequence of recommendations is not simply the sum
of individual item utilities, and will generally require some
form of sequential optimization using techniques such as
reinforcement learning (RL) or other nonmyopic planning
methods.

In some cases, sequence utility may be a function of indi-
vidual “rewards,” but exhibit a certain risk profile w.r.t. the
sum of rewards (Keeney and Raiffa 1976; Mihatsch and Ne-
uneier 2002; Chow et al. 2017), diminishing returns, or even
the classic sigmoidal utility form of prospect theory (Kahne-

28Exceptions are largely confined to recommendations involving
one-off or infrequent decisions (which tend to be higher-stakes).
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man and Tversky 1979; Prashanth et al. 2016). For instance,
user utility or satisfaction for video content may be convex in
the region of low cumulative reward (a large amount of low
reward content may be viewed as unsatisfying, or a waste of
time) and concave in the region of high cumulative reward
(saturation or diminishing returns).

In other cases, utility may not even be a function of the
isolated scores or rewards of the individual items; it may
instead depend on other properties of the items in the se-
quence and their relationship. A classic example is content
diversity, where a user may value topic or stylistic diversity
in a consumption stream. In this case, the quality or reward
of individual items is not sufficient to assess the utility of
the sequence; the distribution of diversity-relevant attributes
across the sequence must also be considered.

Preference assessment and elicitation over sequences is
generally much more involved than for single (even multi-
attribute) items. While techniques such as elicitation of re-
ward functions in Markov decision processes (MDPs) (Regan
and Boutilier 2011) and preference-based RL (Wirth et al.
2017) may offer some insights, richer techniques will be
needed in complex recommender domains. Accounting for
behavioral biases (e.g., hyperbolic discounting Laibson 1997;
Ericson and Laibson 2019) and risk preferences (Charness,
Gneezy, and Imas 2013) in the assessment of long-term out-
comes should prove critical as well. Elicitation and assess-
ment over recommendation sequences is also relevant to the
discussion of dynamic mechanism design in Section 9.

6 Creator Incentives, Skills and Beliefs
The providers of the items in the RS’s recommendable corpus
(e.g., content creators, distributors, item vendors) have their
own incentives for making these items available, which in-
fluence their behaviors. These incentives could be economic
or monetary: product vendors have direct monetary inter-
est in recommendations being made to users to whom their
products appeal, while content creators may have a direct
monetary interest in user engagement (e.g., product place-
ment or ad revenue), or indirect economic interest in such
(e.g., eventual monetization of reputation and brand). Incen-
tives might also be driven by social, influence or reputational
factors, e.g., a content creator who derives utility from the
broader influence of their ideas. User engagement may serve
as, at best, an indirect proxy for creator utility.

6.1 Creator Preferences and Incentives
In contrast to the detailed modeling of users (albeit still lim-
ited as discussed above), most RSs do much less detailed
modeling of provider incentives and behaviors, and in many
cases, none at all.29 As our stylized example in Section 3
illustrates, failing to account for creator behavior can have
a significant impact on the utility an RS can generate for its
users. Moreover, a good understanding of creator preferences
allows the RS to better incentivize alternative behaviors (e.g.,
provision of new products, generation of new content) that
can improve overall user utility over time. Finally, given that

29A notable exception is work in online advertising, which we
discuss briefly below.

creators are themselves actors in the system, RSs should gen-
erally balance the utility creators derive from engaging with
the RS against each other and against user utility (Abdollah-
pouri et al. 2019; Akpinar et al. 2022; Asudeh et al. 2019;
Basu et al. 2020; Biega, Gummadi, and Weikum 2018; Celis
and Vishnoi 2017; Singh and Joachims 2018; Heuss, Sarvi,
and de Rijke 2022; Wu et al. 2022; Ekstrand et al. 2022;
Mehrotra et al. 2018). We discuss each of these issues in turn.

Models of provider utility seem to be used infrequently
in practical RSs and incorporated into RS research in fairly
simple ways. To the extent that such models exist, they tend
to be of a relatively simple form, for example, using product
sales (Wang et al. 2015; Louca et al. 2019), user impression-
s/views or the like as a proxy for utility . For example, the
body of work on fairness of exposure focuses on user im-
pressions across different creators (Singh and Joachims 2018;
Heuss, Sarvi, and de Rijke 2022), though without explic-
itly labeling this as creator utility (see Section 10). Different
forms of creator utility are almost certainly at play in real
recommender ecosystems. For example, a creator’s utility for
engagement with their content may be a complex function
of total, cumulative engagement, e.g., exhibiting specific risk
profiles, diminishing returns, sigmoidal structure and satura-
tion, etc. (Keeney and Raiffa 1976; Kahneman and Tversky
1979). This may be especially true when factoring in item
production or sourcing costs, etc. Even factors such as user
demographic mix, the distribution of user engagement across
their audience, and related user properties can play a role
(as can indirect outcomes, as discussed in Section 5.4 in the
case of users). Finally, properties of the temporal sequencing
of engagement or conversions may play a direct role (e.g.,
smoothness).

Given the potential complexity of creator utility, consid-
erable research is needed to develop both indirect prefer-
ence assessment and exploration techniques, as well as ex-
plicit preference elicitation methods. Indirect methods will
of course require understanding how a creator’s preferences
are manifest in their behavior (see Section 6.2).

As we discuss in Section 8, unlike users, we expect creators
to be somewhat strategic in their decision making. This then
requires designing (indirect or direct) elicitation mechanisms
in the spirit of classic mechanism design: the mechanism
itself should either account for the game-theoretic responses
of creators or provide incentives that minimize the degree to
which creators misrepresent or misreport their preferences.
In the case of indirect signals (e.g., the type, quality or fre-
quency of new content generation; pricing and type of new
product offerings), connecting these to the creator’s underly-
ing preferences in equilibrium becomes critical. This may be
especially challenging when monetary compensation is not
allowed, not only due to classic impossibility results in the
theory of mechanism design (Gibbard 1973; Satterthwaite
1975; Roberts 1979), but also because of the need to learn
and generalize behavioral models across creators.

One area in which the principles of mechanism design
have been applied with great success is computational adver-
tising (Mehta 2013; Dave and Varma 2014). If we (somewhat
loosely) view ad servers as RSs—where the ads of specific
advertisers are recommended to users depending on the rela-
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tive affinity a user has for an ad (or the product and services
they represent)—this serves as a successful example of cre-
ator (advertiser) incentive modeling and elicitation. Not only
do classic auction mechanisms or their variants play a cen-
tral role (first-price, second-price, generalized VCG, etc.),
methods such as budget smoothing, ROI metrics w.r.t. conver-
sions, and a variety of other mechanisms can be interpreted as
adding at least some nuance to the usual “additive” clicks/con-
versions view of utility. However, apart from ad “relevance,”
little attempt is made to model user utility to any degree;
and most modeling—whether pCTR or conversion predic-
tions, or even more subtle concepts such as ad blindness
(Hohnhold, O’Brien, and Tang 2015)—tends to focus on user
behavior rather than user utility. Finally, from a creator per-
spective, preference modeling and elicitation—including in-
terpersonal comparisons of utility across creators—is greatly
simplified by the use of quasi-linear utility, where money
serves as the common numeraire. That said, the adaptation
of techniques from online advertising to mechanism design
for recommender ecosystems holds considerable promise.

6.2 Creator Behaviors
Understanding creator preferences is obviously important
when these are incorporated in the SCF. However, even if the
SCF inputs consist solely of user preferences, since creator
behaviors are shaped by their incentives, creator preferences
themselves impact the ability to optimize a “pure user” SCF
as we showed in Section 3.

The behaviors or decisions of any rational actor are based
not only on their preferences, but also on their available
actions and their beliefs. Hence, modeling creator behaviors
may, in many cases, be best served by modeling both:

(a) their action spaces. For example, what skills and re-
sources to creators have to generate new content, of spe-
cific type and specific quality? What abilities do vendors
have to source, design and/or manufacture new products
and at what capacity and cost?

(b) their beliefs: For example, what do creators believe (e.g.,
are they able to predict) about the audience for a new
content item, the time and cost required to generate at-
tractive new content for an existing or new audience, or
the anticipated quality of the results? What does a vendor
believe the market will be for a new product as a function
of its price?

Predictive models of creator behavior may be feasible with-
out explicit modeling of skills and beliefs, at least in simple
cases. For instance, our stylized example assumes creators
abandon the RS if they do receive sufficient user engagement
with their content. Note that this model of behavior does
not explicitly capture any form of utility, but could be rel-
atively simple to learn (given, say, sufficiently exploratory
and generalizable data). However, the underlying explanation
for abandonment w.r.t. creator incentives and costs, available
actions/responses, and beliefs, allows for a much richer set of
robust interventions by the RS with more predictable effects.
For example, a creator might abandon the RS because they
believe there is little audience for the type of content they
produce, or because they believe other creators offer higher

quality content of the same type. How the RS responds to
keep the creator engaged (either to improve utility for that
creator, drive value for users, or both) depends on the ratio-
nale for their abandonment decision. We discuss this further
in Section 7.

Developing models of creator skills and abilities, of creator
beliefs, and of creator decision-making policies—especially
those that generalize across creators—present a number of
interesting research challenges. Among them are: developing
models of the appropriate form; exploration and elicitation
methods for indirect/direct assessment of these models; and
appropriate incentivization for revealing this private informa-
tion when creators deliberate strategically.

7 Information Asymmetry and Ecosystem
Health

The “health” of a recommender ecosystem is often discussed
without precise definition, but is typically evoked to refer to
the ability of an RS to generate diverse recommendations to
its users. We take a somewhat broader, though still informal,
view, equating recosystem health with the ability of the RS to
generate significant value for all of its participants over the
long run. This may encompass a variety of factors relating
to the total utility or welfare it generates for users, creators,
vendors, etc.; the distribution of this utility; the facilitation
of user well-being; the ability to generate beneficial social
dynamics; and much more. Many of these factors may, of
course, incorporate diversity as one component (see Part IV).

Importantly, we think of health not as a “snapshot” of util-
ity generation, but rather as the RS’s ability to anticipate and
respond to fundamental changes in the underlying ecosystem,
for example, as user preferences and tastes evolve, as new
content creation or product production capabilities emerge, or
as user/creator communities form and disband. Moreover, we
expect an RS to take actions to promote, or at least facilitate,
beneficial changes.

Since the value created by the RS depends on both the pro-
duction/provision decisions of item providers (e.g., content
creators, vendors) and the consumption decisions of users, it
can often impact value creation most directly by supporting
this decision making, encouraging decisions that maintain
ecosystem health and promote long-term social welfare. Here
we focus primarily on content creation (or item production)
decisions to illustrate some key insights and research chal-
lenges.

One of the impediments to ecosystem health is the non-
trivial information asymmetry that exists between the RS and
content creators. First, we note that the RS has rich models of
user preferences over the existing item corpus. If we assume
that this model generalizes out-of-corpus to some degree,
we can treat this as a comprehensive model of latent user
demand over content space which predicts affinity or utility
for hypothetical items that do not (yet) exist. Second, the
RS has a holistic view of the corpus itself, and potentially
some insight into the abilities of providers to source or create
new items (see discussion above of creator skill). This serves
as a deep understanding of both the current and potential
supply of items for recommendation and consumption. Un-
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fortunately, no provider has the same breadth of insight into
global demand or supply, since they tend to interact with
only a small subset of the user population. This information
asymmetry limits the ability of creators to make informed
content generation decisions, and is a key source of economic
inefficiency.

To illustrate (see discussion on Section 4), consider a cre-
ator whose content does not attain the desired user engage-
ment: as discussed above, possible causes include: (i) no
demand for this type of content; (ii) content quality makes
it unattractive to most users; or (iii) numerous other creators
offer similar items. While the RS has information that distin-
guishes these causes, the creator may not. In most RS settings,
creators are left to their own devices to explore, design and
test new offerings—a process that is generally inefficient,
costly, and sometimes disincentivizing.

Breaking the information asymmetry through some form
of direct or indirect information sharing can improve the
decision-making capabilities of creators and drive significant
improvements in both user and creator utility. For instance,
if the competitive landscape is limiting a creator’s audience
(cause (iii)), the RS could either communicate this directly,
or provide more indirect guidance by “steering” the creator to
produce content in a less well-supplied part of content space
for which latent demand is predicted to be high.

We can interpret the RS demand and supply modeling as a
form of “indirect” market research which can be shared with
creators to enable the production of items that better meet
untapped user demand. But a variety of design and research
challenges must be resolved to make this happen. We list a
few of these here:

• Direct information sharing may not be feasible in many
domains, for example, if it reveals personal user data,
strategically important information about “competitors,”
or sensitive information about RS policies. Indirect or
implicit sharing may be more acceptable; e.g., in our ex-
ample above, revealing the predicted, aggregate audience
for new content in an effort to support a creator’s content
creation decisions. Of course, the leakage of private or
sensitive information (Dwork et al. 2012) must be safe-
guarded in any such mechanism.
• Sharing information alone may not be sufficient to induce

welfare-improving changes in content generation by a
creator. The costs and uncertainty (hence risks) associ-
ated with major changes may serve as a disincentive for a
creator to generate truly novel content. For example, the
creator’s lack of experience, skill or access to resources,
their uncertainty regarding the size/value of the new audi-
ence, and their potential lack of trust in the RS’s “advice”
might all need to be overcome. Hence, appropriate mech-
anisms must be investigated that: incentivize new content
production; de-risk creator exploration; facilitate the de-
velopment of new skills; and open new audiences—all
while maintaining trust in the RS’s suggestions and ana-
lytics. Many such mechanisms (e.g., gradual exploration,
skill development, access to resources) may extend over
lengthy horizons.
• Models of user preferences generally rely on behavioral

interactions with items in the corpus, content features of
these items, or a mix of both. Proposing “hypothetical”
items to creators thus presents some significant challenges.
For example, a collaborative filtering (behavioral) model
will generally embed users and items in some latent space
(see Figure 1). If some point in content space is predicted
to have high user demand, mechanisms for generating
actionable descriptions or prompts for creators is critical.
There may be a significant role for generative models,
such as LLMs (Devlin et al. 2018; Radford et al. 2018;
Thoppilan et al. 2022), or text-to-image models (Vinyals
et al. 2015; Esser, Rombach, and Ommer 2021; Ramesh
et al. 2021), to synthesize language descriptions, item
features, evocative images and the like to serve as effective
guidance for the creator.
• RSs may also play an active role in content creation. There

is an clear trend toward placing generative AI and other
tools in the hands of creators (Gillick et al. 2019; Yang,
Srivastava, and Mandt 2022), and such approaches could
be extended to support explicit product or content “de-
sign.” More than this, RSs are in a unique position to
facilitate a full design-create-test-refine loop for creators
or designers, coupling direct experimentation and analyt-
ics into the iterative design/creation process. In addition,
such experimentation could involve preference elicitation
with willing users to serve as a form of direct market
research.
• While the discussion of information sharing and advising

on content generation above has emphasized individual
creators, the process is in fact one that has to be coordi-
nated across the entire set of creators. Suppose the RS
proposes generation of novel content to one creator that
suggests a certain audience can be reached. A similar
suggestion to a different creator might undercut the au-
dience suggested to the first. As such, we must think of
the problem of “nudging” creators to new parts of content
space as a large-scale joint optimization problem (Prasad,
Mladenov, and Boutilier 2023)—see our discussion of the
Omnipotent Recommender in Section 2, where we loosely
characterized this as a facility location problem. Of course,
the problem is rendered even more complex by the recog-
nition that prompting creators is itself a long-horizon,
multi-stage process. Moreover, there are subtleties associ-
ated with the potential to promote strategic competition:
unlike facility location, where the most effective solu-
tion tends to “spread out” facilities, in an RS ecosystem,
the ideal configuration of production may actually keep
several creators “near” each other, since some degree of
competition for user engagement may actually incentivize
the production of higher quality content.
• Once an RS takes steps to “nudge” providers to certain

points in content space, the incentive for explicit strategic
behavior may, in fact, increase. For example, one creator
may refuse to change its content strategy when prompted
if it believes that this refusal might induce a competing
creator to make such a change (see discussion of Strategic
Behavior by creators in Section 8.2).
• Rather than nudging specific creators—a process that
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requires estimating (or eliciting) a creator’s incentives,
skills and resources— another class of mechanisms for
(indirect or direct) information sharing could include the
creation of semi-open marketplaces that communicate
under-served parts of the market/audience to any creator
interested in filling that gap. This is itself an interesting
market design and optimization problem that should target
desirable (long-run) equilibrium behavior.

• Finally, any mechanism that engages in direct or indirect
information sharing must take pains to avoid sharing sen-
sitive or private information about users or other creators,
or leaking such information when providing any aggre-
gate data, metrics, prompts, suggestions, etc. (for instance,
in the sense of differential privacy (Dwork et al. 2012)).
This includes direct information about the preferences or
behaviors of specific users that a creator does not already
have access to, or revealing information about a competi-
tor’s incentives, strategies, skills or cost structures. While
differentially private methods have been explored in stan-
dard RS settings (Liu, Wang, and Smola 2015; Chien et al.
2021; Carranza et al. 2023), extending such techniques
and analyses to complex recosystems is needed.

8 Strategic Behavior
By strategic behavior, we adopt the standard informal
economic/game-theoretic notion, referring to actions taken
by an agent that anticipate the actions or reactions of other
agents. Our discussion above has largely assumed that users
and creators behave non-strategically. We turn to what strate-
gic behavior might look like for both users and content cre-
ators (or other item providers).

8.1 User Strategic Behavior
We expect users, for the most part, to behave non-strategically.
So when a user is presented with several content recommen-
dations, they will simply select their most preferred option
given their current context, possibly subject to random noise.
In sequential settings, such a choice may be more challenging
since the value of the selected item may depend on future
recommendations/selections, and may influence the recom-
mendations the user receives in the future. Accounting for
the first factor requires that the user behave sequentially ratio-
nally (i.e., plan); but since the RS policy may be influenced
by the initial selection, a user may also invoke some “mental
model” of the RS policy and thus behave in a way to ex-
plicitly influence subsequent recommendations (Guo et al.
2021).

The latter could be viewed as simply planning in the en-
vironment “determined” by the RS policy, and thus remains
non-strategic—this would be the case if the user believes
the RS policy is stationary and/or attempting to act in the
user’s best interests. For example, a user might select a (non-
preferred) track by a specific artist in a music RS because
they believe it will induce the RS to propose additional (pre-
ferred) tracks by that artist moving forward. If by contrast the
user believed the RS were trying to promote specific content
independent of the user’s interests, they might try to take

actions to prevent that, in which case, we might view such
behavior as strategic.

Other forms of strategic behavior might involve spam-like
activity to promote the popularity of a favorite musical artist,
news outlet, or content creator; or to provide excessive ratings
or glowing product reviews to increase the odds of certain
items being recommended to others. Likewise, responses to
preference elicitation queries may intentionally be inaccurate
to manipulate the RS’s future recommendations to the user in
question, to other users, or to impact the providers of the rec-
ommended items (either positively or negatively). Handling
potential mispresentation of preferences during explicit elici-
tation is the primary objective of classic mechanism design
approaches, though as discussed in Section 5.3, any mech-
anism design approach must accommodate a very complex
outcome/preference space and the incremental, incomplete,
noisy and biased nature of practical user preference assess-
ment. With regard to indirect preference assessment (see
Sections 5.1 and 5.2), the somewhat nascent body of work
on incentive-compatible machine learning (Dekel, Fischer,
and Procaccia 2010; Balcan et al. 2005) is certainly relevant,
though currently far from meeting the practical demands of
complex recosystems.

All this said, user strategic behavior, if existent at all, is
likely to be relatively limited. Often it will involve trying to
promote the interests of favorite item providers, and hence
be generally somewhat “cooperative.” Moreover, we expect
users to exhibit extreme bounded rationality w.r.t. the full
complexity of the RS ecosystem—they will rarely consider
the true equilibrium state of the system.

We note that the increased used of explicit two-way com-
munication about a user’s preferences as advocated above—
both in terms of users providing explicit preferences and
critiques, and the RS offering explanations and exploration to
users—is likely to increase transparency and user trust. This,
we believe, will reduce the incentives for users to expend
cognitive effort in attempts at “non-strategic” manipulation
of RS behavior.

8.2 Provider Strategic Behavior
Strategic reasoning is more likely to play a role in the be-
havior choices of item providers, such as content creators
or product vendors, than it is with users. Disregarding any
direct intervention by the RS, a product vendor will generally
choose to offer products for sale that it not only predicts to
have reasonable demand, but that are sufficiently differenti-
ated from the offerings of other vendors, including those that
others may produce or source in response to the choice of the
vendor in question. Price setting will likewise be strategic.
Similar considerations will generally play a role in content
generation by creators even if RS users do not (directly) pay
for that content.

An RS that takes actions to maximize some form of social
welfare must account for provider strategic behavior. The
RS matching policy itself can induce strategic behavior on
the part of content providers, a problem that has been ana-
lyzed by Ben-Porat and Tennenholtz (2018). Extensions of
this modeling approach to richer user and creator preference
models would have tremendous import.
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From the perspective of more direct elicitation of private
information, consider our illustrative example where each
provider requires some minimum audience engagement to
continue making content available. Directly eliciting this
target engagement clearly gives the provider a prima facie
incentive to overstate their target, but not by too much.30

Direct revelation mechanisms of this sort are akin to auc-
tions, where the matching should account for equilibrium
behavior of providers (e.g., as in a first-price auction). But
in many RSs (e.g., content RSs) monetary transfer cannot be
considered, so this class of problems falls squarely within the
area of mechanism design without money (Schummer and
Vohra 2007; Procaccia and Tennenholtz 2009a), which can
be especially challenging to deal with.

Next consider the setting described above in which the
RS takes steps to induce providers to generate (or otherwise
make available) items that will improve overall social welfare
in the ecosystem. Here again, provider strategic reasoning
is likely to emerge, and should be taken into account. For
instance, if creators C1 and C2 are producing content well-
suited to the same audience, they may split the audience,
receiving less engagement than if their content were more
distinctive. To ameliorate this, the RS might prompt C1 to
make slightly different content, to the benefit of the broader
user population as well as both creators. However, C1 might
refuse to do so in the hopes that the RS might then request
that C2 move instead, thus sparing C1 the potential cost and
risk of this change.

Incentivizing welfare-improving behavior across a diverse
set of strategic or semi-strategic providers will require signif-
icant effort involving many aspects of mechanism design.
While direct mechanisms may work in relatively simple
domains (e.g., auction-like mechanisms), in complex set-
tings we expect that more detailed modeling of provider pri-
vate information—utilities (e.g., w.r.t. induced engagement),
skills and costs, beliefs, etc.—and how these elements shape
their strategies and behaviors—especially when providers
exhibit various forms of bounded rationality—should ulti-
mately prove most effective. See also our discussion above of
information sharing, which should take into account the po-
tential strategic effect it has on these actors (Myerson 1983)
(providers in our case).

9 Dynamic Mechanism Design and
Reinforcement Learning

The sequential nature of an RS’s interactions with users,
creators, vendors and other actors brings with it a host of
challenges for the mechanism design perspective. This in-
cludes questions regarding preference elicitation (see Sec-
tion 5.5), learning and optimization. First turning to learning
and optimization, constructing optimal sequential interaction
policies has attracted a fair amount of attention within the
recommendations literature, where a significant body of work

30Notice that while demanding a larger audience increases the
odds of the RS recommending a provider’s content to more users,
it also runs a greater risk of being deemed infeasible given the
demands of other providers, and hence shutting out the provider
from being matched at all (Mladenov et al. 2020b).

has formulated sequential recommendations using MDPs or
partially observable MDPs (Shani, Heckerman, and Brafman
2005) or tackled the problem using reinforcement learning
(Taghipour, Kardan, and Ghidary 2007; Choi et al. 2018;
Gauci et al. 2018; Chen et al. 2018; Ie et al. 2019). However,
the bulk of this work focuses on “local” policies that optimize
for one user in isolation. Extending RL methods to handle the
large-scale interactions present in recosystems will generally
require joint optimization of the form studied in multiagent
RL (Busoniu, Babuška, and De Schutter 2008; Lanctot et al.
2017). The study of such multiagent sequential optimization
for recosystems is currently in its infancy (Mladenov et al.
2020a; Zhan et al. 2021).

Turning to incentive issues and information revelation—
two key ingredients of mechanism design—sequential in-
teractions are the subject of dynamic mechanism design
(DMD) (Parkes 2007; Athey and Segal 2013; Bergemann
and Välimäki 2010, 2019; Sandholm, Conitzer, and Boutilier
2007; Curry et al. 2023), which provides a framework for
mechanism design where different agents can engage with
the mechanism at different points in time and possibly over
varying horizons. Most of the work in DMD addresses prob-
lems involving pricing in dynamic markets (e.g., dynamic
pricing for tickets, surge pricing for ride-share programs,
wholesale energy markets), and adapt mechanisms like VCG
to such settings.

Dynamic mechanisms of this sort may provide useful foun-
dations for mechanism design in recosystems, but cannot
be applied directly for a variety of reasons. One of these is
the fact that the focus on pricing problems allows the use
of monetary transfers to incentivize suitable behavior and
information revelation. But, as discussed above, RSs often
fall within the realm of “mechanism design without money,”
a problem that has been studied in the challenging dynamics
setting only sporadically (Guo and Hörner 2015; Balseiro,
Gurkan, and Sun 2019). A second is the fact in the dynamics
of complex recosystems is rarely known, and often must be
learned. Recent work has explored the use of RL to learning
optimal dynamic mechanisms (Lyu et al. 2022a,b) from re-
peated interactions with the environment. While directions
such as these are promising, nontrivial research is needed to
realize the potential of DMD for modeling recosystems.

Part IV

Tradeoffs and the Social Choice
Function
As discussed above, the ecosystem perspective makes it abun-
dantly clear that an RS must make tradeoffs in the utility it
generates for different actors in the system: users, creators,
vendors, etc. Except in systems with the most trivial outcome
spaces, the incentives of these parties will rarely be fully
aligned. While there are many types of incentive conflicts,
and a variety of ways to “carve them up,” we consider two
classes of tradeoffs here: those involving the preferences of
the individual actors (Section 10); and those that we refer to
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as “social tradeoffs,” pertaining to the properties of the RS
policy that may be less easily articulated in terms of an SCF
over the preferences of individual participants (e.g., these
may be interpreted as imposing externalities beyond the RS
ecosystem itself). We elaborate on this distinction below.

10 Tradeoffs over Actor’s Utilities
One of the primary calling cards of mechanism design is the
use of an SCF to encode the tradeoffs the designer is prepared
to make between the utilities generated by the mechanism for
its participants. For example, maximizing utilitarian social
welfare generally requires that some agents receive greater
utility than others.

Our stylized example in Sec. 3 illustrates this in the case
of RS ecosystems, where there is a fundamental tradeoff
in the utilities that can be generated for different users—we
generate a large increase in utility for the blue users at a small
cost in utility for the red users under the “user utilitarian”
optimal equilibrium policy. Similar remarks apply to the
providers themselves: the “user utilitarian” optimal policy
changes the utility mix among the providers, by more evenly
distributing engagement across the red and blue providers. If
provider utility is equated with engagement, we note that this
too improves total provider utility (hence “provider utilitarian”
welfare). Of course, under different utility functions, user
utility and provider utility may not coincide in this fashion.

The use of mechanism design in the design of RS policies
requires the specification of an SCF. This forces the RS de-
signer to explicitly articulate the tradeoffs they are prepared
to make—which outcomes, across all actors in the system,
they consider more or less desirable—rather than leaving
them to chance. A variety of factors can be brought to bear
in the construction of an SCF. Several broad classes of social
welfare functions include:
• Utilitarian SCFs, which maximize the sum of (expected)

utilities generated over all agents (e.g., users, vendors),
or some subclass (users only). One criticism of a pure
utilitarian approach is that it can generate wide disparities
in utilities across agents (e.g., users or providers), which
some may deem unfair (we discuss fairness further below).
For instance, in our stylized example, if none of the red
users were sufficiently close to the blue provider, the
utilitarian-optimal policy would not have “subsidized” the
blue provider, thus leading to very low utility for the blue
users (and no utility at all in steady state for the blue
provider).
• Maxmin SCFs, which maximize the utility of the worst-off

individual (with least utility), either across the population
or within some subclass. While seemingly more egalitar-
ian, maxmin SCFs can sacrifice a significant amount of
utility for a large number of agents to accommodate the
worst-off agents.
• SCFs with fairness and/or regret constraints or objectives.

These can optimize some primary objective (say, sum of
utilities), while constraining the solution in one or more
respects. Fairness constraints tend to encourage something
akin to maxmin outcomes (ensuring outcome utilities are
somewhat less disparate), while regret constraints can

be used to penalize policies that impose too large a cost
(loss in utility) on any individual in service of the primary
objective (Mladenov et al. 2020b). Fairness is discussed
further below, while regret measures require one to define
baseline behavior (e.g., a default RS policy) against which
to measure the “loss” incurred by an individual.

Naturally, there are many other factors that can be incorpo-
rated into the design of an SCF.

The use of an SCF presents numerous challenges for spec-
ification, elicitation, assessment, measurement, and optimiza-
tion as discussed in the preceding sections. For instance, most
RSs rarely take steps to assess true user, creator or vendor
utility, instead relying on proxy measurements (e.g., return
engagement). From an optimization perspective, the fact that
agent utility should generally be measured over extended
horizons itself presents challenges, since RS rarely optimize
policies non-myopically.

Another challenge pertains to interpersonal comparison of
utilities (Harsanyi 1955). Abstractly, an SCF simply maps
preferences into RS action/policy choices. In practice, how-
ever, one generally assumes quantitative agent utilities overs
outcomes, defines a social welfare function that scores out-
comes as a function of these utilities, and selects the choice
that is score (or welfare) maximizing. As such, the trade-
offs in utility of one agent (or group) against that of another
embodied in the SWF must assume that these utilities (as
estimated or elicited by the RS) are comparable.

The need for quantitative utility functions is especially
acute in RSs, where learning methods are commonly used
to assess quantitative user affinities, and expectations must
be taken over uncertain outcomes. Moreover, boiling things
down into individual utilities and assuming comparability
provides significant traction w.r.t. optimization. But it re-
mains to be seen what one loses in terms of generality. We
note that in much of mechanism design, the use of monetary
transfers and the assumption of quasi-linear utility obviates
this concern (e.g., this assumption underlies most of auction
theory). As discussed above, however, mechanism design
within RSs will often fall within the realm of mechanism
design without money (Schummer and Vohra 2007; Procaccia
and Tennenholtz 2009b).

Questions about disparate treatment of actors are often
treated within the domain of ML fairness. Classical notions
of fairness are concerned with equalising the performance
of a machine learning model amongst groups or individuals
by correcting for various data or modelling biases. In RSs,
these concerns are reflected both on the user and creator
side (Ekstrand et al. 2022; Li et al. 2023), where the goal is
generally to achieve more equitable model quality of user
preferences/item features across various protected groups.
Another form of fairness is that of fairness of exposure, which
deals with the fair distribution of attention to creators, usually
based on their estimated quality, by manipulating the ranking
of recommended items. All of these approaches can be seen
as implicit attempts to promote certain social outcomes over
others, but the relationship between adjusting models and
actual utility of outcomes can sometimes be hard to quantify.
Therefore, SCFs can be seen as a more powerful language
to address these issues at the level of outcomes, rather than
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interventions on models.

11 Social Objectives
Some elements of the SCF may not be readily definable in
terms of the utilities or preferences of the individual actors.
This may be the case, for instance, when the SCF involves
properties of the joint outcome over, say, users, but where
each user is concerned only about their “local” part of that out-
come. One such phenomenon with this property, commonly
discussed in relation to RSs, is that of filter bubbles, and
the potential for induced social or intellectual fragmentation
across the user population (Pariser 2011; Aridor, Goncalves,
and Sikdar 2020). This may emerge when the preferences of
individual users do not explicitly value diversity w.r.t. some
types of content.31 Thus, different user subpopluations, when
engaging with an RS that can effectively maximize user util-
ity, may end up consuming different collections of content.

Whether such filter bubbles are problematic, of course,
depends on the nature of the content in question. A “filter
bubble” in which one groups of users largely consumes mu-
sic from the sub-genre electro-house, while another listens
to indie folk will should not be considered problematic. But
if the content, say, involves diverse perspectives on social,
scientific, civic or political issues of significant social import,
the fact that large groups of users have no exposure to each
other’s perspectives may be of greater concern. This might
be best viewed as a societal value, where these consumption
patterns have a negative societal externality, e.g., prevent-
ing meaningful civic discourse. Penalizing such patterns (or
assigning utility to at least some degree of overlap in con-
sumption) to minimize these externalities within the SCF
(i.e., as part of the RS’s long-term objective) provides one
means for encoding such considerations. Other phenomena
of this sort include polarization and radicalization (Ribeiro
et al. 2020; Musco, Musco, and Tsourakakis 2018), personal
diversity of consumption, “echo chambers,” and the like.32

Finally, it is worth drawing attention to the interaction
between social objectives and fairness. For example, rich-
get-richer feedback loops—which can easily lead to heavy-
tailed distributions of content/creator popularity, influence or
income—are typically seen as undesirable from the point of
view of fairness. Yet, economies of scale often have the prop-
erty that high production-value content can be more easily
produced by a single creator with access to greater resources
or budget than by ten creators, each with one-tenth of the
budget, under conditions of competition. Moreover, having a
few items of content with out-sized popularity may be inher-
ently socially beneficial as “cornerstone content” for building

31This preference attitude may be due to general indifference, or
may be an active social preference, e.g., as in the case of a user’s
perception of being an influential member of a community, and the
associated sense of belonging/identity (Klein 2020).

32Of course, if one believes that these are harmful externalities
for the RS’s users themselves, in principle, one could encode these
considerations in the utility functions of the users; but doing so
would require a deeply sophisticated model of long-term outcome
dynamics. Hence, simpler proxies involving overlap and/or diversity
of content consumption should prove more actionable in practical
recosystems.

genres and communities. It is easy to construct hypothetical
scenarios where fairness and other societal values are at odds.
This too suggests that SCFs should be taken seriously as a
means for addressing fundamental tradeoffs in recosystems.

12 The Elephant in the Room
One of the most fundamental questions in the use of mecha-
nism design to design and optimize recosystems is the selec-
tion of the SCF. While akin to the selection of the objective
in any optimization problem, or loss function in any machine
learning problem—especially those of a multi-objective or
multi-task nature—deciding on an SCF carries with it addi-
tional “baggage,” considerations that (usually) play no role
in ML or traditional multi-objective problems.

One distinction is that tradeoffs are being made over the
utility generated for different individuals. This stands in con-
trast to single-party multi-objective optimization, where trade-
offs across objectives lie in the hands, and only impact, a
single decision making entity. The self-interested agents im-
pacted by the RS policy may not agree with the tradeoffs
being made (see more below). This ultimately raises impor-
tant questions regarding who should help shape the nature
of the SCF, and who should make the final determination?
Such considerations are rendered more complex still if one
is to account for social objectives of the form discussed in
Section 11.

A second factor are the seminal impossibility results which
make the considerations above even more difficult. For in-
stance, Arrow’s (1950) impossibility theorem makes clear
that appeal to some “universal” SCF that embodies incontro-
vertible principles is pointless.33 Even seemingly uncontro-
versial conditions like Pareto optimality can sometimes be
called into question on philosophical grounds (Sen 1970).

Apart from deciding how to aggregate preferences to make
collective choices, the question of accurately eliciting or
estimating the preferences of the participants in the RS
ecosystem is yet a third distinguishing factor. Indeed, the
self-interested nature of the recosystem participants renders
this especially challenging. The classic Gibbard-Satterthwaite
(Gibbard 1973; Satterthwaite 1975) impossibility result states
that no mechanism can incentivize all participants to reveal
their preferences truthfully (except, again, in relatively sim-
ple settings). This result may be of marginally less practi-
cal import than Arrow’s, since strategic misrepresentation
or misreporting of preferences can be both computationally
and informationally difficult, and can often have a relatively
limited impact on outcome quality (Lu et al. 2012); but the
possibility of strategic misreporting should still play a role in
the selection of a suitable SCF.

As a result, determining a suitable SCF may be one of
the most daunting tasks in the application of mechanism de-

33Arrow’s result states that, except in some simple settings, no
SCF (i.e., preference aggregation scheme) satisfies all of a set of
(what are generally viewed as) reasonable conditions. This math-
ematical impossibility does not mean aggregation doesn’t work;
it simply means that, for any (non-dictatorial) SCF, there exists
some configuration of preferences where the SCF will do something
considered to be unreasonable.
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sign principles to the design of recosystems. For any given
SCF, simply predicting its ultimate impact on the realized
outcomes of an RS policy, and the realized expected util-
ity generated for ecosystem players (and their tradeoffs), is
tremendously complex. The development of analytical, simu-
lation, visualization and scenario-analysis tools seems vital
to help in exploring the space of SCFs. This should also play
a critical role in the transparency of RS designs and their
consequences for individuals and societal groups.

Part V

Concluding Remarks
We have defined an ambitious research program, consisting of
a set of challenging—but potentially immensely impactful—
research problems in the arena of recommender ecosystems.
Given the pervasive nature of recommender systems, and
their ever-increasing scope and influence on our daily lives,
success in addressing these research challenges will have
broad implications for scientists studying RSs, practitioners
who deploy RSs, and on societal dynamics and values.
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