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Abstract

The rise of generative Al and autonomous agents is creating ecosystems in which
stakeholders strategically choose which agents to deploy on their behalf. These
design choices—such as model backbone, prompting strategy, tool access, and
fine-tuning pipeline—are often strategically interdependent, as the performance of
a deployed agent depends on the agents chosen by others. This position paper
argues that this agent design stage should itself be a target for mediation. This
perspective shifts attention from mediating only the downstream interaction among
deployed agents to mediating the upstream stakeholder game that determines
which agents enter that interaction in the first place. We formalize this agent design
stage as a meta-game, show how its equilibria can be collectively harmful, and
discuss how various forms of mediation can realign incentives toward socially
beneficial outcomes. We demonstrate these mediation approaches using both
stylized examples and a real-world case study constructed from empirical LLM-
agent interaction data. We outline concrete research directions for developing
mediators that steer agentic design choices toward socially desirable outcomes.

1 Introduction

With the rapid rise of generative Al and autonomous agents, many real-world applications now
involve interactions between agents endowed with increasingly sophisticated capabilities, including
decision-making and strategic behavior [83, 31} 80, 38| [84]. These agents are no longer limited to
single-turn responses or predefined actions: they can engage in extended reasoning [21} I85]], adapt to
dynamic settings [[72} 13]], and optimize for goals on behalf of their stakeholders [[11} [86].

Stakeholders deploy such agents to act on their behalf across a wide variety of economic environments.
Decision-making processes that were once centralized in human hands are now being gradually
delegated to autonomous systems, with direct implications for economic outcomes [32, 42]]. Agents
are already being employed in domains such as financial trading [69], automated negotiations [44} [1]],
search engine optimization [60] online marketplaces [6]], and resource allocation [39]. These domains
illustrate the promise and the risks of agent-mediated economies.

With advanced capabilities such as reasoning [19], tool use [S7]], and ever-expanding context windows
[53], the volume of agent-driven economies are only expected to increase [47, 67]], making it urgent
to study the extent to which agents can reach socially beneficial outcomes. While each agent is
typically designed to maximize the utility of its stakeholder, it is well known that such self-interested
interactions may lead to market failures and suboptimal outcomes [S5]].

Fortunately, these negative effects are not inevitable, as the literature on game theory and mechanism
design offers a rich toolkit for addressing market failures by introducing mediators: entities that shape
the rules of the game to guide self-interested behavior toward socially desirable outcomes such as
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fairness, efficiency, and welfare maximization [45 22| 161} 56, [73]. Common forms of intervention
include monetary transfers [S9], incentive-compatible coordination signals [7, 8], and information
revelation mechanisms [49,16]. Depending on the assumptions, these interventions can guide agent
behavior toward improved collective outcomes.

This paper focuses on an earlier stage of the pipeline, which we call the agent design stage. In many
Al ecosystems, stakeholders first choose which agents to deploy on their behalf (selecting model
backbones, prompts, tools, and training pipelines) and only then do those agents interact [77, [2].
These design choices are strategically interdependent: the performance of one deployed agent often
depends on the agents chosen by others. We model this stage itself as a meta-game, highlighting a
difference from most multi-agent systems work, which studies the downstream behavior of deployed
agents, and from classical mechanism design, which changes the interaction rules. Our focus is on
mediating the upstream stakeholder game that determines which agents are deployed in the first place.

In this position paper, we argue that the design of AI agents should be mediated to promote
social welfare and other societal objectives, such as fairness, efficiency, and stability. Foundational
ideas from economic theory can, and should, be adopted by ML researchers, practitioners, and
regulators to design better collaborative Al environments. To this end, we adopt a game-theoretic
framework to capture the strategic nature of agent design and to demonstrate how different forms
of mediation can improve outcomes. We first develop these ideas through a sequence of stylized
examples spanning a range of mediation approaches and application scenarios. We then move beyond
abstract settings and demonstrate the role of mediation in a real-world use case involving automated
bargaining agents, using data collected from LLM-based interactions[] Finally, we outline concrete
research directions, discuss alternative perspectives, and conclude with a call for a multidisciplinary
effort to study and develop mediation mechanisms for agent design in emerging Al ecosystems.

2 Agent design as a meta-game

We begin by formalizing agent design among strategic stakeholders through a game-theoretic lens,
adopting the perspective that agent design itself constitutes a meta-game. While it is well known and
widely accepted to model the interactions among deployed agents as a game, our position highlights
an earlier and equally important strategic stage: before agents interact, stakeholders must decide
which agents to deploy. These decisions are interdependent and therefore naturally form a strategic
interaction among stakeholders. We refer to this stage as the agent design game.

Conceptually, this game precedes and shapes the downstream interaction among deployed agents.
For simplicity and clarity of exposition, our framework abstracts away from the details of the induced
interaction game and instead represents its outcomes through reduced-form payoff functions. This
abstraction allows us to focus directly on the strategic structure of the design stage and on how
mediation at this level can influence equilibrium outcomes in agentic Al ecosystems.

Consider n players (stakeholders), each of whom must decide which agent to deploy. For every player
1€ {1,...,n}, let A; denote the set of agents available to them. This set may include, for example,
choices over LLM backbones, prompting strategies, context window sizes, training hyperparameters,
or tool integrations. A strategy profile is a tuple a = (a1, ...,a,) € A := X;A;. Once a profile a is
chosen, the deployed agents interact in the underlying environment. The outcome of this interaction
for player ¢ is captured by a payoff function u; : A — R. Intuitively, u;(a) represents the expected
utility that player ¢ derives when the selected agents are deployed, where the expectation accounts for
both the stochasticity of the agents’ behavior and the uncertainty in the environment (e.g., market
conditions, information structures). This utility can also incorporate costs incurred by the chosen
agents, such as training expenses or inference costs, in addition to the utilities obtained from their
interactions. Players are assumed to be rational and risk-neutral, meaning that their objective is to
maximize expected utility given their competitors’ choice of agents. The underlying interaction
among agents is abstracted into the payoff functions, reducing the model to a normal-form game.

Under the standard assumption of rational self-interested behavior, the relevant solution concept for
the agent design game is the Nash equilibrium [62]: a strategy profile a* € A such that no player
can gain by unilaterally deviating, i.e., u;(a*) > u;(a}, a* ;) for all ¢ and all a; € A;. In other words,
each agent’s design choice is a best response to the others, and the resulting outcome is stable against
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unilateral deviations. We adopt this as the benchmark prediction for how rational stakeholders are
expected to design their agents. While there are various ways to measure the extent to which society
benefits from the outcome of the game, we mostly focus on utilitarian social welfare, defined simply
as the sum of players’ utilities, D _, u; (a)ﬂ However, as we demonstrate in the sequel, Nash equilibria
in agent design games may be misaligned with societal objectives, potentially yielding outcomes that
are Pareto-dominated or otherwise detrimental to social welfare. This motivates the introduction of
mediators—mechanisms that can alter information, incentives, or coordination—to steer equilibrium
behavior toward more desirable outcomes. Example [T demonstrates how the framework can be
applied to a concrete, simple setting that captures real considerations in agent design, and illustrates
how, without interventions, strategic behavior may lead to suboptimal societal outcomes.

Example 1. Two stakeholders engage in automated contract bargaining. Player 1 chooses between a
high-quality costly model F; and a cheap model C; Player 2 chooses a model { E5, Cs} and whether
to enable a market-price tool T, resulting in four strategies (E2, @), (C2,9), (E2,T), (Ca,T).
Agents jointly produce a surplus S(aq, az), divided according to bargaining shares «; (a1, as), while
incurring design-specific costs ¢;(a; ), inducing a utility of u;(a1, a2) = «;(a1,a2)S(a1,a2) —ci(a;).
Appendix [A]specifies a particular form of the surplus, bargaining share and cost functions, encoding
that stronger models raise surplus, the tool both improves efficiency and shifts bargaining power
toward Player 2, and sophisticated designs are costlier. The resulting payoffs are:

‘ (E27®) (027®) (E27T) (027T)
E1[(3.01, 4.23) (3.1, 4.81) (2.82, 4.64) (251, 5.04)
Oy | (4.84, 2.24) (4.62, 3.85) (4.05, 2.36) (3.90, 3.90)

The agent design game introduced in Example [I|has a unique Nash equilibrium at (C1, (Cs,T)),
yielding payoffs of (3.90, 3.90). This outcome arises because C strictly dominates E for Player I,
and (Cs, T strictly dominates the alternatives for Player 2. Yet from a societal perspective, the
equilibrium is inefficient: its total welfare of 7.80 falls short of what is attainable at other profiles.
In particular, the profile (E, (E2, @)) achieves a higher welfare of 8.14 and also Pareto-dominates
the equilibrium, since both players earn strictly higher payoffs, (3.91, 4.23). Although both parties
would be better off deploying stronger models and forgoing the tool, individual incentives drive them
toward a collectively worse outcome, illustrating a market failure.

Remark 1. Example[T} as well as the examples presented later in Section [3] are intentionally stylized
and simplified. Their purpose is to illustrate the meta-game perspective, highlight the types of
inefficiencies that may arise, and demonstrate mediation techniques. In Section[d] we move beyond
these abstractions and show how mediation can improve welfare in an agent-design meta-game
constructed using real data collected from interactions between LLM-based bargaining agents.

3 Fifty forms of mediators

While there are many possible forms of mediation that could be applied to Al design, in this section,
we focus on several fundamental approaches that capture the essence of how outcomes in the agent
design framework can be improved. These mediators differ in their capabilities and the extent to
which they can intervene in the game, ranging from adjusting incentives through payments to shaping
information flows and enforcing institutional rules that constrain the space of admissible agent designs.
Our aim is twofold: first, to connect each mediator to its theoretical foundation in game theory and
mechanism design, highlighting how it has been shown to resolve inefficiencies in strategic settings;
and second, to illustrate how analogous principles could be instantiated in modern Al ecosystems.

3.1 Strategy space restriction

We begin by exploring a natural and simple approach to mediation: restricting the strategy space
available to agent designers. In this approach, the mediator limits the set of models, tools, or design
features that stakeholders may deploy, thereby removing harmful options from the game altogether.
This form of intervention directly shapes the strategic environment and can eliminate equilibria that
are individually rational but socially undesirable. The idea is illustrated in the following example:

2We mostly adopt utilitarian social welfare for simplicity. However, as discussed in Section |4} the same mediation
framework can be adapted to promote alternative societal objectives, such as Nash welfare or fairness (see Remark@).



Example 2. Returning to Example [I] suppose the platform forbids the use of the tool. The reduced
game then includes only the strategies without the tool:

(E27®) (027®)
E, [ (3.91, 4.23) (3.41, 4.81)
Cy | (4.84, 2.24) (4.62, 3.85)

In this restricted setting, it is straightforward to see that the unique equilibrium is the profile in which
both players choose the cheaper model (e.g., by dominant strategies elimination), yielding payofts
(4.62, 3.85) and total welfare 8.47. This represents an improvement over the equilibrium of the
original game, where welfare was only 7.80.

Strategy space restrictions correspond to mediators that limit the available design choice space. Such
interventions are feasible in environments where the platform has direct control over the APIs, tools,
or resources accessible to deployed agents. For instance, a trading platform may forbid certain
order types that enable manipulative strategies, or a social media platform may restrict the use of
engagement-boosting tools that generate harmful dynamics. In other contexts, however, such control
is neither practical nor desirable: forbidding legitimate tools may stifle innovation, reduce efficiency,
or incentivize circumvention. Thus, while strategy restriction can be effective, its applicability
depends critically on the institutional setting and the trade-off between control and flexibility.

3.2 Monetary payments

An alternative form of mediation is to offer monetary payments (or to impose additional costs)
for playing specific strategies in the game. In agent design games, this corresponds to a mediator
influencing the agents’ incentives by adjusting their payoff structure without explicitly restricting
their strategic options. Rather than forbidding undesirable actions, the mediator makes them less
attractive through cost imposition or more appealing through subsidies.

This approach provides higher flexibility and finer control for the mediator compared to strategy
space restriction. Indeed, from a mathematical perspective, the latter can be seen as an extreme case
of monetary payments, where certain strategies are penalized with an additional cost of arbitrarily
large magnitude, effectively removing them from consideration. Thus, monetary payments generalize
the idea of restricting strategies by enabling smooth and modifications to incentives rather than binary
ones. To illustrate this mediation approach, consider the following example.

Example 3. Two stakeholders must choose a communication format for their negotiation agents: free-
form Language (L) or Structured (S). If they adopt different formats, the agents are unable to interact
effectively, leading to costly miscommunication for both parties. The stakeholders, however, differ
in their underlying technological and budgetary constraints. Player 1, who has access to a powerful
proprietary LLM, benefits more from flexible natural language communication and therefore favors
L. Player 2, by contrast, relies on a more limited open-source model and faces higher expenses for
processing language tokens, making a more rigid structured protocol preferable. This asymmetry in
preferences, combined with the high cost of misalignment, motivates the following payoff structure:

L S
L| (5 3) (-2, =2)
S| (-2, -2) (3, 5)

Note that the resulting interaction corresponds to the well-known Battle of the Sexes [[65], which
admits three Nash equilibria: two pure equilibria (L, L) and (.5, S), each yielding an optimal social
welfare of 8, and one mixed equilibrium. In the mixed equilibrium, both players randomize over
their preferred actions (Player 1 choosing language-based communication with probability 7/12 and
Player 2 with probability 5/12) so that misalignment occurs with positive probability. This stochastic
coordination failure reduces the expected social welfare to 11 ‘which is strictly below the welfare of
the pure equilibria. Thus, only the pure equilibria are socially efficient.

As the game admits three Nash equilibria, the eventual outcome is indeterminate. A welfare-
maximizing mediator thus aims to steer the agents toward one of the efficient equilibria. This
can be achieved by leveraging the result of Monderer and Tennenholtz [59], which shows that any
equilibrium can be implemented in dominant strategies by appropriately designing monetary transfers.



Crucially, these transfers need not actually be executed in equilibrium: their mere presence in the
strategic environment is sufficient to steer behavior towards the desired outcome.

In Example [3] the mediator could commit to the following transfer scheme: If (L, S) is played,
Player 1 is rewarded with an additional payment equivalent to a utility bonus of +-8. Symmetrically,
if (S, L) is played, Player 2 is rewarded a similar bonus. This modification changes the payoffs
u1 (L, S) and uz (S, L) from —2 to 6, thereby making L a strictly dominant strategy for both players.
As aresult, (L, L) becomes the unigue equilibrium outcome. Importantly, since transfers are never
actually triggered, the mediator achieves coordination on the efficient outcome without incurring
any real monetary cost. This demonstrates the power of monetary payments to guide design choices
towards socially desirable equilibria without restricting strategies outright or bearing any real cost.

The applicability of monetary-payment mediation in real-world agent design depends strongly on the
system context. In commercial platforms where interactions already involve priced resources (such
as Al services that charge for API calls or tokens, or marketplace platforms where bandwidth and
compute budgets are explicitly metered), the mediator can plausibly implement transfers by adjusting
usage costs or providing targeted subsidiesﬂ By contrast, in open-source agent frameworks, decentral-
ized multi-agent environments, or collaborative research settings, there is often no central authority
capable of imposing or enforcing payments. Thus, while monetary payments offer strong guarantees,
their practical deployment is limited to domains where pricing mechanisms and enforceable resource
accounting are already embedded in the system.

3.3 Correlation devices

Another form of mediation arises through the use of correlation devices, which lead naturally to the
solution concept of correlated equilibrium, proposed by Aumann [7]. In a correlated equilibrium, a
mediator draws a joint signal from a publicly known distribution and privately recommends an action
to each player. Given the recommendation, no player has an incentive to deviate unilaterally, provided
that others follow their own recommendations. This concept extends Nash equilibrium by allowing
coordination on correlated strategies, thereby enabling outcomes that are otherwise unreachable.
Importantly, computing a correlated equilibrium can be formulated as a linear programming problem
and thus solved in polynomial time [[63]]. Moreover, in certain classes of games it is known how much
correlation can improve social welfare: the value of correlation (defined as the ratio between the
optimal correlated equilibrium welfare and the best Nash welfare) has been studied by Ashlagi et al.
[S]], who derived sharp bounds in several canonical settings. The following example illustrates this:

Example 4. Consider the agent design game defined in Example [3] Recall that the game admits three
Nash equilibria: two pure equilibria, (L, L) and (S, S), which are efficient but asymmetric and thus
unfair, and one symmetric mixed equilibrium, which is fair but inefficient. Suppose that a mediator
seeks to implement an outcome that achieves both fairness and efficiency. By employing a correlation
device, the mediator can recommend (L, L) with probability 1/2 and (S, .S) with probability 1/2,
thereby guaranteeing each player the same expected payoff while preserving efficiency.

This distribution is a correlated equilibrium because no player can benefit from deviating from the
mediator’s recommendation. For instance, if Player 1 is recommended to play L, she knows that
Player 2 is also recommended L, yielding her a payoff of 5. Deviating to S instead would lead to the
outcome (S, L), which gives her only —2. A symmetric argument holds when the recommendation
is S: by following it, Player 1 secures a payoff of 3, whereas deviating to L would result in (L, .S)
and a payoff of —2. The same reasoning applies to Player 2. Thus, the proposed correlated strategy
profile is self-enforcing. It resolves the tension between efficiency and fairness: each player receives
the same expected payoff while the overall welfare remains maximal. This example highlights how
mediators can exploit correlation to achieve desirable equilibrium outcomes that are unattainable
under rational and independent behavior alone.

Correlation devices are applicable to real-world Al agent design. In many multi-agent systems, a
mediator can coordinate the design choices of agents, made by the stakeholders. For example, in
multi-agent reinforcement learning, a central training platform may recommend exploration schedules
or hyperparameter settings that diversify agent behavior while avoiding inefficient uniformity. In
online platforms, mediators can guide the design of moderation or recommendation agents; For

3For instance, an online travel platform or financial trading venue could adjust token pricing or API fees to encourage
coordination on communication protocols that improve efficiency.



instance, balancing rule-based filters against LLM-driven models, or signaling when to prioritize
personalization over diversity. In such domains, correlation devices can align design choices to
balance efficiency and fairness, enabling outcomes unattainable through decentralized behavior alone.

3.4 Information design

A further form of mediation arises through the strategic control of information flows, known in
the economic literature as information design. Instead of restricting actions or modifying payoffs,
a mediator can influence the behavior of stakeholders by determining what information about the
environment is revealed to them. This perspective, formalized in the literature on Bayesian persuasion
and information design [49} 17, |15, [16], treats the mediator as an information designer, who observes
the state of the world and commits to an information structure that guides the stakeholders’ beliefs and
therefore their equilibrium actions. Such interventions are relevant in Al ecosystems, where platforms
often possess richer knowledge about user preferences, system dynamics, or global conditions than
individual stakeholders, and can therefore shape outcomes by selectively revealing this knowledge.

Formally, an information-design problem is naturally modeled as a Bayesian game [41l]. There are [N
players, each choosing an action a; € A;. A state of the world 6 € € is drawn from a common prior
distribution po. Payoffs depend on both actions and the state, u;(a, #) for each player and v(a, 0)
for the mediator (e.g., social welfare as before, or another objective aligned with the mediator’s
incentives). Players do not observe 6 directly. Instead, the mediator commits to an information
structure, consisting of a signal distribution 7 € A(Q x S) with marginal p. Each player receives a
private signal, updates her belief about 6, and chooses a strategy o; : S; — A(A;). A Bayes—Nash
equilibrium is a strategy profile such that, given the induced beliefs, no player can profitably deviate
from her signal-contingent action. The mediator’s problem is to choose an information structure
that maximizes expected payoff in equilibrium. Let us consider the following example, in which
stakeholders deploy agents with hyperparameters that must be tuned to uncertain user preferences.

Example 5. Consider N stakeholders, each designing an Al agent to be deployed on a platform.
Each stakeholder must set a hyperparameter a; € R, such as the LLM temperature or an exploration—
exploitation parameter. There exists an unknown state of the world 6 € R, representing the user’s
latent preference (e.g., how exploratory or creative outputs should be). The state 6 is drawn from a
prior distribution N (0, 1), observed by the platform but not by1 the stakeholders. Each stakeholder

aims to align their choice with ¢, with payoff u;(a,0) = —3(a; — 6). Thus, in the absence of

mediated information, stakeholders optimally respond to their prior, leading to misalignment.

The platform (mediator) seeks both (i) to ensure that the average hyperparameter choice reflects the
user’s true preference, and (ii) to preserve diversity across agents, which may increase robustness,
allow adaptation to future users, or generate heterogeneous training data. Its objective is:

N N
v(a,0) = %Zai -0 — %ZZ%%,
i=1 i=1 j#i
where p > 0 governs the relative weight on diversity. In this setting, the mediator’s task is to design
an information structure (signals about ) that induces equilibrium play consistent with its objective.
The resulting game is the prediction game analyzed by Smolin and Yamashita [[75].

Beyond the observation that such problems can be cast as linear programs [26 24} 33]], Smolin and
Yamashita [[75] characterize the optimal information structures in concave games [66] using duality
arguments. In Example[5] the optimal information structure recommends:

al(G) = (271p + ﬁ)e + & — ﬁ ZE]',
J#i
where the e; ~ N(0, 02) are Gaussian noise terms that are independent of § but negatively correlated
across players, for some carefully chosen 2. Intuitively, this policy achieves two goals simultane-
ously: the average of the recommended hyperparameters, % >, a;i(0), is informative about the state
0, ensuring aggregate alignment with user preferences. At the same time, the negatively correlated
noise ensures that individual recommendations are dispersed, preserving diversity. The variance o2

is chosen so as to optimally trade off these two objectives, with stronger anticoordination motives
(larger p) corresponding to larger dispersionE]

41t can also be shown that this recommendation is incentive-compatible, namely, no player can benefit from unilateral
deviation from playing the recommended action.
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Figure 1: The agent design meta-game, taken from Shapira et al. [71]].

Information design is relevant when platforms can access global data. For example, a large recom-
mendation platform can see aggregate user preference signals that individual developers cannot. By
carefully choosing what feedback to provide, the platform can shape agent design, aligning deployed
agents with user needs while preserving ecosystem diversity, robustness, and adaptability.

4 A real-world scenario: mediating the design of bargaining agents

We now demonstrate how mediation can improve outcomes in a realistic agent-design environment
based on empirical interaction data. Consider two stakeholders, Alice and Bob, who each deploy an
LLM-based agent to participate in an alternating-offer bargaining game [68]], with Alice making the
first offer. To construct the agent-design meta-game, we rely on the GLEE framework of Shapira et al.
[71], a benchmark for evaluating language-based economic interactions between LLLM agents. The
framework includes a large collection of bargaining environments spanning dozens of parametrized
market configurations that vary along economically meaningful dimensions such as discount factors,
information structure, horizon length, and communication format. For each pair of models, the
dataset reports the average utility obtained by each player across these configurations, providing an
empirical estimate of their expected performance in heterogeneous markets. We interpret the resulting
payoff bi-matrix (Figure[) as the payoff matrix of an agent-design meta-game in which stakeholders
simultaneously choose which model to deploy across a population of bargaining environments, and
the reported averages serve as estimates of the induced expected utilities. Without mediation, the
unique Nash equilibrium of the game is the profile in which Alice chooses claude-3-5-sonnet
and Bob chooses claude-3-7-sonnet, yielding payoffs of u4 ~ 0.047,up ~ 0.026 and a social
welfare of SW = u4+up =~ 0.073. In what follows, we present two practical mediation approaches,
demonstrate their effectiveness, and discuss how they can be implemented in real-world environments.

Restriction to a closed model family. In our agent-design meta-game, each stakeholder can choose
among a set of 13 candidate models, including proprietary models developed by providers such as
OpenAl, Anthropic, and Gemini, as well as open-source alternatives such as Llama and Mistral.
This formulation is appropriate in environments where the interaction platform merely facilitates
communication between agents while stakeholders retain full freedom over model selection and
deployment. In many practical settings, however, the platform hosting the interaction also provides the
underlying models, and therefore, has the ability to restrict stakeholders to a predefined model catalog.
An even more realistic scenario arises when deployment is limited to models from a single provider
(for example, due to technical integration constraints or commercial agreements). Motivated by such
settings, we consider a mediated version of the agent-design game in which the bargaining platform
restricts both stakeholders to select models from a closed family (e.g., only Gemini models). This
constitutes a concrete instance of the strategy-space restriction mediator introduced in Section [3.1]
Indeed, when the mediator restricts both Alice and Bob to select among Gemini models (excluding the
outdated gemini-1.5-flash), the resulting agent-design game admits a unique Nash equilibrium
at (gemini-1.5-pro, gemini-2.0-flash), yielding an increase of ~ 11.26% in social welfare
relative to the unrestricted settingﬂ This illustrates how platform-level control over model availability
can reshape equilibrium deployment choices and improve ecosystem-level outcomes.

SExcluding gemini-1.5-flash is essential: if it remains available, an additional equilibrium emerges in which both
players select gemini-1.5-flash, resulting in lower welfare than in the unrestricted game. An alternative approach would



Model recommendation with conditional vouchers. In many agent deployment environments,
platforms do not merely restrict the set of available models, but actively recommend specific configu-
rations to stakeholders, e.g., through default selections, ranking interfaces, or automated deployment
suggestions. These recommendations can be reinforced by conditional incentives such as compute
credits, pricing discounts, or priority access to infrastructure that are granted only when stakehold-
ers follow the recommendation. Importantly, such incentives can naturally depend on the joint
deployment outcome: for instance, a platform may provide discounts only when both parties deploy
compatible models, when a recommended pair of agents is jointly adopted, or when deployment
choices satisfy certain interoperability or performance criteria. Formally, this corresponds to a
correlated mediation scheme with state-contingent monetary transfers, in which the platform samples
a pair of recommended models according to a joint distribution and provides stakeholder-specific
vouchers conditional on the realized recommendation being followed by both sides. This can be
seen as a combination of monetary payments (Section [3.2)) and correlation devices (Section [3.3).
Unlike strategy space restriction, this approach preserves flexibility by allowing all models to remain
available while selectively steering equilibrium behavior toward socially beneficial outcomes. In
our scenario, this mediator increases social welfare to =~ 0.0952, an improvement of ~ 29.6%
relative to the non-mediated game. The required transfers remain moderate: the expected transfer
cost is ~ 0.0073, which is ~ 10.0% of the baseline welfare (or ~ 7.6% of the mediated welfare).
Appendix [B] provides the linear program formulation of this mediator and its solution for our game.

Remark 2. The mediators presented here, as well as those discussed in Section[3] can be adapted
to alternative societal objectives, such as fairness —(u4 — u 3)2 or Nash welfare u 4 - up. Since
these objectives are concave, the resulting optimization problems remain tractable, replacing linear
programs with convex programs that maximize a concave function over a convex setﬁD

5 Research directions

Our perspective gives rise to concrete research directions. First, we need richer models of agent
design interactions. Much of the existing literature models strategic behavior after systems have
already been fixed, e.g. in recommendation and search [[13| 43| 46], data sharing [36} 37, [76], and
strategic classification [40]. By contrast, our focus is on the earlier game in which stakeholders
choose architectures, prompts, tools, and training pipelines. A natural next step is to move beyond
reduced-form utilities and jointly model the design game and the induced downstream interaction
game, so that one can ask how mediation at the design stage propagates to downstream outcomes. D

Second, abstract mediation ideas should be turned into a theory of practical mediators. This includes
robust mediators that operate under uncertainty about stakeholders’ preferences, beliefs, or private
information [30} |54} 14} 141 [29] 9], as well as incentive-design methods that implement desirable
equilibria through transfers, rewards, or payoff shaping [81} |34} [82] 35| 58]]. An equally important
direction is to go beyond welfare maximization and design mediators for fairness objectives, building
on various notions of fairness [[73, 23| [12, 50]. On the algorithmic side, this raises tractability
questions, related to recent work on computational aspects of economic models [63 26| 24 10} 27].

Finally, these ideas should be tested in real Al ecosystems, potentially relying on existing game theo-
retic evaluation benchmarks [25} 71, [79]. One promising agenda is to build simulation environments
in which stakeholders choose agent designs, a mediator intervenes, and the resulting agents interact
at scale. Such environments would enable empirical comparison of mediation protocols, advancing
mediated agent design from a conceptual proposal to an experimentally grounded research program.

6 Alternative views

While our perspective emphasizes the importance of mediating Al interactions through various forms
of intervention, there are natural and reasonable arguments against this approach. In what follows,
we outline these alternative views and address their implications in relation to our framework.

be to allow the entire Gemini model family and then implement the welfare-maximizing equilibrium as a dominant-strategy
equilibrium using the zero-implementation technique of Monderer and Tennenholtz [S9]] (as in Example 3).
For Nash welfare, a concave formulation can be obtained after normalizing the game so that all payoffs are nonnegative.
"Related ideas from meta-games and games with commitments may provide useful starting points 52, [78] [48].



Self-correcting markets and intervention risk. A central counterargument draws inspiration from
classical economic reasoning: one could claim that, much like competitive markets, Al ecosystems
tend to self-correct through feedback mechanisms, adaptation, and evolution of incentives [74, 64,
20]. From this viewpoint, external interventions could stifle innovation or introduce inefficiencies.
For example, overly restrictive content-moderation protocols could reduce diversity, leading to
homogenized outcomes or discouraging experimentation [70]. Similarly, in algorithmic markets,
ill-designed fairness or exposure adjustments may reduce aggregate welfare by disrupting natural
competition dynamics or by inducing unintended strategic responses from agents [18] 87]].

This perspective highlights a valid concern: not every interaction requires mediation, and in some
environments, intervention may indeed cause more harm than benefit. Our position, therefore, is not
that mediation is always needed, but rather that we should develop principled methods to determine
when and how mediation is needed. Research in this direction should aim to identify the structural
features of environments—such as asymmetries in information, power, or computational capabilities—
that justify mediation, and to design diagnostic and empirical tools capable of detecting these
conditions in practice. Such an agenda would parallel the role of welfare and efficiency analyses in
economics: understanding when markets fail and when corrective mechanisms are socially desirable.
This concern also calls for the development of transparent and explainable mediation mechanisms,
aligning with the broader movement toward explainable and accountable AI [28|51]. By making
the rationale explicit and interpretable, mediators can enhance trust and legitimacy among affected
stakeholders, fostering confidence in the governance of Al agent interactions.

Fairness and distributional concerns in mediation. Another concern arises from fairness consider-
ations. Mediation, by design, alters the strategic landscape, potentially changing the distribution of
utilities among stakeholders. In some cases, a stakeholder that benefits under unmediated conditions
may lose relative power or utility once mediation is introduced, raising questions about whether
societal welfare improvements justify individual sacrifices. For example, if a dominant agent designer
or platform faces reduced advantage under a fairness-enforcing mediator, one might view this as
unfair redistribution rather than progress. Moreover, mediation may have external effects on entities
outside the modeled interaction. For instance, a mediation mechanism that penalizes certain design
choices might indirectly disadvantage specific tool providers, data curators, or model developers
whose technologies align with those disfavored strategies. In such cases, even if the mediation
improves outcomes within the focal game, it may still be perceived as unfair at the ecosystem level.

We believe the resolution lies in careful modeling. Fair mediation frameworks should explicitly
incorporate these concerns into their design objectives and constraints. Depending on the context, one
may impose Pareto-improvement requirements, add regularization terms penalizing excessive losses
to individual agents, or relax equilibrium concepts to accommodate bounded rationality and fairness
trade-offs. Likewise, when tool providers or other external entities are significantly affected, they can
be formally modeled as players or stakeholders within the same game-theoretic environment. Such
extensions would ensure that mediation mechanisms remain context-aware and socially legitimate,
aligning with both efficiency and equity principles.

7 Concluding remarks

In this paper, we argued that the process of agent design can benefit from careful mediation. By
steering outcomes toward socially desirable goals, mediation can help account for the broader
economic and societal effects of deployed agents. Through a series of stylized and real-world
examples, we illustrated how mediation can take different forms and how these can improve outcomes
in strategic environments. We then outlined a set of research directions aimed at translating these
principles into real-world systems capable of mediating agent design in practice. We discussed
critical perspectives on our approach, emphasizing that opposing views play an essential role in
shaping our understanding of when and how mediation should occur. Constructive debate around
these concerns can lead to effective, transparent, and trustworthy mediators that balance intervention
with autonomy in strategic interactions. We conclude with a call fo action for both practitioners and
researchers, within and beyond the ML community, to join forces in addressing the challenges of
responsible, socially-beneficial Al mediation. By embracing mediation as a central design principle,
we can ensure that the next generation of intelligent systems is aligned with the collective good.
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A Example [T} Detailed utility specification

This appendix details the full construction of the utilities used in Example[I} The aim is to model,
in a minimal yet interpretable way, a setting where two stakeholders design negotiation agents that
differ in sophistication and cost, and where one side can optionally use a pricing tool that improves
efficiency but shifts bargaining power.
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Total surplus. The joint surplus from deploying the two agents is modeled as

S(a1,a2) = so + s1 1{ay = E1] + s2 1[model(az) = Es)
+ sr 1['6001((12) = T] + S12 1[&1 = El, model(ag) = EQ].
Here, s is a baseline level of expected value produced even by low-end models. Coefficients s; > 0
and so > 0 capture the marginal benefit from each player upgrading to a high-quality model. The
term sy > 0 measures the efficiency gain from activating the pricing tool 7', while s;2 > 0 reflects

complementarities when both agents are sophisticated. This specification mirrors real bilateral
negotiations, where improved algorithms or tools raise joint value.

Bargaining shares. To capture the distribution of the generated surplus, we assign Player 1 a
bargaining weight

al(al, (lg) = Qp —+ b1 1[(11 = El} — b2 l[model(ag) = EQ}

— b 1[tool(ag) = T| + b12 1[a; = E71, model(az) = Es].

with the remaining 1 — «(aq, a2) as the bargaining weight of Player 2. The baseline « represents
roughly symmetric bargaining power. When Player 1 deploys the stronger model (b; > 0), their share
rises slightly; conversely, when Player 2 uses a stronger model (by > 0) or activates the pricing tool
(br > 0), the advantage shifts toward Player 2. The interaction term b;5 ensures that joint investment
moderates these effects. This structure mirrors many real negotiation settings, where technological
advantages or exclusive access to analytic tools can influence leverage during automated bargaining.

Deployment costs. Each player pays design-specific costs,

c1(Er) = cig, a(Ch) = ac,
ca(FEa, @) = cap, c2(Cs, D) = cac,
c2(E2,T) = cag + e, ¢2(C2,T) = cac + .

Costs increase with model sophistication and with enabling the tool, capturing compute and engineer-
ing expenses associated with advanced deployments.

Parameter values. We used the following parameters for Example

so =10, s; = 2.1469, sy = 0.7760,

sp = 0.2433, si2 = 1.3017, ap = 0.55, by = 0.00015,

by = 0.01923, by = 0.08344, bio = —0.02606, c1p = 3.2748,
cro = 0.8786, cop = 2.8131, coc = 0.6545, cp = 0.9144.

These values induce a game in which the efficient configuration (E1, (Es, ©)) maximizes total
surplus, but individual incentives favor the cheaper configuration (C, (C2,T)).

B Correlated mediation with conditional vouchers

B.1 Linear-program formulation

Consider a two-player normal-form game with row-player payoff matrix A € R™*™ and column-
player payoff matrix B € R™*™. A mediator draws an action profile (¢, j) from a joint distribution
p = (pi;) and recommends action ¢ to the row player and action j to the column player. In addition,
the mediator may provide nonnegative transfers tf; to the row player and t?j to the column player
whenever profile (i, ) is realized.

The mediator chooses variables

pi; >0, th>0, t5>0 Viem], je€n],

subject to



The obedience constraints require that, conditional on receiving a recommendation, neither player
wishes to deviate. Thus, for the row player,

ZPZJ(A” 7,] +ZtR 20 Vi € [77’L]7 VZ/#Z,
j=1
and for the column player,

Zpij(Bij B;j +Ztc >0, Vj € [n], Vi # j.

Let A > 0 denote the penalty on realized transfers. The mediator solves

R C
pglRaiic me AU +BZ_7 )\Z t —|—t
pr ij — Aij +Zt’?>0 Vi, Vi 41,
Zpij Bij — Bij +Ztc >0 V),V #,
%
2P =1,
i

pij > 0, tij >0, tij >0 Vi, j.
Hence, correlated mediation with conditional vouchers is a linear program. In our experiments we

use A = 1, representing equal weight to welfare and transfer cost.

B.2 Solution structure in the bargaining meta-game

We now apply the above program to the bargaining meta-game induced by the GLEE payoff bi-matrix
in Figure[I] Throughout this section, action indices are mapped to models exactly as in Figure[T] In
particular, indices O, . .., 12 correspond to the ordered list of models displayed next to the payoff
matrix. For the mediated problem, the optimal correlated recommendation is supported on only five
action pairs:

Pio=0.6539,  pi,=00450,  p},o=0.0041,  pioo=02587,  pioye = 0.0382.

The resulting gross social welfare is
> pli(Aij + Bij) = 0.0952,
,J
while the expected realized transfer cost is
D (t + 1) = 0.0073.
(2%
With A\ = 1, the net mediator objective therefore equals

0.0952 — 0.0073 = 0.0880.

The nonzero realized transfers are sparse and small. In particular, the mediator pays the row player
R
t1'6 = 0.0068,
and the column player receives transfers only on

t§% =0.00012, 5%, = 0.00035.

Thus, in this bargaining agent design application, the optimal mediator relies on a highly sparse
recommendation rule together with very limited profile-contingent vouchers.
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C Declaration of generative Al usage

Generative Al tools were used in the preparation of this manuscript for two purposes:

First, we used ChatGPT to polish, edit, and improve the writing quality. More specifically, Al was
used in either of the following forms: (i) the authors asked the Al to go over a specific paragraph
and propose local polishing or fix grammar mistakes; and (ii) the authors provided the Al with a
written paragraph, asked it to paraphrase it with a specific instruction (e.g., "rewrite the following
paragraph more concisely"), and then manually reviewed both the source and output, and rewrote the
final paragraph. In both cases, the Al was not used to generate ideas or generate new content beyond
paraphrasing under explicit instructions, but rather to improve the writing quality of existing text
written by the authors.

Second, we used GitHub Copilot to write the analysis code for the real-world bargaining use case
(Section ). The authors have carefully reviewed both the source code and its generated output to
ensure correctness and alignment with the analysis description in the paper.
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