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Abstract

Fairness is desirable yet challenging to achieve within multi-agent systems, es-
pecially when agents differ in latent traits that affect their abilities. This hidden
heterogeneity often leads to unequal distributions of wealth, even when agents
operate under the same rules. Motivated by real-world examples, we propose a
framework based on repeated principal-agent games, where a principal, who also
can be seen as a player of the game, learns to offer adaptive contracts to agents. By
leveraging a simple yet powerful contract structure, we show that a fairness-aware
principal can learn homogeneous linear contracts that equalize outcomes across
agents in a sequential social dilemma. Importantly, this fairness does not come at
the cost of efficiency: our results demonstrate that it is possible to promote equity
and stability in the system while preserving overall performance.

1 Introduction

Modern economies, at both macro and micro levels, constitute complex multi-agent systems. Interac-
tions between agents often involve contracts designed to align incentives between parties, fitting the
principal-agent model: one party (the principal) offers a reward to another (the agent) in exchange for
a specific outcome. This framework applies to a wide range of real-world scenarios, from employment
agreements to government subsidies.

While usually parties in the principal-agent model are assumed to be greedy with respect to their
own wealth, this assumption doesn’t hold in real-life settings. It’s been shown that it is often not the
case [19], with fairness concerns about the other party being a decisive factor in contracting schemes.
A boss might be inclined to offer bigger contracts to make sure the agent will stay motivated, while
the agent might exercise more effort anticipating bigger contracts rewarding him in the future.

Unfortunately, fair contracts are hard to design. Typically, principals may seek to maximize their own
benefits, overlooking their agents’ wealth. From the agent’s perspective, this can mean accepting
unfavorable conditions or rejecting them altogether, resulting in either exploitation or stagnation.
If contracts are not carefully constructed, inequality can also appear between agents. In retrospect,
encouraging principals to account for the global health of the system in contract design should
enhance social interactions and lead to more prosperous outcomes.

These insights extend naturally to Multi-Agent Reinforcement Learning (MARL), where principals
and agents are all independently seeking to maximize their rewards through strategic decision-making.
Within this setting, a principal can serve as a central planner (who still potentially takes part in the
game), offering contracts that agents may choose to accept or reject. By shaping reward structures
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through contract design, the principal can steer agents toward more cooperative and equitable behavior,
ultimately promoting system-wide efficiency and fairness.

Contributions. Leveraging from Contract Theory (CT) [6]], which provides a principled way to
incorporate incentive designs through contracts, we hypothesize that a fairness-aware principal
can help the system converge to an equilibrium in which agents are rewarded more equally. Our
contributions are as follows:

1. In Section[3] we formalize the principal-agents model through MARL, and state the objec-
tives for the principal and agents in terms of reward maximization.

2. In Section[d] we interpret our setup through the lens of CT, establishing theoretical grounding
for contract validity. We then study the learning of simple linear contracts, using policy
gradient methods.

3. We propose two objectives for contract design (Section[5). The first adapts prior work [25] by
incorporating the wealth of the agents into contract design. The second explicitly integrates
fairness into the principal’s objective. Both approaches are intentionally simple, relying
solely on contractual information and drawing inspiration from the notion of reciprocity
observed in real-world interactions.

4. We verify our methods on a multi-agent sequential social dilemma and explore the emerging
behaviors adopted by agents and principals (Section[6). Our results demonstrate that fairness
can lead to learning contracting strategies that yield a stable and fair principal-agent system.

2 Related Work

Multi Agent Reinforcement Learning is the subfield of reinforcement learning where multiple
agents act simultaneously in a shared environment. The agents may pursue a common objective,
or try to achieve their individual goals. The setting can either be centralized, or the agents may
learn independently [24, [36]. The definition of optimality is problem-dependent in MARL and
includes arriving at some type of equilibrium (Nash, SPE, Stackelberg), achieving Pareto optimality,
maximizing welfare or maximizing fairness [1]]. In this work, we focus on the problem of maximizing
fairness, when agents are acting independently, but their behavior is mediated through a mechanism.

Incentive design is realized by providing external rewards to align agents with a particular goal. It
is one of the fundamental challenges in the field of mechanism design [30]. In the scenarios with
multiple agents, there exists a need to modify the rewards in order to incentivize agents to take desired
actions [31] and when to induce the cooperative behavior among the population [J5 |10, [34} 35} 137].
In our framework we are using identical contracts to as a mean of incentive design, to induce fairness
in the multi-agent system.

Sequential social dilemmas (SSD) are repeated games where agents have to pick between coopera-
tion and defection. Introduced by Leibo et al. [29]], they build on matrix games and study the agents’
behavior in a repeated setting. We test our solution on an SSD, Coin game [20], where agents don’t
have an explicit incentive to cooperate. Using simple contracts to get the heterogeneous population
of agents to cooperate in SSD is one of the main contributions of this paper.

Contract theory is a well established subdomain in the field of economics [6, 23} 28}, [32], which
recently started getting attention in computer science [2, 4} [16] [17, [18] 22]]. Principal-multiple
agents model, has already been a topic of several groundbreaking works [9, [14}[15]]. Informational
assumptions vary and include bandit games [33]], learning in repeated settings 22} 21} [12] and hidden
rewards settings [[11]. Reinforcement learning in the principal-agent framework has been introduced
by [25]], which we adapt for this work. However, our work differs in several key aspects. Specifically,
we assume that both the principal’s and all agents’ policies are learned continuously. Additionally,
agents are heterogeneous independently learning without sharing any parameters.

Typed contracts is a line of work in contract theory that considers contracting agents with hidden
types. Two main approaches to the typed contracts are menus of contracts and type-soliciting
contracts [16]. Menus of contracts [8] represent a tuple of contracts for each type. It is then up
to the agent to select not only an action but also a type. In type-soliciting contracts [3] an agent
is asked to declare his type, based on which the principal makes a contract offer. A contract is
incentive-compatible if the agent not only declares his true type but also takes action to implement



the contract. Types might be multi- or single-dimensional, known or hidden [16]. Our framework
falls in neither of the two traditional approaches since agents in our case have no control over their
type, but at the same time, they are not being asked to disclose it to the principal. The difficulty in
our case is to offer the same contract for each type, with agents never disclosing this information with
the principal, which can only be elicitated by using historical data.

Fairness in multi-agent systems can be defined in several ways. In this work, we focus on equity,
which aims to ensure that each agent obtains comparable benefits from the system. Equity-driven
learning has been explored under the assumption that agents can observe each other’s rewards [26]. An
alternative approach is inspired by cake-cutting algorithms, where agents receive wealth allocations
based on their private valuations [[7]. Proportional fairness is one such concept [27]], and states
that any gain by one agent must result in proportional losses to others. Finally, individual fairness,
formalized using the Lipschitz condition [13]] requires similar agents to receive similar outcomes,
according to some distance metric. In our setting, the agents’ types and the principal’s share are
unknown. While individual fairness can be evaluated under perfect information, the principal can’t
ensure it without either approximating or having access to the agent type, making the equity a more
practical objective.

3 Preliminaries

Markov Games. A finite horizon n-player Markov game can be formalized as a tuple M =
(S, A, T,R,T,s,), where S is a set of states, A = A! x ... x A™ is a set of discrete actions for each
player, 7 : S x A — AS is a transition function, R : S x A x S x {1,...,n} — R* is a reward
function, 7" is an horizon and sy an initial state.

At each time step t, all players observe the current state s; € S, select actions a; = (aj, ..., a}) € A,
and receive individual rewards r; = (r},..., ). The following time step, the game transitions to
a new state s;y1 ~ T'(s¢,a;). This process repeats until the horizon T is reached. Each player i
follows a policy 7% that maps their observations to a distribution over actions in A%

Heterogeneous Principal-Agent Markov Games. To introduce contracts into this framework,
we define an heterogeneous principal-agent Markov game [25] as an (n + 1)-player extension of
an underlying n-player game M. Formally, we denote it as M, = (M, B, A,, 0, Ry, R,), where
the first n players are agents, and the additional player indexed p = n + 1 acts as the principal. B
is the action space of the principal, which is the set of contracts. The joint action space of agents
is A, = Al x -+ x A", where Al = A" U {reject} augments the agent’s action space to include a
"reject contract" action.

To capture heterogeneity among agents, each agent i is endowed with a type §* € 6, not directly
observable by the principal. Types may represent differences in skill, efficiency, or preferences.
Following [37], we assume that an agent’s type scales their effective contributions 6°r;.

The contractual reward function for agents is defined as:
Ra(st, a4, 041,14, b)) = (b (0'r)) — ¢) - L]aj # reject], i #p,
where b, is a contract function that specifies payment based on the original reward, and c is a fixed
cost incurred for choosing to act. Agents who accept the contract receive a reward determined by
the contract and incur a cost c. Agents who reject the contract receive no reward and are treated as
inactive during that step. In contrast, the principal’s reward corresponds to the difference between the
agents’ raw contributions and their payments, e.g., the net surplus:
n
Rp(st, at, St4+1, bt) = Z (917"; — bt(ezrz)) . ]l[ai 7é I'CjCCt].

i=1

In this setting, the joint policy includes both the principal’s policy and the agents’ policies w =
(ma,mp) = (74, ..., 2, 7). The principal-agent interaction unfolds in three steps:

1. The principal proposes a unique and homogeneous contract to all agents upon observing
state s, b ~ (- | s).

2. The agents observe the common state s and respond to the proposed contract b by sampling
an action a’ ~ 7%(- | s,b) from their policy.



3. Anew state s’ is generated from M,,, the agents pay their costs ¢, and obtain their contrac-
tual rewards b(6"r").

This framework allows the principal to shape the system dynamics by offering incentive-aligned
contracts, while agents respond strategically based on their preferences and the contract terms.

Objectives. Within a principal-agent Markov game M, we define the value function of an agent
7 at time ¢ in state s under contract b as the expected cumulative reward obtained from that point
onward, under the joint policy 7r:

T—1

Vi(s) = Mon ZRg(St,atast—&-l»btai)
k=t

stsl, 1 # p.

The value function can analogously be defined for the principal by replacing R, with R,. Each
player (agents and the principal) is assumed to maximize their individual wealth, defined as their
expected return from the initial state: w’ := V{(so). We denote the set of wealth over all players as
W = {w!, ..., w"}, and define the system’s welfare as W := > W.

4 Learning Contracts

To effectively learn principal policies for fair contract design, we must first formalize the core
properties that define a valid CT setting, including the conditions under which agents should accept or
reject contracts. In Section[4.1} we analyze CT literature to assess whether our framework satisfies the
standard constraints. Then, in Section@ we focus on a specific case where contracts are modeled
as simple linear functions of the rewards perceived by agents.

4.1 Contract Theory

The principal-agent model [6, 17, [23| 32]] is characterized by two parties aligning their interests with
the help of contracts. The principal offers a contract, which offers particular payments conditioned
on outcomes. The agent then decides whether to accept the contract or not: if the contract is accepted,
the agent takes a hidden action, bearing its cost. While it is the principal who receives the reward
for the outcome, the agent gets rewarded according to the contract agreed on beforehand. In the
principal-agent Markov game defined in Section [3| we assume that outcomes are identical to the
rewards collected by the agents.

To prevent trivial or degenerate solutions, contract theory imposes three standard constraints [[16]:

1. Incentive Compatibility (IC): Agents are rational and aim to maximize their own wealth.
A contract is IC if the agent’s best response, i.e., the action that maximizes wealth under
the contract, is aligned with the behavior desired by the principal. Actions that satisfy this
condition are called implementable.

2. Limited liability (LL): Contractual payments must always flow from the principal to the
agent. Agents must never have to pay the principal.

3. Individual Rationality (IR): Agents should reject contracts that yield negative expected
returns. Formally, agent ¢ accepts a contract by at state s; if and only if there exists an action
a® € A; such that:

ﬂMpa [(bt(ﬁiri) — c) + ‘/ti_i_l(St_A'_l)|St, by, al = ai] > 0.

We address the LL constraint first. While the principal determines the contract terms and initiates all
transfers, this does not automatically guarantee that resulting payments are non-negative. However,
as shown in the next section, linear contracts allow us to enforce LL by appropriately constraining
the principal’s contract space. From this point onward, we assume that LL is satisfied by design.

When agents act optimally, as assumed in Section [3] the IC and IR constraints are also by definition
satisfied. Agents following optimal policies act only when doing so is more profitable than rejecting
contracts (IC). Since all transfers are non-negative, optimal policies implicitly avoid negatively valued
states, thereby further respecting IR.



Algorithm 1 Principal-Agent Policy Gradients with Linear Contracts

1: Input: (n + 1)-player principal-agent Markov game M,; learning rates 7, (principal), 7,
(agents)

2: Randomly initialize policy parameters ¢J, . .., %, ¢f

3: fork=0,... do

4: for episode e =1,..., N do

5: Reset game M, to initial state sg

6: Initialize episodic wealth @! < 0 for all players

7 for timestept =1,...,7 do

8

Principal selects contract oy, ~ (- | 545 @)
9: Each agent i # p selects action a} ~ 7wi(- | s¢, ;%)
10: Observe rewards r; and next state sy
11: for agenti=1,...,ndo
12: if a} # reject then
13: Pay agent 0} < W + (ab'r; — c)
14: L L Accumulate principal wealth @? < (1 — oy )0'r}
15: Estimate wealth ©% + - SN | i for each player i
16:

/I Gradients can be approximated through any policy-gradient methods (e.g. PPO)
17: Update principal’s policy: ¢ | « ¢}, + 1, Vg, 0P
18: Update each agent’s policy : gf)ch — ¢+ Vet i £ p

However, this reasoning assumes that agents know the environment and the strategies of others.
In practice, agents often operate under partial knowledge of the game and must learn through
interaction. This uncertainty introduces a key challenge: value estimation errors may lead agents to
make suboptimal decisions, inadvertently violating the IR or IC constraints. Let V' denote the agent
1 estimate of its value function. Suppose that, at some state s;, the agent is offered a contract b;, and
selects an action a’ € A; based on the belief that it will yield a higher expected return than rejecting:

EW/\Apa [O‘teiri —c+ ‘7t3r1(3t+1)‘04t7 ai = al} 2 EﬁMpa [WH(StH)’@t’ ai = fejeCt} .

From the agent’s perspective, accepting the contract appears rational and IR-compliant. Yet due to
inaccurate value estimates, the actual return could still be negative, thereby violating IR in practice,
even if not in intent. This illustrates a fundamental tension in learning-based principal-agent Markov
games: agents may act optimally relative to their beliefs, while still accepting unreasonable contracts
due to their poor value estimates. Addressing this challenge requires contract mechanisms that are
robust to agent learning errors, e.g., by explicitly incorporating uncertainty for the contract designer
itself.

4.2 Linear Adaptive Contracts

A particularly interpretable and practical class of contracts is linear contracts, in which agents receive
a fixed proportion of the rewards they help generate, rather than a fixed payment. In this setup, a
contract is parameterized by a single scalar « € [0, 1], representing the agent’s share of the reward.
Linear contracts are not only easier to analyze and interpret, but they also admit efficient geometric
solutions for optimal design [17]. Additionally, it ensures that LL always holds, as the principal
always pays to agents and not the opposite (o« > 0). For these reasons, we restrict the principal
to issuing linear contracts, meaning the contract space is B = [0, 1]. Under this formulation, the
objectives of the principal and agents become:

T—1

Z a0y 50] . 1

t=0

T-1 n
rr}ra)dli’f\,lpa lZ(l — ) Z 0ir
’ t=0 i=1
We address this learning problem using policy gradient methods, treating both the principal and
agents as learners. In particular, we model the principal’s policy as a Gaussian distribution: contracts
at state s are sampled as o ~ N (s, 05), where ps and o, are learned state-dependent parameters.

80‘| , max E"Mpa
3



This stochasticity adds uncertainty to contract offers, preventing agents from precisely predicting and
exploiting the contract dynamics. In contrast, a deterministic contract policy may encourage agents
to repeatedly reject suboptimal offers, effectively coercing the principal into making increasingly
generous proposals.

Algorithm[T]outlines the learning procedure in this setting. After collecting sufficient experience to
estimate policy gradients, both the principal and agents update their policies. However, looking at the
principal’s objective in Equation (I}, an imbalance in learning speeds can be problematic. If agents
have fixed policies or learn significantly more slowly than the principal, the principal can trivially
exploit this by reducing contract values o, thereby maximizing its own profit before agents have the
chance to adapt and start rejecting unfair offers. To mitigate this issue, it makes sense to set a smaller
learning rate for the principal (1, < 7).

Even under balanced learning dynamics, the principal’s policy may still converge to offering contracts
that only marginally satisfy the IR constraint, i.e., contracts that agents are barely willing to accept.
While this behavior is optimal from the principal’s wealth-maximizing perspective, it is undesirable
from a fairness standpoint. This highlights the need to regularize the principal’s objective, either by
promoting agent welfare directly or by penalizing large disparities in wealth across players.

S Regularization for Fair Contracts

Rather than solely maximizing its own wealth, the principal can incorporate fairness considerations
into its objective. To guide the principal’s policy toward fair treatment of agents despite their unknown
types, the reward signal can be modified to reflect this secondary goal. Since promoting fairness
requires some degree of altruism from the principal, this inclination must be quantified. While agents
have type 6%, we can similarly characterize the principal by an altruism parameter A, which captures
the extent to which it values the overall welfare, or fairness of the system, alongside maintaining a
reasonable share of the profits.

In Section[5.1} we introduce a welfare-based regularization approach, inspired by the formulation
in [25]], as a baseline. Then, in Section @l, we present an alternative regularization method that
penalizes disparities in the wealth accumulated by agents, using variance as a fairness metric.

5.1 Welfare-based regularization

It has been shown that directly tying the principal’s objective to agent wealth can encourage more
cooperative behavior [25]. Following this insight, we incorporate system welfare into the principal’s
reward by augmenting it with the agents’ collected rewards. This leads to a modified reward function:

welfare
Rp (56,1, 8¢41,b01) =

I

©
I
—

(1 — ay)0'r} - La} # reject]) + A Z Oirt - 1[al # reject]
i=1

(1 — oz + N0} - 1[al # reject].

I

«
Il
-

Here, the principal observes the rewards 67! for each agent but cannot infer the agent’s underlying
type. The coefficient A plays a central role by modulating the degree of altruism in the principal’s
behavior. When A\ — 0, the principal becomes greedy, which in turn leads to a situation where the
contracts offered exploit agents and let them learn to collect amounts just barely enough to offset
the costs. As A\ grows, the principal becomes altruistic to the point of becoming a central planner,
who disregards its own wealth and seeks to only maximize the welfare of agents interacting with
the environment. The result is thus sensitive to the choice of A, having risks of the system either
converging to unfair, exploitative contracts (low \) or to overly altruistic behavior that sacrifices the
principal’s wealth (high A). This highlights the need for a more nuanced regularization method that
embeds fairness more explicitly and robustly into the contract design objective.

5.2 Fairness-based regularization

An alternative approach is to regularize the principal’s objective based on the fairness over parties’
wealth, rather than overall welfare. Specifically, we suggest penalizing the principal for creating



Table 1: Comparison of training metrics. Standard deviations are provided in the Appendix. *For
NoP, metrics were computed without the principal.

NoP*  Greedy Fix Regularized
Welfare Wealth Variance
A 1 9 12 0.75 1 1.25
1-Gini 095 0.64 0.95 0.73 0.84 0.87 0.96 0.99 0.97
Welfare  45.7 8.6 449 25.5 323 44.3 449 45.3 44.3
Rawlsian 18.3 -0.3 11.0 1.6 6.8 7.5 12.2 14.7 13.8
AIE 43.4 5.6 42.5 18.7 29.2 38.8 43.1 45.0 43.5

inequalities in the accumulated wealth across all parties, thereby encouraging contract offers that
promote a more balanced distribution over an episode.

Let W; represent the cumulative wealth of all parties up to time ¢, and let F'(W;) denote a fairness
metric applied to that distribution. The principal fairness-aware rewards become:

n

Rff‘imess(st, ag, Spy1,b) = Z (1 — ay)0'r} - La; # reject]) + AF(OWV),
i=1

where the principal’s wealth w? € W, is calculated with its non-regularized rewards R,. The
simplest form of fairness endorsing equity would be to just use negative variance in wealth: F/(W) =
—Var[W)]. This formulation is simple and computationally tractable but has a notable limitation:
variance-based fairness does not account for heterogeneity in agent types. As a result, it may fail to
ensure proportional fairness in settings where differences in ability or effort should be reflected in
wealth. Similar behavior can be observed when using either the negative Jain’s or Gini index as I
since both of them also measure equity only.

6 Experiments in the Coin Game

The main goal of our experiments is to see if fairness-aware principals can achieve better fairness in
heterogeneous agent populations. We inspect, whether a linear homogenous contract, conditioned
only on the current observation, can arrive at a stable state with equal wealth allocation. To do so, we
compare wealth Variance Regularization (VR) against 4 baselines:

1. No Principal (NoP): equivalent to a principal with fixed linear contracts o = 1.
2. Greedy Principal (Greedy): the principal has no form of regularization.

3. Fixed contracts (Fix): We fix linear contracts to an arbitrary constant value.

4. Welfare Regularization (WR).

Additional experimental results and details are provided in the Appendix.

Coin Game. We consider a modified version of the Coin Game [20], a sequential social dilemma
that considers two agents, red and blue, who move around a square grid (see Figure[Ta). Their goal is
to collect a coin, which can also be red or blue. The coin is always present on one of the unoccupied
grid spots. Upon collection, a new coin is generated randomly on the grid. An agent (excluding its
type) is rewarded with one point if they collect a coin matching their color. If they collect a coin not
matching their color, they are still rewarded with 0.2 points. Any ties are broken at random. Selfish
agents will give no attention to the wealth of another agent, seeking to maximize their own. It is
detrimental to the welfare of the entire system, with less skilled agents having fewer incentives to
move and stagnate. For the Coin Game to be a principal-agent game, we introduce an additional third
player who doesn’t move on the board and assumes the role of the principal, as described in Section
[3] and allow agents to refuse contracts as an additional action. If a player refuses a contract, it does
not move in the grid.
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Figure 1: Results on the coin game. Standard deviations are computed over three runs and given in
shaded color.

Experimental Setup. Due to reward sparsity on larger grids, we use a 3 x 3 board large enough
to avoid agents moving randomly and collecting a coin that is almost always on the adjacent cell,
yet small enough to arrive at equilibrium policies in reasonable time. Aligning with Section 4.2}
principals always learn linear contracts with shares within [0,1]. We fix agents had fixed types
(Ored, Ovine) = (1.25,0.75). In all of our experiments and aligning with Section principals always
learn linear contracts with shares within [0, 1]. The cost for acting is set to ¢ = 0.01. For the
Fix baseline, we select a constant contract share of 2/3 based on both preliminary experiments and
the intuitive assumption that the principal keeps roughly one-third of the reward, distributing the
remainder between the two agents. All policies are learned using Proximal Policy Optimization
(PPO).

We validate each formulation on the following metrics over three separate seeds:

1. The (1 — Gini) index, which maps equality in wealth to the range [0, 1], from most unequal
to most equal. Denoting y the mean of the parties’ wealth, and n the number of players in
the game:

. 1 n n
1—G1n1:1—m§i:zj:\wi—wj,

2. Welfare, or the total wealth sum over parties: > W.
3. The Rawlsian index, or the wealth of the poorest agent : F'(W) = min W.

4. The product of the (1 — Gini) index and welfare, a metric used in the Al economist [37],
which we call AIE.



Results. Results are presented in Table |1| and Figure [l} VR outperforms all other benchmarks,
achieving consistently near maximal 1 — Gini score, while achieving very high welfare at the same
time. Moreover, the Rawlsian metric is the highest amongst the benchmarks with three players (NoP
consists of two agents only). While WR achieves good results, it is quite unstable, not presenting the
convergent behavior Fix and VR have.

The learning curves of selected algorithms (Greedy, Fix, WR with A = 9, VR with A = 1) can be
seen in Figure[I] The wealth plot of VR (Figure shows how the principal manages to achieve
a fair result, even though in the beginning the welfare was spread unequally. The welfare plot in
Figure[Ic|presents welfare performance during training. Both Fix and VR manage to achieve similar
welfare, while WR gets unstable in the late stages of training. Greedy achieves the lowest welfare
by far, confirming our hypothesis that selfish principals create an inefficient system. 1 — Gini plot
in Figure[Id|showcases how the particular algorithms learn equality. VR achieves a near-maximal
score consistently across all runs. Fix arrives at an equilibrium quite fast, but maxes out in terms of
fairness at 0.95, while WR stands out from both of them, presenting the same unstable behavior as in
the Welfare plot. We have omitted the 1 — Gini score for Greedy due to its erratic behavior.

7 Conclusion and Future Work

We have proposed a framework for designing fair contracts in SSD games with heterogeneous agents
and verified the results empirically. Crucially, we have shown that simple linear fairness-aware
contracts are able to induce a cooperative behavior between agents, ensuring the fairness of the entire
system, without sacrificing welfare in comparison to the baselines.

Limitations. Our experiments are limited to a simple domain, which may not capture the complexi-
ties of real-world settings. Additionally, while linear contracts offer simplicity and interpretability, it
is not necessarily the case for learned contract policies, which remain difficult to analyze.

Future Work. A natural extension of this work involves exploring more expressive contract forms,
where payments can be conditioned on richer outcome spaces. While potentially harder to interpret,
such contracts may offer greater flexibility and effectiveness in steering the system toward desired
outcomes. Another promising direction is to consider deceiving agents who might try to game the
contracts offered by the principal, and how such behavior could be counteracted. Finally, it would
be interesting to explore how adaptive contracts could be leveraged when the principal’s goal is to
allocate wealth according to an arbitrary target distribution rather than ensuring equity.
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A Additional results
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Figure 2: The mean final spread of welfare among principal and agents, with wiskers indicating the
standard deviation. Greedy principal exploits agents, while at the same time achieving suboptimal
wealth. Welfare based regularization and fixed contracts result in disproportions between agents.
Variance based regularization results in almost perfect split of wealth.
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Figure 3: Comparison of mean wealth achieved by players over the course of the training
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Figure 4: Means of contracts of the policy learned by the principal with wealth variance regularization
and A = 1.
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Table 2: Detailed comparison of training metrics
NoP Greedy Fix Regularized

Welfare Wealth Variance
A 1 9 12 0.75 1 1.25
1 - Gini 0.95+0.02 0.64+0.01 0.95+0.01 0.73+0.06 0.84+0.13 0.87+0.02 0.96+0.02 0.99+0.01 0.97+0.01
Welfare 45.7+28 8.6+81 44.9+2.7 25.5+2.0 32.3+16.144.3+2.5 44.942.9 45.3+0.9 44.3+4.2
Rawlsian 18.3+0s8 —0.3+0.3 11.0+0.4 1.6+1.7 6.8+5.0 7.5x2.4 12.24+09 14.7+0.3 13.8+1.8
AIE 43.441.9 5.6+52 42.5+2.4 18.7+3.0 29.2+16.238.8+42 43.1+1.4 45.0x0.8 43.5+4.6

B Training details

Table 3: PPO training parameters

Parameter Principal Agent
Episode length 100

Grid size 3x3
Batch size 1600
Learning rate 2x107% 5x107*
Entropy cost 1075 1073
GAE )\ 0.95

KL 5 1 0
KL target diarg 10~2
Clipping € 0.2
Baseline coefficient 0.5

Compute. All the experiments were performed on a PC with 32GB RAM memory, AMD Ryzen 5
2600X CPU with 6 cores and 3.6 GHz frequency, and NVIDIA GeForce RTX 3060 GPU with 12GB
VRAM. Rollouts were parallelized on CPU using the open source Python package Ray, while PPO
has been implemented from scratch, using Tensorflow 2.19 framework for deep learning. Parameters
were unchaged across all experiments, and are listed in the Table [3] Single experiment took on
average 3 hours to complete.
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