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ABSTRACT

Designing incentive mechanisms for multi-agent systems in sto-
chastic and dynamic environments is a critical challenge, as system
outcomes emerge from the complex interplay of agent learning and
environmental uncertainty. Existing principal-multi-agent contract
design methods often assume static settings or ignore learning dy-
namics, limiting their applicability in multi-agent reinforcement
learning (MARL). Furthermore, the contract design space is highly
constrained by feasibility requirements, such as individual rational-
ity and incentive compatibility, making it difficult to explore.

We introduce the principal-MARL contract design problem, where
a principal optimizes both recruitment and incentive contracts eval-
uated via MARL. To address this problem, we propose Constrained
Pareto Maximum Entropy Search (cPMES), a multi-objective Bayesian
optimization framework that treats feasibility as an explicit objec-
tive and selects designs based on information gain over the Pareto
front. Experiments in social dilemma environments demonstrate
that cPMES efficiently identifies feasible, high-performing contracts,
significantly improving coordination and system-level rewards.
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1 INTRODUCTION

In multi-agent contract design, a principal aligns self-interested
agents with a system objective through incentives. Classical models
assume static environments, whereas in many settings outcomes
emerge from agents learning in dynamic environments [12].

Recent dynamic contract approaches [4, 13, 14] do not explicitly
model learning dynamics and must handle highly constrained fea-
sibility requirements, including individual rationality and incentive
compatibility.

When contracts are evaluated in Markov games (MGs), each de-
sign requires solving a multi-agent reinforcement learning (MARL)
problem, making evaluation expensive and stochastic [9-11]. This
raises a central challenge: how can a principal efficiently search for
feasible, high-performing contracts under learning dynamics?

We (i) formalize contract evaluation as a MG with learning
agents, (ii) cast contract design as constrained black-box optimiza-
tion, and (iii) propose a data-efficient multi-objective Bayesian op-
timization framework.

2 METHODOLOGY

We formulate the principal-MARL contract design problem as a
constrained optimization problem over a learning-based MG. The
principal chooses (i) linear incentive weights & = [a1, ..., an] for
the set of entire agents N and (ii) the set of additional agents N,
to recruit, while the set of baseline agents N, cannot be removed

[1,5]. Thus, N, TN, N CN, N,NNpy=0, N,UN, =N,
where N = |N|,N,; = |[N,| and N = |Np|.
The principal solves:
max G(a, Ng) =E_an, [R¥Na]
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Figure 1: cPMES architecture using MOBO to obtain candi-
dates designs at the contract optimization level and the joint
policy = for the given [, N,]| at the MARL level.

where G is the principal’s objective, R*Ne denotes the system
return under contract [, N, ], and £%Na is the joint policy learned
by agents. The first constraints enforce best response conditions.
The second and third correspond to Individual Rationality (IR)
constraints [3] for baseline and recruited agents, respectively, where
¢ is the minimum acceptable expected return for new agents.

For a given contract [, N,], agents learn via MARL in a par-
tially observable MG [7], making both the objective and constraints
expensive, stochastic, and black-box.

To efficiently explore this design space, we propose Constrained
Pareto Maximum Entropy Search (cPMES), a multi-objective Bayesian
optimization (MOBO) framework. The principal’s objective and IR
constraints are modeled using independent Gaussian process (GP)
surrogates [2].

To handle the varying number of IR constraints induced by
recruitment, we introduce a feasibility indicator ¢ (e, N,) that cap-
tures whether all recruited agents satisfy their minimum return.
This yields a compact multi-objective problem balancing predicted
performance and feasibility:

Np
m%xAFg(a, Na), AFg(a, No), npr(ij(a, Ng) 20), (1)
@, Ng ]:1

where AFg and AFy denote acquisition functions for system
performance and recruitment feasibility, IR i (e, Ng) is the surrogate
of the IR constraint of the baseline agent j, and Pr(IR (e, Ng) > 0)
is the predicted probability of feasibility of the IR constraint.

Figure 1 illustrates the entire architecture of the proposed frame-
work. At each iteration, candidate contracts are selected via an
entropy-based acquisition rule, evaluated through MARL, and used
to update the surrogates, enabling data-efficient exploration of con-
strained contract spaces.
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Figure 2: Principal’s objective and recommended feasible
contracts.

3 EMPIRICAL RESULTS

We evaluate cPMES on the SSD Clean-up Markov game [6, 8], a
social dilemma environment with five baseline harvester agents.
The principal may recruit up to five cleaner agents. The contract
variables are the number of recruited agents N, and a tax parameter
«a that redistributes harvester rewards to cleaners. Recruited agents
must satisfy a minimum expected return of zero.

Each contract is evaluated by solving the induced Markov game
via MARL, making evaluations expensive and stochastic. We run
cPMES for 20 evaluations (10 initial designs) across five random
seeds.

Figure 2 shows the feasible contract designs identified by cPMES
and their corresponding system-level performance. Under strict
individual rationality constraints, cPMES consistently identifies
feasible contracts with high recruitment and low tax levels. The
best contract (N, = 5, @ = 0.04) achieves a principal objective of
255.53, a cleaner utility of 0.28, and a harvester return of 49.96,
substantially outperforming the no-recruitment baseline (harvester
utility: 30.27).

These results show that cPMES efficiently explores constrained
contract spaces and discovers incentive structures that improve
welfare in learning-based multi-agent systems.

4 CONCLUSIONS

We introduced the principal-MARL contract design problem, a new
formulation of algorithmic contract design in which incentives and
recruitment decisions are evaluated through Markov games. We pro-
posed cPMES, a constrained multi-objective Bayesian optimization
framework that efficiently explores feasible contract designs under
learning-induced uncertainty. Experiments in a social dilemma en-
vironment demonstrate that cPMES identifies incentive structures
that improve coordination and system-level performance while
satisfying individual rationality constraints. These results highlight
the importance of learning-aware contract design for multi-agent
systems.
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