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ABSTRACT
Correlated Equilibria (CE) provide a robust framework for balanc-
ing individual and collective incentives in multi-agent coordina-
tion. However, real-world applications often impose situational con-
straints, i.e., context-dependent requirements triggered only under
specific conditions (e.g., emergency protocols), which challenge ex-
isting methods. To address this, we propose Situational-Constrained
Density-Based Correlated Equilibria (SC-DBCE) within a Markov
game framework. We develop Situational-Constrained Correlated
Policy Iteration (SC-CPI), the first RL algorithm capable of solv-
ing these equilibria using a smooth Log-Sum-Exp optimization
mechanism. Experiments across multiple scenarios demonstrate
that SC-CPI consistently outperforms baselines in both equilibrium
quality and constraint adherence.
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1 INTRODUCTION
Multi-agent coordination aims to align collective objectives with
individual interests, often arising in settings such as multi-agent
pathfinding, communication, and smart grid scenarios, where ob-
jectives are often mixed cooperative-competitive [3, 7, 11]. A canon-
ical approach to address such coordination challenges lies in game
theory. Specifically, the concept of Correlated Equilibrium (CE)
serves as a powerful framework for resolving mixed cooperative-
competitive dynamics, allowing agents to correlate their strategies
via shared signals to achieve mutually beneficial outcomes.
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While individual objectives are effectively managed by these
equilibrium concepts, modeling the necessary system-level con-
straints remains a significant challenge. Standard game-theoretic
methods typically focus on reward maximization, often neglecting
adequate modeling for auxiliary properties such as fairness and
safety. Moreover, existing works that do address these requirements
predominantly focus on static constraints, e.g., designing cost func-
tions [1] in constrained models or imposing constraints uniformly
through the entire execution [9]. Consequently, these approaches
overlook situational constraints [10], which are critical context-
dependent requirements that must be dynamically enforced only
under specific conditions.

To bridge this gap, we propose Situational-Constrained Density-
Based Correlated Equilibria (SC-DBCE), a novel solution concept
that formalizes situational constraints within the coordination
framework. We further develop Situational-Constrained Correlated
Policy Iteration (SC-CPI), a reinforcement learning algorithm de-
signed to compute such equilibria.We validate our approach through
extensive experiments on the multi-agent game benchmarks[9],
demonstrating that SC-CPI consistently outperforms baselines in
both constraint adherence and equilibrium quality.

2 MULTI-AGENT COORDINATION
We model coordination as a Markov game [5], defined by the tu-
ple ⟨S, {A𝑖 }𝑁𝑖=1, 𝑃, {𝑟𝑖 }𝑁𝑖=1, 𝜂, 𝛾⟩. We adopt Correlated Equilibrium
(CE) [2] as a solution concept. A joint policy 𝝅 is a CE if no
agent benefits from unilateral deviation, ensured by non-positive
regret—the expected gain from switching to an alternative action.

To enforce auxiliary requirements, we utilize state visitation
density 𝜌𝝅 (𝑠) =∑∞

𝑡=0 𝛾
𝑡 Pr(𝑠𝑡 = 𝑠 |𝝅 , 𝜂) [6]. We focus on situational

constraints 𝜓 : 𝜑𝑐𝑜𝑛𝑑 → 𝜑𝑟𝑒𝑞 , formalized as logical implications
over densities. This structure captures context-dependence via the
equivalence ¬𝜑𝑐𝑜𝑛𝑑 ∨𝜑𝑟𝑒𝑞 : the requirement 𝜑𝑟𝑒𝑞 is strictly enforced
only when the context 𝜑𝑐𝑜𝑛𝑑 holds. We denote Ψ ≡ ∧𝑘∈𝐾𝜓𝑘 as the
conjunction of 𝑘 situational constraints.

We propose Situational-Constrained Density-Based Correlated
Equilibrium (SC-DBCE) to minimize constraint violation 𝜎 (Ψ, 𝝅)
while maintaining equilibrium. We formulate the problem as:

min
𝝅 ∈Π

𝜎 (Ψ, 𝝅) subject to ∀𝑖, 𝑠, 𝑎𝑖 , 𝑎′𝑖 : Regret𝝅 (𝑠, 𝑖, 𝑎𝑖 , 𝑎′𝑖 ) ≤ 0
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This optimization ensures agents dynamically adhere to complex,
context-sensitive rules without sacrificing rationality.

3 ALGORITHM
We unify the problem representation using the occupancy measure
𝜇 (𝑠, 𝒂) [8], which represents discounted joint visitation frequencies.
A function 𝜇 corresponds to a valid stationary policy if and only
if it satisfies the Bellman flow constraint, which requires that the
total outflow from a state matches the initial distribution 𝜂 plus the
discounted inflow:∑︁

𝒂∈A
𝜇 (𝑠, 𝒂) = 𝜂 (𝑠) + 𝛾

∑︁
𝑠′∈S

∑︁
𝒂′∈A

𝑃 (𝑠 | 𝑠′, 𝒂′)𝜇 (𝑠′, 𝒂′), ∀𝑠 ∈ S.

Deviations from this equality are quantified as the Bellman Flow
Error (BFErr). By enforcing BFErr = 0, we transform the SC-DBCE
problem into a convex optimization task, allowing for the direct
optimization of density-based situational constraints within the
space of valid system dynamics.

To handle the disjunction of situational constraints𝜓 ≡ ¬𝜑𝑐𝑜𝑛𝑑 ∨
𝜑𝑟𝑒𝑞 , we employ the Log-Sum-Exp (LSE) technique. We construct a
smooth, differentiable objective function:

𝜎 (𝜓, 𝜇) = − 1
𝛽
log

(
exp(−𝛽 · 𝜎 (¬𝜑𝑐𝑜𝑛𝑑 , 𝜇)) + exp(−𝛽 · 𝜎 (𝜑𝑟𝑒𝑞, 𝜇))

)
where 𝛽 controls approximation sharpness. This formulation stabi-
lizes optimization by avoiding switching between different objective
functions under probabilistic approaches [10]. As for Ψ, we take
the sum of 𝜎 over each component𝜓𝑘 in the conjunction.

The SC-CPI algorithm (Alg. 1) computes the SC-DBCE by iter-
ating between two phases: (1) Occupancy Optimization, which
solves for 𝜇 by minimizing the LSE objective subject to Bellman
flow and current regret constraints; and (2) Policy Evaluation,
which updates Q-functions under the derived policy 𝝅 to refine
the regret constraints. This procedure guarantees convergence to a
valid equilibrium that respects the situational constraints.

Algorithm 1 Situational-Constrained Correlated Policy Iteration
(SC-CPI)
1: Input:Markov game, Situational Constraint Ψ.
2: Initialize: Occupancy Measure 𝜇, Q-functions {𝑄𝑖 }, learning

rate 𝛼 .
3: for each iteration do
4: Solve 𝜇 by minimizing 𝜎 (Ψ, 𝜇) subject to Bellman Flow and

CE constraints defined by current 𝑄𝑖 .
5: Derive joint policy 𝝅 from 𝜇.
6: while not converged do
7: Sample transitions under 𝝅 .
8: update 𝑄𝑖 for each agent.
9: end while
10: end for
11: Output: Joint policy 𝝅 .

4 EXPERIMENT
We evaluate SC-CPI on the multi-agent game benchmark [9] aug-
mented with situational constraints: Fair Gamble (risk balancing),

Scenario Method Cons.Vio. MaxReg BFErr

Fair
Gamble

uCE-Q 0.00 ± 0.00 0.02 ± 0.02 0.20 ± 0.23
DBCPI-1 0.00 ± 0.00 0.00 ± 0.01 0.05 ± 0.08
DBCPI-2 23.66 ± 24.65 0.05 ± 0.06 0.56 ± 0.63

Prob-DBCPI 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.01
SC-CPI 0.00 ± 0.00 0.01 ± 0.02 0.16 ± 0.25

CaE

uCE-Q 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
DBCPI-1 19.83 ± 20.88 0.00 ± 0.00 0.00 ± 0.00
DBCPI-2 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

Prob-DBCPI 4.44 ± 3.56 8.20 ± 8.92 1.39 ± 0.84
SC-CPI 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

Hunters

uCE-Q 0.72 ± 1.18 3.95 ± 4.87 0.00 ± 0.00
DBCPI-1 0.00 ± 0.00 0.00 ± 0.01 0.00 ± 0.00
DBCPI-2 8.11 ± 17.61 0.06 ± 0.13 0.01 ± 0.03

Prob-DBCPI 3.09 ± 0.30 10.99 ± 0.96 0.17 ± 0.18
SC-CPI 0.41 ± 0.92 0.00 ± 0.00 0.00 ± 0.00

Table 1: Experiment results in mean ± std format. Under-
line indicates failures in satisfying CE or Bellman Flow con-
straints.

Collect and Explore (cooperative synchronization), and Hunters
(conditional safety in mixed-motive settings).

Baselines. We compare SC-CPI against: (1) uCE-Q [4], which
maximizes the sum of rewards; (2)DBCPI [9], evaluated asDBCPI-
1 and DBCPI-2 by decomposing the situational constraint into
independent static ones; and (3) Prob-DBCPI [10], which selects
constraints thatare closer to satisfaction in a probabilistic manner.

Performance Metrics. We consider: (1) Constraint Violation
(Cons.Vio.): low Cons.Vio. indicates a better constraint satisfaction;
(2) Maximum Regret (MaxReg): low MaxReg indicates higher
equilibrium quality; (3) BellmanFlow Error (BFErr): low BFErr
indicates a reliable result.

Experiment Result. Table 1 confirms SC-CPI’s superiority. uCE-
Q fails to address situational constraint, resulting in violations and
high regret in Hunters. DBCPI variants prove unreliable, as pre-
selecting a fixed disjunct often conflicts with equilibrium dynamics
(e.g., DBCPI-2 in Fair Gamble). Prob-DBCPI suffers from opti-
mization instability, leading to high regret (up to 10.99) and poor
constraint adherence. In contrast, SC-CPI consistently achieves
near-zero violations and regret, validating its ability to learn robust
equilibria under complex constraints.

5 CONCLUSION AND LIMITATIONS
This paper solves multi-agent coordination problems under situa-
tional constraints. We model the problem as Markov Games, and
propose Situational-Constrained Density-Based Equilibrium as a so-
lution concept. We develop SC-CPI as the first RL algorithm capable
of finding such equilibria under such context-sensitive objectives.

Limitations. Our approach still computes a joint policy, which
may limit scalability in larger systems. Future work could explore
decentralized methods to improve applicability in large-scale multi-
agent settings.
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