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Abstract. Coordinating and synchronizing multiple agents in re-
inforcement learning (RL) presents significant challenges, particu-
larly when concurrent actions and shared objectives are required. We
propose a novel framework that integrates Reward Machines (RMs)
with Partial-Order Planning (POP) to enhance coordination in mul-
tiagent reinforcement learning (MARL). By transforming high-level
POP strategies into individual RMs for each agent, our approach ex-
plicitly captures action dependencies and concurrency requirements,
enabling agents to learn and execute coordinated plans effectively
in complex environments. We validate our approach in a grid-based
multiagent domain in which agents have to synchronize actions such
as jointly accessing limited pathways or collaboratively manipulating
objects. The explicit representation of action dependencies and syn-
chronization points in RMs provides a scalable and flexible mecha-
nism to model concurrent actions, enabling agents to focus on rele-
vant tasks and reducing exploration.

1 Introduction
In recent years, reinforcement learning (RL) has emerged as the
method of choice for solving complex sequential decision problems.
RL algorithms have accomplished a number of groundbreaking re-
sults, achieving superhuman performance in complex board games
such as Go, chess and shogi [22]. Successful real-world applica-
tions include energy-saving decision strategies for data center cool-
ing [13], navigating stratospheric balloons [2], controlling the toka-
mak plasma in fusion reactors [5], and incorporating human feedback
when training large language models [18].

In cooperative multiagent RL (MARL) [1], multiple agents collab-
orate in order to solve a sequential decision problem. Each agent typ-
ically has its own sensors and actuators, but to achieve near-optimal
behavior the agents have to coordinate their actions carefully to max-
imize a common reward signal. Several paradigms have been pro-
posed for solving cooperative MARL. In this paper we focus on the
paradigm called centralized training for decentralized execution, in
the fully observable setting. This implies that during training, a single
decision maker can observe the complete environment state and con-
trol the actions of all agents. During execution, however, each agent
selects actions independently with little input from other agents.

Centralized training is challenging due to the combinatorial as-
pect of MARL: the number of states and actions is exponential in
the number of agents of the problem. For this reason, state-of-the-
art MARL algorithms typically exploit the problem structure in an
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attempt to subdivide the set of agents into smaller teams, each of
which learn their own partial decisions. Global coordination is then
achieved by communicating or coordinating the decisions of the dif-
ferent agent teams. Such structure implies that the MARL problem
is loosely coupled, or equivalently, that the agent coordination graph
is sparse [10]. Loose coupling often takes the form of independent
dynamics with shared reward, or solving a set of tasks that can be
distributed among the agents.

In this work we tackle the challenging setting in which the MARL
problem is strongly coupled, in the sense that the effect of a joint ac-
tion depends critically on all agents involved. In many real-world ap-
plications, agents have to jointly manipulate objects, e.g., lift, push,
or maneuver various items together. Hence a single agent cannot per-
form such actions on its own. In this setting, any agent may need to
cooperate with any other agent in order to solve the problem, imply-
ing that the agent coordination graph is dense. Since this makes it
difficult to form smaller teams of agents and solve the problem in a
distributed manner, state-of-the-art MARL algorithms do not scale
well to such problems as the number of agents grows.

To successfully handle strongly coupled MARL, our approach is to
assume that a MARL problem has an associated high-level problem
description in the form of a multiagent planning problem (MAP).
Concretely, the MAP efficiently encodes all relevant joint actions of
agents, but does not model individual actions that agents can perform
on their own. Such a MAP also suffers from an exponential number
of actions, but researchers have proposed reductions to single-agent
planning problems that can be solved efficiently by state-of-the-art
planners, thereby scaling to much larger teams of agents.

1.1 Contributions

In this work we propose a novel approach for solving MARL prob-
lems, similar to the paradigm of centralized training for decentralized
execution. However, our approach does not perform reinforcement
learning jointly for all agents, and the centralized training step is re-
placed by a planning algorithm that solves the high-level MAP. Con-
cretely, we use the concept of affordances to model joint actions and
translate the MAP to a single-agent problem [4]. We then apply the
FMAP planner [29] to produce a partial-order plan (POP) that solves
the single-agent problem. A POP is a directed graph that includes
temporal dependencies between actions [21, 32]. From the POP we
construct a set of reward machines (RMs), one for each agent. Given
the reward machines and the individual dynamics of each agent, we
can now apply reinforcement learning in a distributed manner, each
agent learning to complete its part of the plan. During execution, each



agent selects actions on their own, and joint actions are automatically
triggered when their preconditions are satisfied.

The novel contributions of our work include the following:
• A method for transforming POPs into RMs, providing a formal

execution model of concurrent tasks and action dependencies cru-
cial for efficient distributed reinforcement learning and execution.

• A flexible framework supporting agents with private and pub-
lic actions, facilitating decentralized learning and coordination in
cooperative MARL. This framework offers a practical approach
to managing complex, concurrent actions in multiagent environ-
ments, improving scalability and applicability to real-world sce-
narios where collaboration and concurrency are essential.

Our approach is based on three key assumptions outlined below:
1. Each MARL problem that we wish to solve has an associated

multiagent planning problem (MAP) description that includes a
goal condition and a model of all high-level public actions. Hav-
ing access to a MAP description makes it possible to solve the
problem using state-of-the-art goal-directed MAP planners, obvi-
ating the need for random exploration which can be very costly
when considering exponentially large joint action spaces.

2. Each public action has deterministic effects, though the private
actions of each agent can have stochastic effects. The reason for
having deterministic public actions is that deterministic planners
are considerably more powerful than non-deterministic planners,
which impacts the scalability of MAP planning.

3. Each agent has a no-op action that preserves the current state of
the agent, i.e., there are no external effects on the agent’s state.
This assumption is needed for our execution model to work, since
an agent often has to wait for other agents to finish their current
subtask before the agents can take a joint action together.

We believe that the second and third assumption can be relaxed in
future work, but the first assumption is the backbone of our approach
to MARL. Due to the computational complexity, we compute a satis-
ficing solution to the MAP problem rather than an optimal solution.

1.2 Related Work

Almost all previous work in cooperative multiagent planning as-
sumes that agents can perform actions sequentially, e.g. the Compe-
tition of Distributed and Multiagent Planners [25] and FMAP [29].
Hence concurrency is not needed. A few researchers have devel-
oped algorithms for solving concurrent multiagent planning prob-
lems [4, 17, 15, 7, 23], one of which we exploit in this work. How-
ever, these algorithms cannot handle stochastic actions present in RL.

In the single-agent setting, there exists previous work that solves
a high-level planning problem to guide RL [11], and similar ideas
have been proposed for loosely coupled MARL [24]. As for RMs,
researchers have proposed extensions to MARL in the case for which
the RM of each agent is hand-crafted [16]. There also exists previous
work that synthesizes RMs from a logic specification of the high-
level problem in the loosely coupled setting [30]. We believe our
work is the first to apply this idea to strongly coupled cooperative
MARL. In addition, handling concurrency requires a refined execu-
tion model of RMs that automatically applies joint actions when they
become applicable.

The state-of-the-art in cooperative MARL is to distribute learning
among agents, e.g. value function factorization [26, 20, 31] and cen-
tralized critic actor-critic [14, 6, 33]. These works assume that each
agent has its own policy and/or value function, and include a central
collaboration mechanism to ensure that the resulting policy is coordi-
nated. However, distributing learning is insufficient to solve the type

of strongly coupled MARL problems that we consider in this paper.

2 Background
In this section we introduce concepts and notation used throughout
the paper. Let N be the set of natural numbers excluding 0. Given
n ∈ N, we use JnK to denote the set {1, . . . , n}. Given a set X , we
use ∆(X ) = {p ∈ RX :

∑
x∈X px = 1, px ≥ 0 ∀x ∈ X} to denote

the probability simplex, i.e. the set of probability distributions on X .

2.1 Multiagent Reinforcement Learning

We define a multiagent Markov decision process (MMDP) as a tuple
M = ⟨N,S, {An}n∈JNK, P,R⟩, where N is the number of agents,
S is the shared state space, An is the action set of agent n ∈ JNK,
P : S × A → ∆(S) is a transition kernel, and R : S × A → R is a
reward function. Both P and R are defined on the joint action space
A = A1 × · · · × AN . The aim is to learn a joint policy π : S →
∆(A), a mapping from states to probability distributions on joint
actions, that maximizes expected future reward. We assume that the
problem that we wish to solve is expressed as an MMDP M.

2.2 Multiagent Planning

We define planning problems in first-order logic, similar to
PDDL [9]. A planning domain D = ⟨Ψ,A⟩ consists of a predicate
set Ψ and an action set A. Each predicate and action has an arity.
Given an action a ∈ A with arity k ∈ N, let X = {x1, . . . , xk} be
a set of variable symbols, and let T (Ψ,X ) be the set of first-order
terms formed by assigning variable symbols in X to predicates in
Ψ. Action a has a precondition Pre(a) ⊆ T (Ψ,X ), an add effect
Add(a) ⊆ T (Ψ,X ) and a delete effect Del(a) ⊆ T (Ψ,X ).

Given a planning domain D = ⟨Ψ,A⟩, a multiagent planning
problem (MAP) is a tuple P = ⟨N, C, I, G⟩, where N is a num-
ber of agents, C is a set of constant symbols called objects, I is an
initial state and G is a goal condition. The object set C induces a
fluent set F ⊆ T (Ψ, C) and an operator set O ⊆ T (A, C), i.e. first-
order atoms obtained by assigning objects in C to predicates in Ψ and
actions in A, respectively. A state s ⊆ F is a subset of fluents that
are true, while all other fluents are assumed to be false. Specifically,
I ⊆ F and G ⊆ F are both subsets of fluents.

We assume that C contains integers representing the agents,
i.e. JNK ⊆ C. We restrict each fluent f = p(c1, . . . , cm), p ∈ Ψ,
and operator o = a(c1, . . . , ck), a ∈ A, such that ci ∈ C \ JNK,
i > 1. Hence only the first argument c1 can be an agent, and is re-
quired to be for operators. This allows us to partition the fluents and
operators as F = F1 ∪ · · · ∪ FN ∪ Fpub and O = O1 ∪ · · · ∪ ON ,
where Fn and On, n ∈ JNK, are the fluents and operators such that
c1 = n, respectively, and Fpub is the set of public fluents not asso-
ciated with any agent. We can give agents different capabilities by
carefully defining the predicates and preconditions of actions.

An operator o = a(c1, . . . , ck), a ∈ A, has precondition Pre(o) ⊆
F , add effect Add(o) ⊆ F and delete effect Del(o) ⊆ F , de-
rived from Pre(a), Add(a) and Del(a) by replacing each variable
symbol xi of a with the associated object ci. A joint operator
o = (o1, . . . , oN ) ∈ O1 × · · · × ON consists of one operator
per agent. The precondition and effects are defined as Pre(o) =⋃

n∈JNK Pre(on), Add(o) =
⋃

n∈JNK Add(on) and Del(o) =⋃
n∈JNK Del(on), and o is well-defined if Add(o) ∩ Del(o) = ∅,

i.e. if it does not add and delete the same fluent. To model arbi-
trary interactions, we define a no-op action noop with arity 1 and



Pre(noop) = Add(noop) = Del(noop) = ∅. This allows us to de-
fine joint operators (noop(1), . . . , a(n, c2, . . . , ck), . . . , noop(N))
in which a single agent n is acting (or a subset of agents). With-
out loss of generality, we often write such a joint operator simply as
a(n, c2, . . . , ck), assuming that n acts alone.

A joint operator o is applicable in state s if and only if Pre(o) ⊆ s,
and applying o in s results in a new state s ⊕ o = (s \ Del(o)) ∪
Add(o). A plan π = (o1, . . . ,oℓ) is a sequence of joint operators
which induces a state sequence s0, . . . , sℓ such that s0 = I and, for
each i ∈ JℓK, oi is applicable in si−1 and results in state si−1⊕oi =
si. A plan π solves P if and only if G ⊆ sℓ, i.e. if state sℓ satisfies
the goal condition.

Example 1. Let D = ⟨Ψ,A⟩ be a planning domain defined
by predicates Ψ = {at2, on2, pen1, box1} and actions A =
{move3, pick3, drop3, push4}, where subscripts denote arity. The
actions are defined as follows:

Action Pre Add Del
move(x, y, z) {at(x, y)} {at(x, z)}{at(x, y)}
pick(x, y, z) {at(x, z), at(y, z), pen(y)}{on(x, y)}{at(y, z)}
drop(x, y, z) {at(x, z), on(x, y), pen(y)}{at(y, z)}{on(x, y)}
push(x, y, z, ℓ){at(x, z), at(y, z), box(y)} {at(x, ℓ), {at(x, z),

at(y, ℓ)} at(y, z)}

An example MAP is P = ⟨2, {1, 2, a, b, c, q, r}, I, G⟩ with I =
{at(1, a), at(2, a), at(q, a), at(r, a), pen(q), box(r)} and G =
{at(q, c), at(r, b)}. This MAP has 2 agents, 3 locations a, b and c,
a pen q and a box r. Initially the agents and objects are at a, and the
goal is to move q to c and r to b. Some examples of operators include
move(1, a, c), pick(1, q, a), drop(1, q, c) and push(1, r, a, b).

2.3 Concurrency Constraints

Even if a joint operator o is well-defined, the problem defini-
tion may prevent its application. In Example 1, the joint oper-
ator (pick(1, q, a), pick(2, q, a)) is well-defined but results in
both agents holding the pen. If we assume that the box is heavy,
both agents have to push it simultaneously, so the joint operator
(push(1, r, a, b), noop(2)) is not applicable.

Researchers have proposed different forms of concurrency con-
straints to model joint operator applicability, e.g. explicitly in-
clude operators in preconditions [3, 12], or associate an affor-
dance with each action [4]. We adopt the latter in this work, as-
sociating each action a ∈ A with an affordance [l, u], where l
and u are lower and upper bounds on the number of agents in
a joint operator. In Example 1, move has affordance [1, N ], pick
and drop have affordance [1, 1], while push has affordance [2, N ].
The affordance only applies to operators with the same arguments,
i.e. (pick(1, q1, a), pick(2, q2, a)) would be applicable. Operators
from different actions are always assumed jointly applicable.

Since the number of joint operators is exponential in N , plan-
ning is costly. To alleviate the complexity, researchers have proposed
reductions from MAPs to single-agent planning [4, 17, 15, 7, 23].
A single-agent problem P = ⟨1, C, I, G⟩ is a special case of a
MAP. The translation from MAP planning to single-agent planning
is sound, in the sense that a single-agent solution can always be trans-
lated to a solution of the original MAP [4, 7]. To handle affordances,
joint operators are serialized by introducing start and end actions [4].
In Example 1, the joint operator (push(1, r, a, b), push(2, r, a, b))
is simulated by applying the operators in sequence between start-
push and end-push, the latter ensuring that the affordance is satis-
fied. Though serialization does not directly reduce the search space,

state-of-the-art planners can effectively navigate huge search spaces
when the number of operators is limited.

2.4 Partial-Order Planning

Given a single-agent problem defined by D = ⟨Ψ,A⟩ and P =
⟨1, C, I, G⟩, we introduce dummy operators oI and oG defined as
Pre(oI) = Del(oI) = Add(oG) = Del(oG) = ∅, Add(oI) = I ,
and Pre(oG) = G, i.e. oI adds I while oG has precondition G. Since
operators may appear multiple times in a partial-order plan, an oper-
ator instance is a pair (o, k) of an operator o and an integer k ∈ N
identifying the instance.

Given P , a partial-order plan (POP) πPOP = ⟨G, L⟩ con-
sists of a directed graph G = (V,E) with operator instances as
nodes, and an associated set of causal links L. Concretely, V =
{(oI , 1), (oG, 1)} ∪ VO contains one instance each of oI and oG, as
well as an arbitrary set of instances of other operators VO ⊆ O × N.
Each causal link ((o1, k1), f, (o2, k2)) ∈ L involves two operator
instances in V and a fluent f ∈ Add(o1) ∩ Pre(o2), indicating that
the operator instance (o1, k1) adds the precondition f of (o2, k2).
Each causal link ((o1, k1), f, (o2, k2)) ∈ L induces a correspond-
ing graph edge ((o1, k1), (o2, k2)) ∈ E. In addition, for each op-
erator instance (o3, k3) ∈ V such that f ∈ Del(o3), E contains
either ((o3, k3), (o1, k1)) or ((o2, k2), (o3, k3)), ensuring that f is
not deleted between (o1, k1) and (o2, k2).

For πPOP to solve P , G has to be acyclic with source node
(oI , 1) and sink node (oG, 1), and L has to contain a causal link
((o1, k1), f, (o2, k2)) for each precondition f ∈ Pre(o2) of each
operator instance (o2, k2) ∈ V , ensuring that all preconditions are
satisfied. Specifically, this implies that the precondition G of (oG, 1)
is satisfied, ensuring that the goal condition G of P holds. Any total
ordering of the action instances in V that is consistent with E will
solve P [32], so a topological sort of G recovers a sequential plan π.

2.5 Reward Machines

We define a simple reward machine (RM) [28] as a tuple R =
⟨U,Σ, u0, uA, δ, φ⟩, where U is a finite set of RM states, Σ is a fi-
nite set of symbols, u0 ∈ U is an initial RM state, uA ∈ U is an
accepting RM state, δ : U × Σ → U is a transition function, and
φ : U × U → {0, 1} is an output function. We assume that uA is
a sink state, that φ(u, uA) = 1 for each u ∈ U \ {uA}, and that
φ(u, u′) = 0 for each u, u′ ∈ U \{uA}. Hence the output is 1 when
reaching the accepting state uA, and 0 otherwise. Such a binary re-
ward model is common in the reward machine literature [8, 28].

3 MAPRL: Constructing Reward Machines from
Partial-Order Plans

We can solve an MMDP M using existing MARL techniques (any
inapplicable joint action can be modelled as an applicable action
with no effect). However, since the size of the state and joint ac-
tion space increases exponentially with the number of agents, this
approach does not scale well. Instead, we propose a novel approach
which assumes that the underlying MAP D,P is known a priori. The
idea is to use the solution of the MAP to guide reinforcement learn-
ing, similar to previous work in the single-agent setting [11].

3.1 Multiagent Reinforcement Learning Formulation

We assume that the MMDP M that we want to solve has a certain
structure that we can exploit. Concretely, there exists a MAP D =



⟨Ψ,A⟩, P = ⟨N, C, I, G⟩ that models the concurrent behavior of
agents in the MMDP M. In addition, each agent n ∈ JNK has an
individual agent MDP Mn = ⟨Sn, A

1
n, Pn, Rn,Ln⟩ that governs

the local dynamics of agent n. Here, Ln : Sn → 2Fn is a label
function that maps states in Sn to planning states on the fluents of
n in the MAP D,P . In what follows we describe how the MMDP
M = ⟨N,S, {An}n∈JNK, P,R⟩ that we want to solve is composed
of the MAP D,P and the agent MDPs Mn, n ∈ JNK.

Given the MAP D, P , let Opub = {o ∈ O : (Add(o)∪ Del(o))∩
Fpub ̸= ∅} be the set of public operators with at least one public
effect. The state space of M is factored as S = S1×· · ·×SN×Spub,
where Sn, n ∈ JNK, is the state space of the agent MDP Mn and
Spub = 2Fpub is derived from the public fluents of P . The action set
of agent n is An = A1

n∪A2
n, where A1

n is the action set of the agent
MDP Mn that acts only on Sn, while A2

n ⊆ Opub are the public
operators of n in P .

We next describe how the transition kernel P of M is defined.
Given a state s = (s1, . . . , sN , spub) and a joint action a =
(a1, . . . , aN ), we first identify the set of agents I = {n ∈ JNK :
an ∈ A2

n} that apply public operators in a. We next define a joint
planning operator a2 =×n∈I an ××n∈JNK\I noop(n) in which
the action of each agent n ∈ JNK \ I in a is replaced by a no-op
operator. We also define a planning state sI = spub××n∈I Ln(sn)
restricted to fluents in Fpub∪

⋃
n∈I Fn. To determine the probability

of a transition (s, a, s′), we need to know whether or not s′ satisfies
the effects of the joint planning operator a2 in the planning state sI .

According to the definition of the MAP D,P , the joint operator
a2 is applicable in state sI if Pre(a2) ⊆ sI , and results in a new
state s′I = sI ⊕ a2. From the perspective of the MAP D,P , the
probability of transitioning to a state s′ = (s′1, . . . , s

′
N , s′pub) is 1 if

and only if the associated planning state s′pub××n∈I Ln(s
′
n) equals

s′I , else it is 0. On the other hand, the transition probability of each
agent n ∈ JNK \ I is governed by the agent MDP Mn. Hence we
can express the transition kernel P of the MMDP M as follows:

P (s′|s, a) =
{

0, if Pre(a2) ̸⊆ sI or s′pub ××n∈I Ln(s
′
n) ̸= s′I ,

1 ·
∏

n∈JNK\I Pn(s
′
n|sn, an), otherwise.

Hence the public part of joint actions is deterministic, while private
actions may not be. The reward R(s, a) is 1 when the goal condition
is satisfied in s, i.e. G ⊆ spub ××n∈JNK Ln(sn), and 0 otherwise.

Example 2. Let D,P be the MAP defined in Example 1, and let
M be a corresponding MMDP. Even though P has a private op-
erator move(1, a, c), in the MMDP M agent 1 may have to ap-
ply multiple stochastic actions to move from a to c. However, since
push(1, r, a, b) is a public operator, b has to be reachable from a in
one step as before.

3.2 Overview of MAPRL Algorithm

Our proposed algorithm, Multiagent Planning for Reinforcement
Learning (MAPRL)1, solves a given MMDP M by exploiting the
underlying structure as follows:
1. Translate the underlying MAP D,P to a single-agent planning

problem D′,P ′ [4].
2. Solve the single-agent problem using FMAP [29] to obtain a

partial-order plan (POP) πPOP .
3. Use the POP πPOP to construct a reward machine (RM) Rn for

each agent n ∈ JNK.

1 The code is publicly available at https://github.com/Alee08/maprl.

4. Learn a policy πn for each agent n ∈ JNK by solving the agent
MDP Mn guided by the RM Rn.

3.3 Constructing Reward Machines

Here we explain how to construct a reward machine Rn for each
agent n ∈ JNK given a POP πPOP that solves the single-agent prob-
lem D′,P ′ induced by the MAP D,P . Recall that πPOP = ⟨G, L⟩
consists of an acyclic graph G = (V,E) and a set of causal links L,
where V = {(oI , 1), (oG, 1)}∪VO , VO ⊆ O×N, E ⊆ V ×V and
L ⊆ V × F × V .

The first step is to process all joint operators encoded in πPOP .
Recall that joint operators are represented in D′,P ′ as subsequences
of type ⟨start-X , X(i), . . . , X(j), end-X⟩, which makes them
easy to identify. Let Vo ⊆ V be the subset of operator instances
associated with such a joint operator o, and let V = V \ Vo.
The result of processing o is a new POP π′

POP = ⟨(V ′, E′), L′⟩
such that V ′ = V ∪ {(o, k)}, E′ = (E ∩ (V × V )) ∪ Eo and
L′ = (L ∩ (V × F × V )) ∪ Lo, where k ∈ N is the smallest in-
teger not yet used for o. Eo contains an edge (u, (o, k)) for each
edge (u, v) ∈ E ∩ (V × Vo), and an edge ((o, k), v) for each edge
(u, v) ∈ E ∩ (Vo × V ). The set Lo is similarly defined. Hence Vo

is replaced by a single operator instance (o, k), and all edges and
causal links to and from (o, k) are preserved. This procedure is re-
peated until all joint operators have been processed.

The next step is to perform a topological sort of the POP in order
to obtain a sequential plan. Due to the properties of the POP, this se-
quential plan is guaranteed to solve the single-agent problem D′,P ′.
This solution can then be translated back to a sequential plan π that
solves the original MAP D,P [4], by removing any extra predicates
that were added to the translation D′,P ′. Each operator of π is ei-
ther a simple operator (only a single agent acts) or a joint operator
involving a subset of agents.

Given the solution π to the MAP D,P and an agent n ∈ JNK,
let πn = ⟨o1, . . . , ok⟩ be the subsequence of π of simple or
joint operators that involve agent n. The reward machine Rn =
⟨Un,Σ, u

0, uA, δ, φ⟩ contains one state ui per operator oi in the
subsequence πn, in addition to the initial state u0, with uA ≡ uk.
The set of symbols Σ equals 2F , i.e. all subsets of fluents. For each
i ∈ JkK and each state s ∈ 2F , the transition function is defined as
δ(ui−1, s) = ui if Pre(oi) ⊆ s, and δ(ui−1, s) = ui−1 otherwise.
Hence a transition from ui−1 to ui triggers in any state s that satisfies
the precondition of oi.

Consider two consecutive operators oi, oi+1, i ∈ Jk − 1K, in the
subsequence πn. If oi is a public operator in Opub and the precon-
dition of oi+1 satisfies Pre(oi+1) ⊆ (Pre(oi) \ Del(oi)) ∪ Add(oi),
we can simplify the subsequence πn by removing the operator oi+1.
This simplification is possible since the precondition of oi+1 is sat-
isfied right after applying oi, and results in a more compact RM Rn

with fewer states. In addition, we can remove any static fluents that
are never added or deleted, such as pen(q) and box(r) in Example 1.

Example 3. Consider the MMDP in Example 2. An example opera-
tor sequence π solving the associated MAP is given by

π = ⟨(push(1, r, a, b), push(2, r, a, b)), move(1, b, a),
pick(1, q, a), move(1, a, c), drop(1, q, c)⟩.

All operators in π are associated with agent 1, but the pre-
condition at(1, b) of move(1, b, a) is satisfied after applying
the public joint operator (push(1, r, a, b), push(2, r, a, b)),

https://github.com/Alee08/maprl


and the precondition at(1, a) of move(1, a, c) is satis-
fied after applying the public operator pick(1, q, a). Hence
π1 = ⟨(push(1, r, a, b),push(2, r, a, b)),pick(1, q, a),drop(1, q, c)⟩
resulting in the following RM R1 for agent 1.

u0 u1 u2 uA

at(1, a)
at(2, a)
at(r, a)

at(1, a)
at(q, a)

at(1, c)
on(1, q)

3.4 Execution Model

Given the agent MDP Mn = ⟨Sn, A
1
n, Pn, Rn,Ln⟩ and the RM

Rn = ⟨Un,Σ, u
0, uA, δ, φ⟩, agent n ∈ JNK learns an individual

policy πi
n for each RM state ui ∈ Un \ {uA}. Concretely, we use

QRM [28] to learn the policy of each agent, and apply reward shaping
as is common in the RM literature. The policy πi

n aims to satisfy the
condition σ ∈ 2F on the only outgoing transition from ui by reach-
ing a state sn ∈ Sn such that Ln(sn) ⊆ σ. Since some conditions
cannot be satisfied by agent n itself (e.g. at(2, a) on the transition
from u0 to u1 in the RM R1 from Example 3), once agent n has
satisfied its own conditions, it has to wait for other agents to satisfy
the remaining conditions. For this purpose, we assume that the agent
MDP Mn contains a no-op action anoop ∈ A1

n that always causes
the agent to remain in the same state of Sn.

Our execution model assumes that agent n automatically performs
the no-op action anoop once it has reached a state sn ∈ Sn that sat-
isfies its part of the condition σ on the outgoing transition from ui.
Once σ is fully satisfied by other agents, the outgoing transition trig-
gers and the new RM state becomes ui+1. In addition, if the operator
oi+1 associated to ui+1 is a public operator, our transition model as-
sumes that the deterministic operator oi+1 is automatically applied.
Hence in RM state ui+1, agent n is initially in a state s′n ∈ Sn such
that Ln(s

′
n) = ((Ln(sn) \ Del(oi+1)) ∪ Add(oi+1)) ∩ Fn is con-

sistent with the effect of oi+1 on the fluents of n.
As a consequence of our execution model, we can solve an MMDP

in a fully distributed manner once the RMs have been constructed,
since the policy πn of each agent n ∈ JNK only acts in the individual
agent MDP Mn. Any joint actions required to solve the problem
are computed by the MAP planner and automatically applied in the
corresponding RM states, and each agent n only has to learn to take
actions in A1

n which satisfy its own conditions in the RM. The only
coordination requirement on our execution model is that agents have
to broadcast the high-level effects of their actions for other agents to
be aware if a given condition is satisfied.

4 Experiments

In this section, we conduct an empirical evaluation of MAPRL across
three domains. Each domain consists of three tasks with increasing
complexity. The domains are variants of Office World [28], Maze [4],
and Temple Quest, a novel domain inspired by classic exploration
and puzzle-solving challenges. Each domain comprises three tasks
with gradually increasing complexity. Specifically, we increase the
complexity by adding more agents, including additional goal condi-
tions, and/or expanding the map size in each successive task. The
high-level planning description only considers the current room of
the agent, not the precise location within each room, though we need
a fluent of type at(n, x) to represent whether an agent n is next to
a certain object x inside a room. It is only possible to move between

Table 1: Training steps needed to achieve a near-optimal policy (lower
is better). A value of 1 700 000 means that the algorithm timed out
within the given budget. The best result in each row appears in bold.
Domain Task Agents MAPRL CQRM IQL

Office World 1 2 600 21 000 1 700 000
2 2 900 65 000 1 700 000
3 5 215000 –– 1 700 000

Concurrent Maze 1 8 63000 –– 1 700 000
2 8 213000 –– 1 700 000
3 8 1167000 –– 1 700 000

Temple Quest 1 10 461000 –– 1 700 000
2 10 465000 –– 1 700 000
3 10 575000 –– 1 700 000

two rooms if the rooms are connected. The agent MDP Mn of each
agent n contains actions for moving right, left, up and down.

We compare our MAPRL approach against two baseline algo-
rithms which represent the two extremes of the distributed/central-
ized spectrum: IQL [27] and Centralized QRM (CQRM) with a
single hand-crafted RM. Intermediate MARL algorithms such as
value-factorisation (e.g. QMIX) are omitted because they collapse
on strongly coupled tasks as previously demonstrated [19].

CQRM learns the joint policy π : S → ∆(A) of an MMDP
M over a space in which the subgoals of the agents are shared in
the RM. In contrast, our algorithm MAPRL distributes learning, and
each agent has its own MDP, policy and reward machine (RM). All
algorithms use a discount factor of γ = 0.9 and a learning rate of
α = 0.5. Action selection follows a greedy exploration strategy with
ϵ = 0.1. The Q-table is initialized optimistically to encourage ex-
ploration. Each episode lasts 1000 steps and the optimal policy is
evaluated every 100 episodes.

Table 1 shows the number of training steps needed for convergence
to a near-optimal policy for each of the three compared algorithms.
We highlight two key conclusions that we can draw from the table.
First, MAPRL consistently requires orders of magnitude fewer train-
ing steps than both baselines, confirming that coupling the high-level
plan with distributed learning dramatically speeds up convergence.
Second, although the centralized baseline CQRM is able to solve the
first two Office World tasks, it requires 35–70 times more samples
than MAPRL and fails completely once the number of agents grows
from two to five (Task 3). The absence of CQRM results for Con-
current Maze (8 agents) and Temple Quest (10 agents) is therefore
not an omission but a reflection of its inability to scale: the joint
Q-table grows exponentially with the agent count, making training
and even storage infeasible beyond a handful of agents. Finally, IQL
never converges within the time budget in any setting, underscoring
that independent learning is insufficient in these tightly-coupled do-
mains. Overall, the results support our claim that MAPRL’s blend of
partial-order planning and reward-machine guidance is essential for
sample-efficient learning in strongly coupled multi-agent problems
of realistic size.

4.1 Concurrent Office World

The Office World domain extends the original Office World [28] to
multiple agents and concurrent actions. There are five agents, dis-
tributed as two managers and three employees. Managers, in addition
to movement, have actions for accessing server rooms via a private
entrance. Employees, in addition to movement, have actions for ac-
cessing server rooms via a separate public entrance. To use a private
entrance, both managers must simultaneously unlock the door for
security reasons (i.e. the affordance is [2, 2]). Employees can enter



a public entrance freely (affordance [1, 3]) but once any employee
enters, the door closes permanently, preventing further access. The
goal is for all managers and employees to enter the server room; both
managers and employees must synchronize to enter together.

Figure 1: Office World domain.

Figure 1 illustrates the domain, with the server room marked by A
and managers depicted in black-and-white uniforms, while the three
employees start at the top of the grid. The planner learns that for all
agents to reach the server room, the managers and employees have
to enter the server room together, respectively. When both managers
reach a designated “blue” area next to the private entrance, they au-
tomatically take the joint action together to enter the server room. A
similar synchronization mechanism applies to the employees, who
are guided to reach a “red” area next to the public entrance. At that
point, the employees automatically take the joint action to enter the
server room together. Immediately after entering, the entrance per-
manently closes behind them.

Task 1 is carried out solely by the managers, who must coordinate
in order to arrive at the server room. Task 2 is also performed by the
managers, but in this case they first go and collect the nearest coffee,
and then one manager proceeds to room B while the other goes to
room C. Task 3 is undertaken by both managers and employees: ev-
eryone must first pick up the coffee closest to them and deliver it to
O, B, and C, and only then must they coordinate to reach the server
room A.

In Figures 2-3, we compared our MAPRL approach against
CQRM and IQL. CQRM can solve the first two tasks, but when
we increase the number of agents in Task 3, applying CQRM is un-
feasible due to the exponential action space. IQL fails to solve all
tasks since the agents act independently and never learn to coordi-
nate. We believe that IQL is representative of all cooperative MARL
algorithms that distribute learning. In contrast, MAPRL converges in
under 100 episodes thanks to the high-level plan and joint execution
model.

4.2 Concurrent Maze

Figure 4 illustrates our variant of Maze, in which eight agents must
explore and exit the labyrinth while avoiding the holes in the floor.

Figure 2: Two-agent Task 1 - Concurrency Office World 12x12.

Figure 3: Five-agent Task 3 - Concurrency Office World 12x12.

Six agents (in red or black) are climbers skilled at traversing danger-
ous bridges, while two are mariners specialized in rowing to cross
rivers. Bridges can only be crossed once before collapsing, requiring
the climbers to coordinate. Similarly, mariners must work in pairs to
traverse rivers.

In Task 1, the three red climbers must reach point A, while the
three black climbers must reach point E. To do so the climbers must
coordinate to cross critical bridges together. The two mariners in
black-and-white striped shirts also have to reach point E, requiring
them to row concurrently. Task 2 extends Task 1 by requiring the
mariners to first collect oars near their starting location, while the
climbers must pick up torches to safely cross bridges in the dark. In
Task 3, the mariners must also visit area A, while the climbers need
to retrieve a scroll in the red zone bordered by two bridges: to acquire
the scroll, all six climbers must cross the two bridges together.

As shown in Figure 5, IQL fails to solve the three tasks, whereas
MAPRL completes them quickly, including the more challenging
task with multiple concurrent actions.

4.3 Temple Quest

The third domain we present is called Temple Quest. In this domain
(Figure 6), ten explorers must coordinate to explore various loca-
tions and reach hidden treasures after obtaining the keys necessary
to unlock them. There are six explorers specialized in opening the
temple’s stone doors (the three at the top-left in the figure, row 0, and
the three wearing red shirts), and four explorers responsible for mov-
ing large boulders that block passageways (two wearing black-and-
white striped shirts and two wearing green shirts). Once a stone door
is unlocked and crossed, it is destroyed; to move a boulder located



Figure 4: Environment Concurrent Maze.

Figure 5: Eight-agent - Concurrency Maze 15x15.

between temple columns, two explorers must collaborate; otherwise,
the boulder remains immovable.

In Task 1, the three red-shirt explorers coordinate when they reach
the light-green room. Upon approaching the stone door, they coordi-
nate to open the door and gain access to the dark-green room. They
proceed similarly for the door connecting the light-red room to the
dark-red room, which holds the treasure. Meanwhile, the green-shirt
agents move the boulder between the two columns blocking passage
from the light-yellow room to the dark-yellow room, allowing them
to reach the treasure. Likewise, the remaining five agents must coor-
dinate to move another boulder (in the light purple and dark purple
room); these are the scouts wearing black-and-white striped shirts.
Finally, the three scouts in the top row of the map unlock the temple
door (which connects the light blue area to the dark purple area).

Task 2 requires the agents to move from the temple to the center
of the map, then pick up one of the keys, and finally coordinate with
the other agents (as they did in Task 1) to reach the treasure. In Task
3, the six explorers responsible for opening stone doors must explore
area B on the map. To do so, they must wait together in front of the
door, enter the burgundy-colored B room simultaneously, and then all
exit together through the second stone door to avoid leaving anyone
trapped inside after the door collapses. Meanwhile, the other four
explorers must move the boulders twice in order to enter and then

Figure 6: Environment Temple Quest.

Figure 7: Ten-agent - Temple Quest 24x24.
exit A (the blue-colored room).

As illustrated in Figure 7, MAPRL consistently identifies the op-
timal policy within approximately 500,000 training steps, whereas
IQL is unable to achieve the same outcome.

5 Conclusions
We present a novel approach for cooperative MARL in which joint
actions are strongly coupled. Our approach computes a partial-order
plan (POP) that solves a high-level MAP encoding all concurrent
problem aspects. We use the POP to construct one RM per agent,
allowing agents to train individual policies in a distributed manner.
Experiments show that ours is the only centralized MARL approach
that scales in complex domains to more than two or three agents.

Possible directions for future work include constructing the RMs
directly from the acyclic graph of the POP, which would likely in-
volve incorporating additional fluents to model unlabelled prece-
dence edges of the graph, or constructing more expressive RMs that
are not always linear. To obtain alternative courses of action, it would
likely be necessary to compute a set of diverse POPs that solve the
MAP in different ways. This would be more costly than computing
a single POP, but may produce better quality RMs. Other ideas for
future work are to consider stochastic joint actions and exploit the
structure of problems in which agents have similar agent MDPs.
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