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Abstract
A wide range of real-world applications can be formulated as Multi-Agent Path Finding 
(MAPF) problem, where the goal is to find collision-free paths for multiple agents with 
individual start and goal locations. State-of-the-art MAPF solvers are mainly centralized 
and rely on global information, which limits their scalability and flexibility when facing 
changes or new maps that require expensive replanning. Multi-agent reinforcement learn-
ing (MARL) offers an alternative approach to addressing MAPF problems by learning de-
centralized policies that generalize across a variety of maps. While there exist some prior 
works that attempt to connect both areas, the proposed techniques are heavily engineered 
and very complex due to the integration of many mechanisms that limit generality and are 
expensive to use. We argue that much simpler and more general approaches are needed 
to enable decentralized MAPF in a sustainable manner at significantly lower cost. In this 
paper, we propose Confidence-based Auto-Curriculum for Team Update Stability (CAC-
TUS) as a lightweight MARL approach to decentralized MAPF. CACTUS defines a simple 
reverse curriculum scheme, where the goal of each agent is randomly placed within an 
allocation radius around the agent’s start location. The allocation radius increases gradu-
ally as all agents improve, which is assessed by a confidence-based measure. In addition, 
we propose an extension called Confidence- and Conflict-Based Curriculum Learning with 
Allocation Radius Adaptation (C3LARA), using weighted sampling of goal locations to 
improve conflict resolution in scenarios of high agent density. We provide a theoretical 
analysis of the strengths and limitations of CACTUS regarding exploration efficiency, 
optimality, and multi-agent coordination. We evaluate CACTUS and C3LARA across vari-
ous maps of different sizes, obstacle densities, and numbers of agents. Our experiments 
demonstrate better performance and generalization capabilities than state-of-the-art MARL 
approaches with less than 600,000 trainable parameters, which is less than 5% of the neu-
ral network size of current MARL approaches to decentralized MAPF.

Keywords  Multi-Agent path finding · Multi-Agent reinforcement learning · Curriculum 
learning · Exploration · Multi-Agent credit assignment
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1  Introduction

A wide range of real-world applications like goods transportation in warehouses [1, 2], 
smart manufacturing [3, 4], search and rescue missions [5], and traffic management [6–8] 
can be formulated as Multi-Agent Path Finding (MAPF) problem, where the goal is to find 
collision-free paths for multiple agents with individual start and goal locations. Finding 
optimal solutions or plans, i.e., a sequence of movement actions from start to goal for each 
agent, regarding the flowtime or makespan, is NP-hard [9, 10]. Despite the problem com-
plexity, there exist a variety of MAPF solvers that find optimal [11, 12], bounded suboptimal 
[13, 14], or quick feasible but unbounded suboptimal plans [15, 16] by exploiting structural 
properties of the MAPF problem via heuristics [11, 13, 15, 17].

Most MAPF solvers use centralized search algorithms and rely on global information, 
which limits scalability and flexibility when facing changes or new maps that would need 
expensive replanning [18, 19]. The cost of replanning depends on the computational effort 
required by the employed search algorithm (w.r.t. the map size and number of agents) and the 
communication bandwidth required to gather global information about the environment and 
to distribute the new plans to all agents [20, 21]. Note that even if the computational effort 
were hypothetically zero, an adequate communication bandwidth is still required to gather 
global information and send out the plans in a timely manner, which is particularly expen-
sive in large-scale scenarios [20, 22, 23]. Furthermore, the centralization of most search-
based MAPF solvers limits their applicability to specific domains, e.g., confined applications 
like warehouse management [1, 2], which is prohibitive for partially observable and open 
domains, such as urban transportation or supply chains [24–26]. There exist distributed 
search approaches that can reduce the computational effort of replanning regarding the num-
ber of agents (but not the map size) [27–29]. However, they still require reliable and syn-
chronized neighborhood and multi-round communication to coordinate effectively [28, 29].

Machine learning-based MAPF offers an alternative approach to addressing MAPF prob-
lems by learning decentralized agent policies rather than inflexible plans [20, 30]. The poli-
cies process histories of local observations to select actions, and are represented by machine 
learning models, such as deep neural networks with constant inference time, independent of 
the actual map size, as illustrated in Fig. 2. Such policies can make reactive decisions while 
generalizing to a variety of scenarios without explicit retraining or communication [19, 30, 
31]. Therefore, machine learning-based MAPF is potentially more scalable and flexible than 
search-based MAPF solvers, being more suitable for partially observable and open domains 
[19, 20, 32].

We focus on multi-agent reinforcement learning (MARL) for decentralized MAPF, using 
trial-and-error policy learning [33, 34]. In contrast to supervised or imitation learning, which 
depends on expert data [19, 30], MARL learns from experience obtained via exploration, 
which mitigates any expert bias, e.g., from fast but unbounded suboptimal MAPF solvers 
[31, 32, 35], to optimize policies more effectively [36]. State-of-the-art MARL algorithms 
are based on centralized training for decentralized execution (CTDE), where training takes 
place in a laboratory or a simulator with access to global information to learn coordinated 
and generalizing policies that can be executed independently under partial observability 
afterward [18, 37–39].
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MAPF and MARL have been very active research areas in the last few years, with 
impressive advances on both sides, resulting in a variety of sophisticated algorithms [1, 13, 
40, 41]. Despite these advances, both fields have been mainly studied independently of each 
other. However, MARL could benefit MAPF in various ways: 

1.	 Efficiency: The learned policies are decentralized and reactive, therefore alleviating the 
computational and broadcast communication requirements of centralized MAPF solv-
ers, especially in large-scale scenarios with many agents [39].

2.	 Generalization: The learned policies can generalize over a variety of maps and thus do 
not require complete retraining or replanning when being used on new maps [19, 20].

3.	 Robustness: The learned policies make decisions based on actual observations, thereby 
enabling them to react to local changes, i.e., emerging obstacles or new paths, without 
requiring the replanning of the whole system [3, 26].

On the other hand, MAPF poses an exciting challenge for MARL due to its practical rel-
evance and the following structural aspects [12, 27]: 

1.	 Sparse Rewards: MAPF represents a complex navigation problem, in which all agents 
are rewarded only for reaching their goals. Naive MARL would need exhaustive explo-
ration to obtain informative data, which is time-consuming [42].

2.	 Dynamic Constraints: Agents are not allowed to collide, therefore having temporal 
constraints in addition to static constraints imposed by obstacles and boundaries of the 
underlying maps [27].

3.	 Coordination: MAPF requires the coordination of spatially close agents with poten-
tially emergent effects like congestion or circulation [21]. So far, most MARL methods 
have focused only on coordination at a small scale, though [38, 43].

We believe that addressing MAPF via MARL can provide a fruitful research direction that 
would benefit both areas. While there are prior works that attempt to connect these areas, 
the proposed techniques are heavily engineered and very complex, using extremely large 
neural networks to represent policies, extensively shaped rewards, and centralized MAPF 
solvers for additional imitation learning [19, 44, 45]. The engineering efforts incorporate 
substantial human knowledge by focusing on very specific aspects of particular MAPF sce-
narios, such as congestion [44], blocking [19], communication [45], periodic neighborhood 
sensing [29], etc.

However, according to The Bitter Lesson by Richard Sutton, the Turing Award winner 
of 2025, “the human-knowledge approach tends to complicate methods in ways that make 
them less suited to taking advantage of general methods leveraging computation" [46]. The 
lesson refers to a common trend across various fields of artificial intelligence, such as game 
control [36], natural language processing [47, 48], and computer vision [49, 50], where 
human knowledge-based engineering often yields short-term benefits, but is superseded 
by more general approaches due to less human bias (e.g., less heuristic dependencies and 
parameters) and better scaling w.r.t compute and data (e.g., higher efficiency and paralleliza-
tion). Inspired by that lesson, we aim for a simpler and more general foundation to enable 
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MARL-based decentralized MAPF in a sustainable manner with significantly lower costs 
and without distracting ourselves with engineering details [20, 21].

In this paper, we propose Confidence-based Auto-Curriculum for Team Update Stability 
(CACTUS) as a lightweight MARL approach to decentralized MAPF. CACTUS defines a 
simple reverse curriculum scheme, where the goal of each agent is randomly placed within 
an allocation radius around the agent’s start location. The allocation radius increases gradu-
ally as all agents improve, which is assessed by a confidence-based measure as shown in 
Fig. 1. Our contributions are as follows:

	● We formulate the MAPF problem as a straightforward stochastic game with automatic 
collision prevention and sparse rewards to solve it in a black-box manner, which is more 
general and intuitive for standard MARL methods.

	● Based on the stochastic game formulation, we propose a simple reverse curriculum 
scheme that gradually increases the potential distance between the start and goal loca-
tions to enhance state-of-the-art MARL techniques that would otherwise likely fail to 
learn meaningful policies. In addition, we propose an extension called Confidence- and 
Conflict-Based Curriculum Learning with Allocation Radius Adaptation (C3LARA), 
using weighted sampling of goal locations to improve conflict resolution in scenarios of 
high agent density, without additional hyperparameters.

	● We provide a theoretical analysis of the strengths and limitations of CACTUS regarding 
exploration efficiency, optimality, and multi-agent coordination.

	● We evaluate CACTUS and C3LARA across various maps of different sizes, obstacle 
densities, and numbers of agents. Our experiments demonstrate better performance 
and generalization capabilities than state-of-the-art MARL approaches with less than 
600,000 trainable parameters, which is less than 5% of the neural network size of cur-
rent MARL approaches to MAPF.

This paper is an extended and revised version of our prior work [51], which was presented 
at the 23rd International Conference on Autonomous Agents and Multiagent Systems 
(AAMAS). We extend the paper with C3LARA, as listed in the contributions, and theoretical 
insights about our approach w.r.t. exploration efficiency, optimality, multi-agent coordina-
tion, and further limitations. We also provide additional experimental results.

Fig. 1  Curriculum update scheme of CACTUS. The agents (colored circles) are trained and evaluated 
w.r.t. a goal allocation radius Ralloc (shaded areas around the agents). When the average completion rate 
µ exceeds a curriculum decision threshold U with a certain confidence level such that µ − ησ ≥ U , the 
allocation radius Ralloc is incremented by 1
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2  Background

2.1  Multi-Agent Path Finding (MAPF)

We focus on maps as undirected unweighted graphs G = ⟨V, E⟩, where vertex set V  con-
tains all possible locations and edge set E  contains all possible transitions or movements 
between adjacent locations {v, u} ∈ E . The degree of a location v ∈ V , i.e., the number of 
adjacent locations, is denoted by deg(v) = |{u ∈ V|{v, u} ∈ E}|. An instance I consists 
of a map G and a set of agents D = {1, ..., N} with each agent i ∈ D having a start loca-
tion vstart,i ∈ V  and a goal location vgoal,i ∈ V . We assume that vstart,i ̸= vstart,j  and 
vgoal,i ̸= vgoal,j  for any agent pair i, j ∈ D with i ̸= j. At every time step t, all agents can 
move along the edges in E  or wait at their current location vt,i ∈ V  [9].

MAPF aims to find collision-free plans for all agents. A plan P = {p1, ..., pN } con-
sists of individual paths pi = ⟨pi,0, ..., pi,l(pi)⟩ per agent i ∈ D, where {pi,t, pi,t+1} ∈ E , 
pi,0 = vstart,i, pi,l(pi) = vgoal,i, and l(pi) is the length or travel distance of path pi. We 
consider vertex conflicts ⟨i, j, v, t⟩ that occur when two agents i, j ∈ D occupy the same 
location v ∈ V  at time step t and edge conflicts ⟨i, j, u, v, t⟩ that occur when two agents 
i, j ∈ D traverse the same edge {u, v} ∈ E  in opposite directions at time step t [9]. A plan P 
is a solution, i.e., feasible or collision-free, when it does not have any vertex or edge conflict. 
Our goal is to find a solution P ∗ that minimizes the flowtime 

∑
p∈P l(p) or alternatively the 

makespan maxp∈P l(p). The completion rate ρt = |{i∈D|vt,i=vgoal,i}|
N ∈ [0, 1] is the fraction 

of agents which have reached their goals at time step t. An instance I is completely solved 
when ρT = 1 at some time step T.

Despite MAPF being an NP-hard problem, there exist a variety of MAPF solvers that 
find optimal [11, 12], bounded suboptimal [13, 14], or quick but unbounded suboptimal 
solutions [15, 16]. Most MAPF solvers are centralized and require global information which 
limits scalability and flexibility regarding changes or new maps that would require expensive 
replanning and redistribution of plans [20–22]. This also prohibits applicability to partially 
observable and open domains, such as urban transportation or supply chains [18, 24–26].

2.2  Multi-Agent Reinforcement Learning (MARL)

MARL problems can be formulated as a partially observable stochastic game 
M = ⟨D, S, A, P, R, Z, Ω⟩, where D = {1, ..., N} is a set of agents, S is a set of states 
st, A = A1 × ... × AN  is the set of joint actions at = ⟨at,1, ..., at,N ⟩, P(st+1|st, at) is 
the transition probability, R(st, at) = ⟨rt,1, ..., rt,N ⟩ ∈ RN  is the joint reward with rt,i 
being the reward of agent i ∈ D, Z  is a set of local observations zt,i for each agent i, 
and Ω(st+1) = zt+1 = ⟨zt+1,1, ..., zt+1,N ⟩ ∈ ZN  is the subsequent joint observation. Each 
agent i maintains an action-observation history τt,i ∈ (Z × Ai)t. π = ⟨π1, ..., πN ⟩ is the 
joint policy with local policies πi, where πi(at,i|τt,i) is the action selection probability of 
agent i. Local policy πi can be evaluated with a value function Qπ

i (st, at) = Eπ[Rt,i|st, at] 
for all states st ∈ S and at ∈ A, where Rt,i =

∑T −1
k=0 γkrt+k,i is the return of agent i, 

T > 0 is the horizon, and γ ∈ [0, 1] is the discount factor. In cooperative MARL, the goal 
is to find an optimal joint policy π∗ = ⟨π∗

1 , ..., π∗
N ⟩ that maximizes the utilitarian metric for 

all states st ∈ S and joint actions at ∈ A:
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Qπ

tot(st, at) =
∑
i∈D

Qπ
i (st, at)� (1)

An optimal joint policy π∗ corresponds to the optimal value function Q∗ = Qπ∗

tot defined by 
Q∗ = maxπQπ

tot for all states st ∈ S and joint actions at ∈ A.

2.2.1  Policy gradient MARL

To learn optimal policies π∗
i  in large state spaces, function approximators π̂i,θ, such as deep 

neural networks with parameters or weights θ, are trained with gradient ascent on an esti-
mate of J = Eπ[R0,i]. Policy gradient methods use gradients g of the following form [52]:

	 g = Aπ̂
i (st, at)∇θlogπ̂i,θ(at,i|τt,i)� (2)

where Aπ̂
i (st, at) = Qπ̂

i (st, at) − V π̂
i (st) is the advantage of agent i and 

V π̂
i (st) = Eπ[Rt,i|st] is its state value function. Actor-critic approaches often approxi-

mate Âi(τt, at) ≈ Aπ̂i

i (st, at) by replacing Qπ̂
i (st, at) with Rt,i and V π̂

i (st) with ∑
a′

i
∈Ai

π̂i,θ(a′
i|τt,i)Qπ̂

i (st, ⟨at,1, ..., a′
i, ..., at,N ⟩) [26, 37, 53]. Qπ̂

i  can be approximated 

with a critic Q̂i,ω  and parameters ω using value-based RL [54, 55].

Alternatively, π̂i,θ can be trained via proximal policy optimization (PPO) by iteratively 
minimizing the following surrogate loss [56]:

	 LPPO
i (θ) = E[min{Âi(τt, at)ϕt,i(θ), Âi(τt, at)clip(ϕt,i(θ), 1 − ϵ, 1 + ϵ)}]� (3)

where ϕt,i(θ) = π̂i,θ(at,i|τt,i)
π̂old

i,θ
(at,i|τt,i)  is the policy probability ratio and ϵ ∈ [0, 1) is a clipping 

parameter. For simplicity, we omit the parameters θ, ω and write π̂i, Q̂i for the rest of the 
paper.

2.2.2  Centralized Training Decentralized Execution (CTDE)

For many problems, training takes place in a laboratory or in a simulated environment, 
where global information is available [37, 39]. Therefore, state-of-the-art MARL algorithms 
approximate value functions Q̂i, which condition on global states st and joint actions at, 
and use them as a critic in (2) or (3) [38, 43]. While the centralized value functions Q̂i are 
only required during RL training, the learned policies π̂i fully condition on local histories 
τt,i thus enable decentralized execution. Unlike MAPF, these policies can generalize over a 
variety of scenarios and, thus, ideally, do not need any centralized retraining or replanning 
for changes or new maps [19].

Q̂i can be approximated separately for each agent i while integrating global information, 
which is done in actor-critic MARL algorithms like MAPPO or MADDPG [38, 43]. How-
ever, this approach lacks a multi-agent credit assignment mechanism for agent teams, where 
all agents jointly optimize the same objective Qπ̂

tot (1).
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Alternatively, a common value function Q̂(τt, at) ≈ Qπ̂
tot(st, at) can be learned, which 

is factorized into local utility functions ⟨Q̂1, ..., Q̂N ⟩ by using a factorization operator Ψ 
[18, 57]:

	 Q̂(τt, at) = Ψ(Q̂1(τt,1, at,1), ..., Q̂N (τt,N , at,N ))� (4)

In practice, Ψ is realized with deep neural networks, such that ⟨Q̂1, ..., Q̂N ⟩ can be learned 
end-to-end via backpropagation by minimizing the mean squared temporal difference (TD) 
error [39, 58]. A factorization operator Ψ is decentralizable when being IGM (Individual-
Global-Max) consistent such that [59]:

	

argmaxat
Q̂(τt, at) =




argmaxat,1 Q̂1(τt,1, at,1)
...

argmaxat,N
Q̂N (τt,N , at,N )


� (5)

There exists a variety of factorization operators Ψ, which are IGM consistent, according to 
(5), such as:

Value Decomposition Networks (VDN)  VDN uses a linear sum to approximate 
Q̂(τt, at) = ΨVDN(·) =

∑
i∈D Q̂i(τt,i, at,i) [58].

Monotonic Value Factorization (QMIX)  QMIX formulates ΨQMIX as a nonlinear monotonic 
combination of ⟨Q̂i⟩i∈D with a mixing network, generated by hypernetworks [60]. The mix-
ing network has nonnegative weights to satisfy the constraint δQ̂

δQ̂i
≥ 0 for each agent i ∈ D.

While VDN and QMIX are restricted to objective functions that are linear or monotonic, 
respectively, there exist more general and advanced techniques like QPLEX that use nonlin-
ear transformations, e.g., via multi-head attention networks [61].

2.3  Curriculum learning

Curriculum learning is a machine learning paradigm inspired by human learning to master 
complex tasks through stepwise solving of easier (sub-)tasks, which are sorted by difficulty 
[62, 63]. The difficulty can depend on various aspects like the complexity of data samples, 
the objective function, or the learned model [42, 64]. Curriculum learning has been applied 
to reinforcement learning (RL) to solve hard exploration problems with sparse rewards or 
dynamic constraints [65]. The methods are typically based on self-play [36, 66], task graphs 
with traversal mechanisms [67], or automatic generation of tasks [68, 69].

A key challenge of curriculum learning is to find or generate a suitable sequence of tasks 
that are neither too easy nor too difficult for the learner to ensure steady and robust progress 
[42, 67, 68].

We focus on reverse curriculum learning, where we assume explicit goal states as in the 
MAPF problem (Section 2.1). The curriculum consists of a sequence of tasks, where the 
(expected) distance between agent and goal gradually increases [42, 70].

1 3

Page 7 of 42     23 



Autonomous Agents and Multi-Agent Systems           (2026) 40:23 

3  Related work

3.1  Reverse curriculum generation

Many works on RL-based motion control assume a single goal state, which is easy to spec-
ify [71, 72]. A reverse curriculum is defined, where the start state is initialized within a 
short distance to the goal state. The distance gradually increases with the convergence or 
performance improvement of the agent [42, 70, 73]. Our work is based on reverse curricu-
lum generation, focusing on multi-agent path finding (MAPF). In MAPF, there are several 
goal states that are unique per instance I (which can vary for the same map G, though). 
We propose a simple confidence-based approach to adapt the curriculum using statistical 
significance testing of performance estimates. In contrast to most prior works, which focus 
on explicitly resettable environments for the start locations, e.g., simulators, we focus on 
goal allocation, which can be realized as an online task (re)assignment without requiring 
the environment to be resettable.

3.2  Curriculum learning in MARL

Curriculum learning has been widely used in single-agent or two-player zero-sum games 
to improve convergence speed or performance. While many of these approaches are based 
on the foundations of multi-agent learning [69, 74, 75], there exist methods particularly 
designed for MARL based on self-play, agent skills, and population-based training [40, 41, 
76]. These methods are typically very complex due to heavily engineered architectures and 
mechanisms thus requiring a significant amount of compute. As our work focuses on simple 
and efficient MARL approaches to MAPF, we do not consider such resource and tuning-
intensive training regimes.

3.3  Machine learning-guided MAPF

Previously, machine learning has been integrated into (centralized) search-based MAPF 
solvers to guide the heuristic search algorithm, e.g., via node selection or agent prioritiza-
tion [30, 77–82], to replace common handcrafted heuristics [11, 13, 15, 17]. In this paper, 
we focus on MARL-based policy learning for decentralized MAPF without using any 
search-based MAPF solver or handcrafted heuristic.

3.4  MARL for decentralized MAPF

MAPF and MARL are very active research areas with remarkable progress in recent years 
[15, 40, 41]. Both fields have been mainly studied independently of each other, with only 
a few works attempting to connect them. The first work in this direction is Pathfinding via 
Reinforcement and Imitation Multi-Agent Learning (PRIMAL) [19]. PRIMAL and its suc-
cessor approaches, PRIMAL2, SCRIMP, etc., are heavily engineered and very complex, 
using extremely large neural networks to represent policies, extensively shaped rewards, 
and centralized MAPF solvers for imitation learning to address the challenging aspects of 
MAPF, i.e., sparse rewards, dynamic constraints, and coordination [19, 29, 44, 45, 83]. 
Despite their effectiveness in specific scenarios, these approaches are very expensive to use 
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due to the significant effort required for fine-tuning and the enormous computational and 
data requirements. Some recent works proposed manually designed curricula to enhance 
PRIMAL but still rely on very complex architectures and reward functions [84, 85]. Inspired 
by The Bitter Lesson of [46], we aim for a simpler and more general foundation to enable 
MARL-based decentralized MAPF in a sustainable manner, with significantly lower costs 
and without distracting ourselves with engineering details. Therefore, we propose a simple 
reverse curriculum scheme to ease applicability and enable faster progress in this direction 
[20, 21].

4  MAPF as a stochastic game

To apply MARL techniques to MAPF in a general way, we first need to formulate the MAPF 
problem defined in Section 2.1 as a stochastic game M, according to Section 2.2. Similar to 
prior works [9, 19, 44, 45], we focus on discrete gridworlds but keep our formulation gen-
eral, e.g., for our analysis in Section 5.4. An adaptation of our methods to arbitrary graphs, 
e.g., using graph neural networks, is left for future work.

4.1  Problem formulation

In both settings, the set of agents D is equivalent. Given a map G = ⟨V, E⟩, the state space 
S is defined by the joint locations of all agents st = ⟨vt,i, ..., vt,N ⟩ ∈ S ⊂ VN , where each 
location in st is unique such that vt,i ̸= vt,j  for each agent pair i, j ∈ D with i ̸= j. The 
individual action space Ai of each agent i is defined by the maximum degree of map G 
plus a wait action, such that |Ai| = 1 + maxv∈V{deg(v)}. In 4-neighborhood gridworlds, 
as displayed in Fig. 2, each agent would be able to wait or move in all cardinal directions. 
The state transitions are deterministic, where a valid move action will change the location 
of the corresponding agent. Attempts to move over non-existent edges or cause collisions, 
i.e., vertex or edge conflicts, are automatically treated as wait action. The individual reward 
rt,i is defined by +1 if agent i reaches its goal vgoal,i, 0 when agent i is staying at its goal 

Fig. 2  Example of an individual observation of the red agent in a gridworld. Agents are represented as 
colored circles, their goals as similarly-colored squares, and obstacles as black squares. Each agent i has 
a limited field of view (FOV) of the environment map, which is centered around its location encoded by 
five channels: The locations of obstacles, other agents’ goals, nearby agents, and the location of the goal 
vgoal,i if within the FOV, and the Manhattan distance and direction of agent i to its goal

 

1 3

Page 9 of 42     23 



Autonomous Agents and Multi-Agent Systems           (2026) 40:23 

location vgoal,i, and -1 otherwise. Each agent i can partially observe the state st through a 
local neighborhood around its location vt,i. For gridworlds, we assume a 7 × 7 field of view 
(FOV) similar to PRIMAL, which is illustrated in Fig. 2 [19]. The features of an observa-
tion zt,i, i.e., obstacles, other agents and their goals, and the direction and goal location of 
agent i, are encoded as a multi-channel image. The direction channel encodes the Manhattan 
distance to the goal vgoal,i, and indicates the direction to it.

When the discount factor is γ = 1, then the negated return −Rt,i of each agent i is equiv-
alent to its travel time l(pi) plus a constant reward of +1 from the beginning to time step t, if 
vgoal,i was reached, and horizon T otherwise. Thus, maximizing Qπ

tot =
∑

i∈D Qπ
i  in MARL 

(Section 2.2 and (1)) is equivalent to minimizing the expected flowtime EI [
∑

p∈P l(p)] in 
MAPF w.r.t. any instance I (Section 2.1) [86].

4.2  Conceptual discussion

Our problem formulation is simple and general, which allows us to solve it in a black-box 
manner that is more intuitive for standard MARL methods without extensive engineering 
[39, 43, 61]. However, the simplicity of our formulation induces a hard exploration problem 
since the reward is sparse, in contrast to PRIMAL and related approaches [19, 44, 45]. In the 
following, we will discuss some particular formulation decisions and potential alternatives 
that we plan to investigate further in the future.

4.2.1  Automatic collision prevention

In MAPF, all agents must coordinate to (1) navigate to their goals and (2) avoid collisions, 
according to Section 2.1. Learning policies for both requirements directly corresponds to 
a multi-objective optimization problem, which is known to be challenging for large-scale 
scenarios, especially in the context of safe reinforcement learning [35, 87]. Addressing col-
lision prevention explicitly in the training regime has led to manual engineering and very 
complicated machinery [35], such as extensive reward shaping [19], explicit communica-
tion [45], overfitting on specific scenarios [44], and the ad hoc invocation of search algo-
rithms [35, 83].

To keep a simple focus and methodology, we concentrate only on the primary MAPF 
objective of optimizing the flowtime and delegate collision prevention to the environment, 
e.g., through some low-level control mechanism of the actual robots. The automatic conver-
sion to wait actions also eases our exploration efficiency analysis in Section 5.4.3. Note that 
collision attempts are still discouraged through time penalties.

The explicit and adequate use of collision penalties depends on the domain (w.r.t. map 
structure and agent density) and could fundamentally change the primary MAPF objective 
such that agents deviate substantially from their original task [37, 88]. For example, agents 
could simply wait indefinitely to avoid collision penalties without reaching their actual 
goals [23, 58]. Our experimental results in Section 6.2.3 indicate that defining such explicit 
penalties is non-trivial and can yield poor global behavior.

Alternative automatic measures to prevent collisions include the termination of episodes 
after a collision [87, 89], shielding of unsafe actions via rules [35], or conformal prediction 
of other agents’ movements [90]. Considering all alternative measures is out of scope for 
this paper and thus will be considered for future work.
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4.2.2  Reward function trade-offs

Since any time step is penalized with -1 anyway (unless an agent reaches or occupies its 
goal), all agents are discouraged from unnecessary delays, which include collision attempts. 
Necessary waits are penalized as well, which is in line with the primary MAPF objective, 
i.e., the flowtime [9, 12]. Unlike prior works [19, 44, 45], we do not need additional hand-
crafted penalties for particular situations like collisions, blocking, or waiting, as listed in 
Table 3, which could fundamentally change the primary MAPF objective and lead to unin-
tended side effects [88]. However, the partial observability along with further theoretical 
assumptions, discussed in Section 5.4, could lead to deadlocks and motivates the distinction 
between necessary and unnecessary waits in future work.

Furthermore, when optimizing alternative objectives that do not account for wait actions, 
such as the sum of loss [16], the time penalty must be adjusted to distinguish between neces-
sary and unnecessary waits. However, in practice, such a distinction is not trivial without a 
suitable predictive measure, such as a MAPF solver or a value function, since the necessity 
of a wait action is typically determined in hindsight [19]. In such cases, the reward func-
tion could be learned itself via meta-learning [91, 92]. Peer incentivization is a decentral-
ized alternative in which agents reward or penalize each other for moving or waiting [23]. 
Considering all alternative reward approaches is out of scope for this paper and thus will be 
considered for future work.

5  Confidence-Based curricula for MAPF

5.1  Training scheme

We assume a separate training phase to learn coordinated local policies π̂i for decentralized 
execution. We train π̂i via policy gradient methods, according to (2) or (3). The critics Q̂i 
are trained via CTDE methods to exploit global information during training using either 
independent learning like MAPPO or value factorization like VDN, QMIX, or QPLEX, as 
illustrated in Fig. 3 [39, 43, 61]. Since the value factorization-based actor-critic scheme has 
been used in a variety of prior works [26, 53, 93, 94], we do not claim novelty here, but pro-
pose it as a basic approach to train cooperative policies via credit assignment mechanisms 
[39, 59, 61].

To address the coordination problem, as mentioned in the introduction, we suggest opti-
mizing individual utilities Q̂i ≈ Qπ̂

i  under consideration of the utilitarian metric Q̂ ≈ Qπ̂
tot 

in (1). For that, the individual utilities Q̂i can be learned end-to-end through a factorization 
operator Ψ like VDN, QMIX, or QPLEX to consider multi-agent credit assignment from 
a cooperative perspective [18, 39, 57, 61]. The factorization operator Ψ approximates the 
expected sum of individual returns by minimizing the factorization loss LΨ defined by:

	
LΨ = E

[(
Ψ(Q̂1(τt,1, at,1), ..., Q̂N (τt,N , at,N )) −

∑
i∈D

Rt,i

)2]
� (6)

The local policies π̂i are then trained according to (2) or (3) using counterfactual advan-
tages Âi defined by [53]:
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Âi(τt, at) = Rt,i −

∑
a′∈Ai

π̂i(a′|τt,i)Q̂i(τt,i, a′)� (7)

The advantage Âi incentivizes the optimization of travel distances under implicit consider-
ation of other agents through Q̂i and Ψ w.r.t. (1) and (6).

5.2  Reverse curriculum scheme

The training scheme described above represents a general approach to learning coordinated 
policies π̂i [26, 53]. However, sparse rewards and dynamic constraints in our MAPF setting 
(Section 4) pose particular challenges that require a suitable curriculum to learn meaning-
ful policies [42, 70]. Unlike prior works that rely on shaped reward functions with various 
penalties and expensive expert data for imitation learning, we propose Confidence-based 
Auto-Curriculum for Team Update Stability (CACTUS) to enhance the training scheme of 
Section 5.1 without significant effort and costs.

Definition 5.1  (CACTUS region and allocation radius) A CACTUS region is defined by 
VCACTUS(v) = {u ∈ V|DIST(u, v) ≤ Ralloc} for each v ∈ V , assuming that v is reachable 
from any surrounding location u ∈ VCACTUS(v) within an allocation radius of Ralloc ≥ 1 
steps, and vice versa. The distance function DIST : V × V → R denotes a reachability mea-
sure, e.g., the geodesic or shortest path distance.

At the beginning of every episode m, each agent i starts at a random loca-
tion vstart,i ∈ V  and needs to navigate to a randomly assigned goal location 
vgoal,i ∈ VCACTUS(vstart,i) \ {vgoal,1, ..., vgoal,i−1, vstart,i}. Ralloc characterizes the 
potential difficulty of the generated instances I as larger allocation radii may require the 
agents to move and explore over longer distances to locate their goals. Thus, our reverse 

Critic NCritic 1 ... Actor NActor 1 ...

Fig. 3  Common actor-critic scheme as used in various prior works on cooperative MARL [26, 53, 93, 
94]. A separate critic is trained for each actor using some centralized factorization operator Ψ like VDN, 
QMIX, or QPLEX [18, 57]
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curriculum scheme starts with a small radius of Ralloc = 1, which gradually increases with 
improving performance measured by the completion rate ρm

T  for episode m.
CACTUS uses a statistical approach to decide whether to increment Ralloc or not. After 

each epoch of E episodes m, we measure the average completion rate µ = 1
E

∑E
m=1 ρm

T  and 

its standard deviation σ =
√

1
E−1

∑E
m=1(ρm

T − µ)2.

Assuming that the completion rates ρm
T  follow a normal distribution, CACTUS incre-

ments Ralloc by 1, if µ − ησ ≥ U , where U ∈ (0, 1) is the curriculum decision threshold 
and η > 0 is a deviation factor to specify the confidence level. For example, if U = 75% 
and η = 2 then Ralloc would be incremented only if all agents achieve an average comple-
tion rate over 75% with a confidence level of around 97%. This corresponds to a statistical 
significance test of the currently achievable performance. Note that we only regard one-
tailed tests here, where we assume no upper limit to the average completion rate of agents 
(except for µ = 100%, where σ would be zero). The curriculum update scheme is illustrated 
in Fig. 1.

The complete formulation of CACTUS is given in Algorithm 1. G is a set of training 
maps or a map generator, DIST : V × V → R is a reachability distance function, U is the 
curriculum decision threshold, and η is the deviation factor.

Algorithm 1  Confidence-Based curriculum learning for MAPF.
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5.3  Conflict-Based curriculum scheme

CACTUS enables efficient exploration to learn navigation skills over long distances. Colli-
sion avoidance or conflict resolution is addressed indirectly through overlapping CACTUS 
regions VCACTUS(vstart,i), which grow over time as the allocation radius Ralloc increases, 
as shown in Figs. 1 and 4.

We now propose a variant of CACTUS, called Confidence- and Conflict-Based Cur-
riculum Learning with Allocation Radius Adaptation (C3LARA), which uses weighted 
sampling of goal locations based on overlapping CACTUS regions VCACTUS(vstart,i) to 
improve conflict resolution in instances of high agent density.

Instead of sampling goal locations uniformly in Line 11 of Algorithm 1, we now assign a 
probability to each potential location v ∈ V  proportional to the number of overlapping CAC-
TUS regions that v belongs to. Thus, for each agent i ∈ D with a start location vstart,i ∈ V , 
a CACTUS region VCACTUS(vstart,i) ⊆ V , and a set of goal locations already assigned to 
other agents {vgoal,1, ..., vgoal,i−1}, we define:

	
P(vgoal,i = v) = C(v)∑

u∈VCACTUS(vstart,i)\{vgoal,1,...,vgoal,i−1,vstart,i} C(u) � (8)

where C(v) = |{j ∈ D|v ∈ VCACTUS(vstart,j)}| is the goal candidate weight, represented 
by the number of all CACTUS regions containing v ∈ V . C(v) characterizes the conflict 
potential of v due to an increased chance of encountering other agents [21].

An example is shown in Fig. 4. At the early stages of training, all agents are ran-
domly scattered with small CACTUS regions that rarely overlap. Thus, the distribution 
of P(vgoal,i = v) is uniform in most cases. With an increasing allocation radius Ralloc, 
according to Algorithm 1, the number of overlaps increases, such that C3LARA biases the 
goal allocation toward intersection areas of different CACTUS regions. Note that C3LARA 
does not introduce any additional hyperparameter and, therefore, can be straightforwardly 
applied to Line 11 in Algorithm 1.

With C3LARA, we can incentivize agents to improve their conflict resolution which 
potentially improves the generalization to instances of high agent density. As the agents 
progress, the CACTUS regions will eventually span the whole map, such that the goal 

Fig. 4  Example of the goal candidate weighting scheme of C3LARA for N = 3 agents (colored circles), 
focusing on the blue agent. In the beginning, the CACTUS regions around the agents do not overlap, thus 
the weights are C(v) = 1 for most locations v ∈ VCACTUS(vstart,i). Over time the CACTUS regions 
will overlap with increasing allocation radius Ralloc. All locations v in intersection areas have weights 
C(v) > 1, depending on the number of overlapping regions, according to (8)
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location probabilities will revert back to a uniform distribution. To maintain a high conflict 
potential per location, we need to increase the agent density by increasing the number of 
agents or decreasing the map size, which we defer to future work.

5.4  Theoretical properties of our curriculum scheme

We now analyze the strengths and limitations of our curriculum scheme from a theoretical 
perspective, contrasting prior works that are heavily engineered and complex but lack a 
sound foundation [19, 29, 44, 45, 83]. Our analyses focus on CACTUS and can be extended 
to C3LARA. For simplicity, we first analyze the optimality and exploration efficiency of 
CACTUS from a single-agent perspective. We then discuss the conditions to generalize our 
findings to the multi-agent setting, including open challenges that we defer to future work.

5.4.1  Preliminaries

In the following, we state the main assumptions and definitions (in addition to the CACTUS 
region of Definition 5.1) on which our analyses will be based.

Assumption 5.1  We assume a connected and undirected unweighted graph G, and use the 
geodesic distance or shortest path distance as DIST : V × V → R for Ralloc.

Assumption 5.1 aligns with state-of-the-art works in MAPF [15, 16]. The geodesic dis-
tance is required to provide bounds on the reachability of locations within the CACTUS 
regions.

Definition 5.2  (Random action probability) The probability of randomly selecting an indi-
vidual action at,i ∈ Ai is p = 1

|Ai| = 1
1+maxv∈V {deg(v)} , according to Section 4.

Definition 5.3  (CACTUS exploration policy) An agent at location vt,i controlled by the 
CACTUS exploration policy πCACTUS

i  reaches the goal location vgoal,i ∈ V  within 
H ≥ Ralloc steps with a probability of at least U ∈ (0, 1), if vt,i ∈ VCACTUS(vgoal,i). Oth-
erwise, πCACTUS

i  behaves randomly by selecting each action at,i ∈ Ai with a probability 
of p = 1

|Ai| , according to Definition 5.2.

πCACTUS
i  represents a behavioral policy learned via CACTUS, according to Algorithm 

1, where all agents learn to reach their goals within the corresponding CACTUS regions 
with sufficiently high confidence. The curriculum decision threshold U represents the target 
completion rate that is ensured through confidence-based or statistical significance testing 
of the current performance in Line 29 of Algorithm 1.

Assumption 5.2  VCACTUS(vgoal,i) represents an absorbing region for the policy πCACTUS
i . 

When agent i controlled by πCACTUS
i  enters VCACTUS(vgoal,i) at time step t, it only moves 

within that region, such that vt+k,i ∈ VCACTUS(vgoal,i) with k > 1 . Any other agent j ̸= i  
does not get absorbed by VCACTUS(vgoal,i).
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Due to our curriculum scheme and significance tests in Algorithm 1, we can assume that 
agents will move toward their goal locations with sufficiently high confidence once they are 
in a reachable range, i.e., Ralloc steps. Note that agents are not absorbed by the CACTUS 
regions of other agents’ goals.

Definition 5.4  (Default exploration policy) The default or random exploration policy 
πDefault

i  always selects each action at,i ∈ Ai with a probability of p = 1
|Ai| .

We use πDefault
i  to model the exploration behavior of most standard RL algorithms (Section 

2.2.1), as used in prior works on MARL for MAPF [19, 29, 44, 45, 83].
Note that πCACTUS

i  and πDefault
i  represent behavioral policies used for exploration, i.e., 

data acquisition. The target policies, e.g., greedy policies w.r.t. Q̂i can be different from the 
behavioral policy, depending on the concrete RL algorithm [54, 95].

5.4.2  Single-Agent optimality

For this preliminary analysis, we assume a single-agent setting, i.e., N = 1, and thus 
omit the agent index i. Under certain conditions, discussed in Section 5.4.4, this analy-
sis can be generalized to multi-agent settings with N > 1 by considering the joint actions 
at = ⟨at,1, ..., at,N ⟩, joint locations st = ⟨vt,i, ..., vt,N ⟩, and joint CACTUS regions ∪

i∈D VCACTUS(vgoal,i) of all agents i ∈ D.
If we can perfectly approximate the value function of the target policy π such that 

Q̂ = Qπ , we can show that our curriculum scheme does not compromise the ability of RL 
algorithms to converge to the optimal values Q∗(v, ·) and policies π∗ for all v ∈ V .

Theorem 1  Assuming that CACTUS, according to Algorithm 1, converges to the optimal 
values Q∗(v, ·) for all vgoal ∈ V  and v ∈ VCACTUS(vgoal) for an allocation radius of 
Ralloc ≥ 1 . Then, optimal RL algorithms using CACTUS can converge to the optimal value 
function Q∗ and optimal policies π∗ with Ralloc → ∞.

Proof  According to the Bellman principle of optimality [95, 96], all optimal values Q∗(v, ·) 
learned so far are not affected by an expansion of VCACTUS(vgoal) when increment-
ing Ralloc, since all new locations u have a strictly greater distance to vgoal and thus a 
smaller expected return [86]. An example is provided in Fig. 5. As training progresses with 
Ralloc → ∞ and VCACTUS(vgoal) → V , an optimal RL algorithm will eventually learn the 
optimal values for the whole map G (Assumption 5.1). � □

Theorem 1 confirms that any optimal RL algorithm exploring via our CACTUS scheme, 
according to Algorithm 1, can also converge to the optimal value function Q∗ and thus to 
an optimal policy π∗ when gradually incrementing Ralloc from 1 to ∞. According to [86] 
and Section 4.2, our rewards defined in Section 4 are aligned with the original path finding 
objective thus enabling optimality, in contrast to manual reward shaping [19, 44, 45], which 
can lead to unintended side effects [88].
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5.4.3  Exploration efficiency

For this preliminary analysis, we assume a single-agent setting, i.e., N = 1, and thus 
omit the agent index i. Under certain conditions, discussed in Section 5.4.4, this analy-
sis can be generalized to multi-agent settings with N > 1 by considering the joint actions 
at = ⟨at,1, ..., at,N ⟩, joint locations st = ⟨vt,i, ..., vt,N ⟩, and joint CACTUS regions ∪

i∈D VCACTUS(vgoal,i) of all agents i ∈ D.
The empirical progress of an RL algorithm depends on its chance of reaching the goal 

location vgoal within T time steps. Failed attempts or episodes that do not lead to vgoal, 
always yield an uninformative return of −T , which can lead to poor policies in practice [56, 
97–101]. Thus, we will now analyze the exploration efficiency of the behavioral policies 
πCACTUS and πDefault.

Theorem 2  Given a start location vstart ∈ V  with DIST(vstart, vgoal) = Ralloc + 1  and 
a horizon of T > H  steps. Then, the CACTUS exploration policy πCACTUS has a higher 
chance of reaching vgoal than the default exploration policy πDefault if U > CpT , where 
C ≥ 1  is the number of possible paths from vstart to vgoal within T steps.

Proof  For πCACTUS, we model our instances I as an absorbing Markov chain [102, 103] 
with three nodes, where vstart represents the sole transient node VStart. All locations 
v ∈ VCACTUS(vgoal) represent an absorbing node VCACTUS and all remaining locations 
u /∈ VCACTUS(vgoal) ∪ {vstart} represent the other absorbing node VX . Since G is con-
nected, the agent can reach VCACTUS and VX  from VStart or remain at VStart due to wait-
ing or invalid move attempts, as illustrated in Fig. 6. Since each transition has a probability 
of at least p = 1

|A| , the chance PCACTUS of reaching the goal satisfies:

	
PCACTUS ≥ U

T −H∑
k=1

pk

Fig. 5  Value approximation via CACTUS for a single agent (blue circle) and its goal location vgoal (red 
square with +1). Note that the optimal values learned in previous epochs are not affected when increment-
ing Ralloc. Empty cells have a value of zero
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The right-hand side is a lower bound of the true probability PCACTUS. In principle, the 
agent can still reach vgoal from any location in VX  due to G being connected and undi-
rected, according to Assumption 5.1, which we do not consider for simplicity.

πDefault explores completely randomly without any absorbing region. Therefore, its 
goal-reaching probability is PDefault = CpT = C

|A|T  because the exploration space |A|T  is 
exponential w.r.t. the horizon T, as illustrated in Fig. 6 [73, 86].

If U > CpT , we can now show that PCACTUS > PDefault:

	

PCACTUS ≥ U

T −H∑
k=1

pk > CpT = PDefault ⇐⇒ U >
CpT

∑T −H
k=1 pk

⇐⇒ U > CpT

Given a finite horizon of T > H  steps, 
∑T −H

k=1 pk <
∑∞

k=1 pk = 1
1−p − 1 = 1

|A|−1 ≤ 1, 
where |A| ≥ 2 due to the connectedness of the map G and the wait action, according to Sec-
tion 4. Thus, we can infer that CpT∑T −H

k=1
pk

> CpT , and confirm U > CpT . � □

In theory, we can estimate C via powers of the adjacency matrix of G to determine 
an adequate curriculum decision threshold U in Algorithm 1 [104]. In practice, we can 
assume that C is very small compared to the exploration space 1

pT = |A|T . For example if 

CpT ≥ p, then random exploration would find the goal location with a chance of at least 
20% in any 4-neighborhood gridworld, which would not be considered a hard exploration 
problem [40, 97, 98, 100]. Thus, we recommend setting U > p = 1

|A| .

CACTUS Exploration via Random Exploration via

Fig. 6  Illustration of the exploration spaces of πCACTUS and πDefault. Left: The exploration behavior 
of πCACTUS is modeled as an absorbing Markov chain with two absorbing nodes VCACTUS (blue) and 
VX  (gray), respectively. The transition probabilities p = 1

|A|  and q ≥ p (waiting or invalid move at-
tempts) are used to estimate a lower bound probability of reaching the goal. Right: The exploration space 
of πDefault is exponential w.r.t. the horizon T, where each action is selected with a chance of p
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5.4.4  Generalization to multi-agent settings and challenges

Our analyses in Sections 5.4.2 and 5.4.3 can be viewed as preliminary steps toward pro-
viding guarantees for the multi-agent setting with N > 1. The most intuitive approach to 
generalizing both analyses is to consider the joint actions at = ⟨at,1, ..., at,N ⟩, joint loca-
tions st = ⟨vt,i, ..., vt,N ⟩, and joint CACTUS regions 

∪
i∈D VCACTUS(vgoal,i) to formu-

late a centralized MAPF problem with a single joint controller. In the following, we will 
discuss the conditions of the generalization and the corresponding challenges that we need 
to address in the future.

Towards multi-agent optimality  To extend Theorem 1 toward multi-agent optimality w.r.t. 
the flowtime (Section 2.1) and our stochastic game formulation (Section 4), the following 
conditions must hold: 

1.	 The rewards must be aligned with the MAPF objective, as discussed in Sections 4.1 and 
4.2.2 [37, 105].

2.	 The training instances must be solvable by CACTUS, according to Assumption 5.2. 
Therefore, the optimal makespan of the training instances must not exceed the alloca-
tion radius Ralloc. Figure 7 shows a negative example, where the CACTUS regions 
around the agents’ goals would prevent both agents from taking potentially necessary 
detours in order to solve the task.

3.	 The problem must be fully observable, i.e., all agents must be able to perceive the whole 
environment and all agents (1) [106, 107].

Condition 1 is already satisfied by our problem formulation from Section 4, as discussed 
in Section 4.2 and [86]. Emphasizing other MAPF-relevant aspects through penalties, such 
as collision avoidance or deadlocks, can change the underlying MARL objective towards 
more defensive or even lazy behavior, which could deviate substantially from the actually 
achievable optimal behavior [37, 105].

Condition 2 can be satisfied by generating training instances with optimal makespans 
that do not exceed Ralloc. With that restriction, we can ensure that all agents can theoreti-
cally reach their respective goals within Ralloc steps. A simple approach towards generating 
such instances is to simulate a joint random walk of Ralloc steps for all agents from their 

Fig. 7  Example of a solvable 
instance I with N = 2 agents 
(red and blue circles) and their 
corresponding goals (red and 
blue squares) within an al-
location radius of Ralloc = 2. 
The shaded circles indicate the 
absorbing CACTUS regions 
around the respective goals. 
According to Assumption 5.2, 
CACTUS cannot solve this in-
stance because neither agent can 
leave their CACTUS regions, 
which prevents them from taking 
potentially necessary detours to 
solve the task
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start locations vstart,i (without any collisions, according to Section 4) and allocate their 
goals vgoal,i at the position of their Rallocth random step, as illustrated in Fig. 8 (right) [21].

Condition 3 can only be satisfied in specific domains, e.g., confined applications like 
warehouse management [1, 2]. However, in general, the world is messy and uncertain due 
to noisy sensors [18, 108], limited agent knowledge [23, 37], and unexpected behavior of 
other agents [3, 26]. Thus, the optimality Q∗ = Q∗

tot = maxπQπ
tot of the achievable decen-

tralized behavior π (Section 2.2) is always upper-bounded by the corresponding centralized 
behavior, where a joint controller acts either under full observability Q∗

MDP (MDPs or most 
search-based MAPF solvers) or partial observability Q∗

POMDP (POMDPs with access to all 
local observations zt,i) [107, 108]:

	 Q∗ = Q∗
tot ≤ Q∗

POMDP ≤ Q∗
MDP

In theory, we can determine the upper bounds Q∗
MDP and Q∗

POMDP by solving the cor-
responding MDP or POMDP formulation, e.g., via the Bellman optimality equation using 
Dynamic Programming [18, 106, 107]. However, addressing this optimality gap is out of 
scope for this work and thus will be considered for future work.

Towards multi-agent exploration efficiency  To extend Theorem 2 toward multi-agent 
exploration efficiency, the following conditions must hold: 

1.	 In accordance with the multi-agent optimality, the optimal makespan of the training 
instances must not exceed the allocation radius Ralloc. That means all goals must be 
reachable within Ralloc steps to alleviate the issue of detours, as illustrated in Fig. 7.

2.	 Given an allocation radius Ralloc, the curriculum approach must generate a sufficiently 
diverse set of instances with a maximum optimal makespan of Ralloc to ensure general-
izing training with various potential paths; ideally all C joint paths.

Similar to the multi-agent optimality, discussed above, condition 1 can be satisfied by gen-
erating training instances with an optimal makespan that does not exceed Ralloc, e.g., by 
simulating joint random walks, as illustrated in Fig. 8 (right) [21].

Fig. 8  Illustration of two goal allocation strategies given some allocation radius Ralloc and an empty 
and warehouse corridor map. The shading intensity (blue, red) indicates the empirical frequency of goal 
allocations. Left: The uniform strategy is used in this paper and allocates goals randomly within their cor-
responding CACTUS regions. The resulting instances might not be solvable by CACTUS, according to 
Assumption 5.2. Right: The random walk strategy simulates a joint random walk of all agents from their 
respective start locations and places the goals at the corresponding Rallocth random step. The resulting 
instances are always solvable by CACTUS but less diverse
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Naive joint random walks can guarantee training instances that are solvable by CAC-
TUS, according to Assumption 5.2. However, these instances are biased towards short-
range navigation, with goals typically placed near the start locations, as shown in Fig. 8 
(right). To satisfy condition 2, we need to investigate allocation strategies that can ensure 
solvability but are also sufficiently diverse like our uniform goal allocation strategy used in 
Algorithm 1, as illustrated in Fig. 8 (left). Such an investigation is out of scope for this paper 
and thus will be considered for future work.

5.4.5  Decentralized multi-agent coordination

Under certain conditions, discussed in Section 5.4.4, our analyses in Sections 5.4.2 
and 5.4.3 can be generalized to multi-agent systems by considering the joint actions 
at = ⟨at,1, ..., at,N ⟩ and joint locations st = ⟨vt,i, ..., vt,N ⟩. However, most prior works use 
independent learning, where single-agent RL algorithms are applied to each agent sepa-
rately [19, 29, 44, 45, 83]. Independent RL is not guaranteed to converge in general due to 
the non-stationarity caused by simultaneously learning agents [109, 110]. Even if all agents 
learn shortest-path policies, the resulting joint policy is not guaranteed to be optimal due to 
potential conflicts and infeasibility [12, 27, 83].

To alleviate the coordination problem, most prior works rely on extensive engineering by 
specializing in very specific aspects, such as congestion [44], blocking [19], communication 
[45], periodic neighborhood sensing [29], etc. While these specializations work empiri-
cally well for particular settings, most of them are hardly transferable to new scenarios 
and may even interfere with each other. For example, rewards may be shaped to avoid 
corridors. However, if agents can synchronize via communication and find more efficient 
paths through the corridors, the rewards may be limiting and need re-adjustment. Constantly 
keeping track and re-adjusting all of these mechanisms is neither tractable nor desirable in 
the long run, according to The Bitter Lesson [46].

Fortunately, modern MARL techniques offer more general ways of addressing multi-
agent coordination via credit assignment mechanisms (Section 2.2.2). For example, when 
the value functions Q̂i are learned jointly via Q̂ =

∑
i∈D Q̂i ≈ Qπ̂

tot using an IGM consis-
tent factorization operator Ψ, according to (4) and (5), we can ensure that the decentralized 
maximization of Q̂i is equivalent to the joint maximization of Q̂ and thus effective coordi-
nation of the resulting local policies π̂i.

We now regard our MAPF objective, according to Section 4 and (1), w.r.t. potential fac-
torization operators Ψ (Section 2.2.2):
Proposition 1  The sum of values Qπ

tot(st , at) =
∑

i∈D Qπ
i (st , at) w.r.t. the expected flow-

time for all states st ∈ S and joint actions at ∈ A, according to Section 4 and (1), satisfies 
the additivity as well as the monotonicity constraint δQπ

tot
δQπ

i
≥ 0 .

Proof  The sum of values Qπ
tot(st, at) =

∑
i∈D Qπ

i (st, at) is a linear operation, where any 
increase (or decrease) in Qπ

i  leads to a monotonic increase (or decrease) in Qπ
tot. � □

According to Proposition 1, we can use simple and efficient factorization operators, such 
as VDN [58] and QMIX [39], as described in Section 2.2.2, to learn coordinated policies 
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that optimize the sum of values or expected flowtime, according to Section 4 and (6). More 
general and advanced techniques, such as QPLEX, can also be used, but they increase com-
plexity and computational demand and offer limited prospects for improving performance, 
as we will demonstrate in Section 6.2.4. Note that the rewards must be aligned with the 
original MAPF objective, as discussed in Section 4, and cannot be modified arbitrarily with-
out compromising optimality and reliability [88].

The makespan satisfies the monotonicity constraint but not the additivity constraint, 
which we do not consider further in this paper.

Note that the incorporation of multi-agent coordination techniques, such as credit assign-
ment mechanisms, is necessary but not sufficient to ensure multi-agent optimality of CAC-
TUS, as discussed in Section 5.4.4.

5.4.6  Further limitations

Absorbing CACTUS regions  Assumption 5.2 depends on the confidence level, specified by 
the deviation factor η, that an agent can reach its goal with a chance of at least U, accord-
ing to Algorithm 1. If the confidence level is too low, there is too much uncertainty about 
the true goal-reaching probability and, consequently, about the exploration efficiency of 
πCACTUS. Our experiments in Section 6.2.3 suggest that η should be specified such that the 
confidence level is at least 95%, i.e., η > 1.

Distance function  To ensure the validity of our exploration efficiency analysis, the dis-
tance function DIST : V × V → R must not underestimate the shortest path length. Using 
an underestimating distance function for Ralloc, such as the Chebyshev distance, cannot 
guarantee the reachability of a goal location within H ≥ Ralloc steps, e.g., due to potential 
detours, even if the agent is inside the CACTUS region VCACTUS(vgoal).

Variable number of agents  Our curriculum scheme and analyses assume a fixed number of 
agents N. Therefore, the values learned are only valid for N. While function approximators 
like deep neural networks can generalize to scenarios with different numbers of agents, as 
demonstrated in [19, 29, 44, 45, 83], there is no theoretical support for arbitrary scaling yet.

5.5  Conceptual discussion

CACTUS represents a simple reverse curriculum scheme inspired by [42, 70]. Our work 
focuses on the MAPF problem, where we have multiple agents with different start and goal 
locations that can vary per instance I. To ensure generalization over many different MAPF 
instances and maps, our scheme adjusts the random allocation of goals around the random 
start locations, as illustrated in Fig. 8 (left).

In contrast to prior works [84, 85], CACTUS does not separate learning of different skills 
like navigation and collision avoidance. As illustrated in Fig. 1, all agents first need to focus 
on reaching their goals, which are allocated in close proximity within Ralloc. With increas-
ing Ralloc, the allocation areas of different agents may overlap, as shown in Fig. 4. This 
automatically causes agents to interact with each other, thus increasing the conflict poten-
tial and coordination pressure [21]. The conflict potential can be further amplified with C3
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LARA by sampling goal locations of intersection areas with higher probability, as specified 
in (8), without additional hyperparameters or engineering.

Ralloc is incremented only when the agents can coordinate and reach their goals with 
sufficiently high confidence, which is checked via statistical significance testing using the 
hyperparameters U and η. Thus, CACTUS offers an adaptive approach to MAPF problems 
via MARL without explicit separation of agent skills [40, 84, 85], shaping of rewards [19], 
or expensive acquisition of expert data [44, 45]. Since the goals are initialized randomly 
within the allocation radius Ralloc around the agents’ start locations, they can still be allo-
cated in closer proximity to the agents, which alleviates catastrophic forgetting of easier 
tasks that the agents have mastered before.

The simplicity of CACTUS allows us to delve into its theoretical properties, in contrast 
to prior methods, which are heavily engineered and too complicated for proper analysis. By 
assuming U to be a lower bound probability of reaching goals within their CACTUS regions, 
as well as absorption within these regions, we can expect considerably higher exploration 
efficiency for hard exploration problems in the single-agent case, as well as the multi-agent 
case if the maximum makespan is Ralloc and multi-agent coordination techniques like credit 
assignment mechanisms are used.

While CACTUS can preserve the optimality of single-agent RL algorithms, it cannot 
yet guarantee optimality for the multi-agent case, due to partial observability and potential 
instances that cannot be solved by absorbed agents. The former is an open challenge that 
requires further investigation in future work. The latter can be addressed via goal assign-
ments that ensure reachability of all goals with a maximum makespan of Ralloc without 
any detours outside the absorbing CACTUS regions, as illustrated in Fig. 8 (right). In prac-
tice, CACTUS can still perform well compared to prior methods, especially in unstructured 
maps.

By using suitable function approximators, such as graph neural networks, CACTUS and 
C3LARA can both be straightforwardly applied to any kind of undirected unweighted graph 
G beyond gridworlds, as neither our problem formulation in Section 4 nor our methods and 
theoretical analyses in Section 5 explicitly depends on grid structures, unlike certain heu-
ristics used in search-based MAPF solvers [13, 17]. However, given the prevalence of grid-
world benchmarks for MAPF algorithms [9, 19, 111], our experimental evaluation focuses 
on gridworlds for direct comparability with prior learning- and search-based methods.

6  Experiments

6.1  Setup

6.1.1  Maps and instances

The training maps are randomly generated, according to [19], and have different shapes 
K × K defined by map size K ∈ {10, 40, 80}. The obstacle density δ ∈ {0, 0.1, 0.2, 0.3} 
defines the fraction of non-occupiable locations in the maps. All agents start at random 
locations with randomly assigned goals, according to an allocation radius Ralloc ≥ 1. If 
Ralloc = ∞, then the goals can be placed anywhere on the training map.

1 3

Page 23 of 42     23 



Autonomous Agents and Multi-Agent Systems           (2026) 40:23 

The test maps are provided by [19]. For each map configuration of size K and obstacle 
density δ, there are 100 pre-generated test instances I with fixed start and goal locations for 
all agents w.r.t. Ralloc = ∞ to ensure a fair comparison between different approaches.

We always set γ = 1, as suggested in Section 4.

6.1.2  Algorithms and training

We implement PPO for policy learning (3) and VDN, QMIX, QPLEX, and MAPPO for 
critic learning. We implement a purely RL-based version of PRIMAL using the same reward 
function as defined in [19] (Table 3). In addition, we employ a naive baseline, called No 
Curriculum, which consists only of PPO and QMIX without any shaped reward. PRIMAL 
and No Curriculum are trained with Ralloc = ∞, according to Section 6.1.1. We choose 
QMIX as our No Curriculum baseline for consistency with our default setting. Replacing 
QMIX with VDN, QPLEX, or MAPPO does not notably affect the performance of this 
baseline due to the generally limited exploration capabilities of non-curriculum approaches, 
according to Section 5.4.3.

We train all algorithms on different training maps, as explained in Section 6.1.1, with 
N = 8 agents over 5000 epochs, each consisting of E = 32 episodes. The maps of size 
K = 10 are sampled twice as often as the other map sizes, as proposed in [19]. Each episode 
terminates after all agents reach their goal or after T = 256 time steps. All algorithms use 
parameter sharing, i.e., where all agents use the same policy and individual critic networks 
π̂i and Q̂i, respectively.

We denote CACTUS (X) as CACTUS (or C3LARA, respectively) using MARL algo-
rithm X for critic learning. Unless stated otherwise, CACTUS and C3LARA always use 
PPO for policy and X=QMIX for critic learning.

In addition, we run CBSH as a slow but optimal search-based MAPF solver with a run-
time limit of 5 minutes [11] and MAPF-LNS [15] as a fast but unbounded suboptimal any-
time MAPF solver with a runtime limit of 1 minute.

6.1.3  Neural networks and hyperparameters

For CACTUS, C3LARA, and No Curriculum, we use deep neural networks to implement π̂i 
and Q̂i for each agent i and factorization operator Ψ for QMIX and QPLEX. The neural net-
works are updated after every E = 32 episodes using ADAM with a learning rate of 0.001.

Since all regarded maps are gridworlds, the observations are encoded as multi-channel 
image, as illustrated in Fig. 2. We implement all neural networks as multilayer perceptrons 
(MLP) and flatten the multi-channel images before feeding them into the networks. π̂i and 
Q̂i have two hidden layers of 64 units with ELU activation. The output of π̂i has |Ai| 
units with softmax activation. The output of Q̂i has |Ai| linear units. The hypernetworks 
of QMIX, as well as the critic of MAPPO, have two hidden layers of 128 units with ELU 
activation and one or |Ai| linear output units, respectively. For PRIMAL, we use the same 
architecture as proposed in [19].

Unless stated otherwise, CACTUS always uses a threshold of U = 75% and a deviation 
factor of η = 2, which corresponds to a confidence level of about 97% in one-tailed tests.
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6.1.4  Computing infrastructure

All training and test runs are performed on a x86_64 GNU/Linux (Ubuntu 18.04.5 LTS) 
machine with i7-8700 @ 3.2GHz CPU (8 cores) and 64 GB RAM. Due to the simplicity 
of CACTUS, we do not need any GPU or distributed HPC infrastructure in contrast to [19, 
44, 45].

6.2  Results

For each experiment, all respective algorithms are run 10 times to report the average prog-
ress and the 95% confidence interval. We evaluate the training progress and generalization 
of the trained policies with the pre-generated test instances I explained in Section 6.1.1. 
Since CACTUS and C3LARA progress similarly during training, we report only the learn-
ing curves of CACTUS and provide the results of C3LARA in the generalization experi-
ments in Section 6.2.4.

6.2.1  Simplicity of CACTUS

To demonstrate the simplicity of CACTUS, we first quantify the training time and data w.r.t. 
the number of episodes, the number of trainable parameters, and the reward complexity and 
compare them with the original PRIMAL, as specified in [19].

An overview is given in Table 1. In almost all aspects, CACTUS requires only 5% or less 
of the effort of the original PRIMAL, therefore being clearly the simpler and more efficient 
MARL approach to MAPF. Unlike PRIMAL, CACTUS is only run on CPU while still 
requiring significantly less training time. Furthermore, CACTUS does not depend on any 
expert data, i.e., recommendations of a centralized search-based MAPF solver, which saves 
a considerable amount of compute. While the reward function of PRIMAL requires four 
penalty terms for very specific situations, CACTUS is trained with a very simple reward 
function that penalizes any time step unless the goal is reached without manually consider-
ing specific cases, as discussed in Section 4.

Figure 9 compares the number of trainable parameters and neural network architectures 
of PRIMAL and CACTUS. In CACTUS, the critic with the mixing network of QMIX has 
the majority of trainable parameters, which are only required during training. The actor size 
is negligible in CACTUS, which enables significantly faster inference than PRIMAL. The 
network architecture of CACTUS is also much simpler than PRIMAL since it is only based 
on MLPs and thus does not depend on specialized hardware or significant computational 
effort for fine-tuning and training [20].

Table 1  Comparison of the original PRIMAL and CACTUS w.r.t. various aspects in our experiments. The 
last column shows the amount of effort relative to the original PRIMAL. The numbers of the original PRI-
MAL are from [19]. Unlike [19], we do not use any GPU or expert data for training

PRIMAL (original [19]) CACTUS Relative effort to PRIMAL
Training Time ≈ 20 days ≈ 1 day ≈ 5%
# Training Episodes ≈ 3.8 million 160, 000 ≈ 4.2%
# Parameters ≈ 13 million 579, 979 ≈ 4.5%
# Reward Penalties 4 1 25%
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6.2.2  Curriculum learning

We evaluate the effect of CACTUS using QMIX and MAPPO as current state-of-the-art 
MARL techniques [39, 43, 61]. After every epoch, we measure the average completion 
rate w.r.t. all test instances I with map size K ∈ {10, 40, 80} as well as obstacle density 
δ ∈ {0, 0.1, 0.2, 0.3} for N = 8 agents. The results are shown in Fig. 10. CACTUS (QMIX) 
always performs best. PRIMAL outperforms CACTUS (MAPPO). No Curriculum fails to 
learn meaningful policies. However, PRIMAL is barely able to outperform No Curriculum 

Fig. 10  Average training progress of CACTUS variants, PRIMAL, and a naive MARL baseline without 
any curriculum w.r.t. training epochs (left) and training time (right). The performance is evaluated on all 
pre-generated test instances I of [19] with K ∈ {10, 40, 80}, δ ∈ {0, 0.1, 0.2, 0.3}, and N = 8 agents. 
Shaded areas show the 95% confidence interval

 

Fig. 9  Left: Comparison of the number of trainable parameters in PRIMAL and CACTUS. Note the 
logarithmic scale on the y-axis. Right: Schematic network architectures used for PRIMAL and CACTUS. 
The sizes do not reflect any quantity and are intended only to illustrate the components used for learning
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after 24 hours of training. CACTUS (QMIX) is the fastest approach, completing training 
below 24 hours.

6.2.3  Hyperparameter and ablation study

CACTUS hyperparameters  Next, we evaluate the impact of different curriculum decision 
thresholds U ∈ {0.25, 0.5, 0.75} and deviation factors η = {1, 2, 3} on CACTUS. After 
every epoch, we measure the average completion rate w.r.t. all test instances I with map 
size K ∈ {10, 40, 80} as well as obstacle density δ ∈ {0, 0.1, 0.2, 0.3} for N = 8 agents. 
For the deviation factor evaluation, we consider CACTUS with U = 0.25, since all variants 
with U = 0.75 perform very similarly, as shown in Fig. 10. The results are shown in Fig. 
11. CACTUS performs best with U = 0.75 and second best with U = 0.5. CACTUS with 
U = 0.25 performs best when η = 2 and second best with η = 3. All CACTUS variants 
clearly outperform PRIMAL.

Training with manual curriculum schedules  We also compare our confidence-based curricu-
lum update rule from Section 5.2 and Algorithm 1 with alternative manual curricula with a 
hyperparameter K ≥ 1. We consider fixed-interval updates to the allocation radius Ralloc 
after K epochs, and doubling-interval updates, starting with K epochs and doubling the 
interval after each radius update. The latter is motivated by the growing CACTUS regions, 
which could require more exploration time. The results are shown in Fig. 12 (left). None of 
the manual curricula outperforms CACTUS. The fixed-interval baselines require K ≥ 100 
epochs between the radius updates for notable effectiveness. The doubling-interval base-
lines generally underperform the fixed-interval baselines, indicating that the policies overfit 
to the current curriculum stage, whereas our confidence-based rule grows the CACTUS 
regions at an adequate pace without optimistic overshooting (i.e., increasing Ralloc too fast) 
and premature overfitting (i.e., increasing Ralloc too slowly)

Fig. 11  Average training progress of CACTUS variants, PRIMAL, and a naive MARL baseline without 
any curriculum w.r.t. different curriculum decision thresholds U (left) and deviation factors η (right). 
The performance is evaluated on all pre-generated test instances I of [19] with K ∈ {10, 40, 80}, 
δ ∈ {0, 0.1, 0.2, 0.3}, and N = 8 agents. The right plot shows CACTUS variants with U = 0.25. Shad-
ed areas show the 95% confidence interval
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Training with collision penalties  In addition, we compare CACTUS using our reward defi-
nition from Section 4.1 with variants that use explicit collision penalties α ≥ 0 in addition 
to the time penalty from Section 4. The results are shown in Fig. 12 (right). Using explicit 
collision penalties leads to degrading performance, indicating more defensive or even lazy 
behavior from the learned policies, as agents tend to prioritize collision avoidance over 
reaching their goals when the collision penalty α is sufficiently high (Section 4.2).

6.2.4  Generalization of CACTUS and C3LARA

Next, we evaluate the generalization capabilities of the policies trained with CACTUS, 
C3LARA, PRIMAL, and No Curriculum. All policies are trained for 5000 epochs of 32 
episodes each before being evaluated on all test instances I with map size K ∈ {40, 80} 
and obstacle density δ ∈ {0, 0.1, 0.2, 0.3} with different numbers of agents N. Note that 
all policies have only been trained with N = 8 agents, according to Section 6.1.2. We also 
report the average performance of the centralized search-based MAPF solvers CBSH and 
MAPF-LNS.

State-of-the-Art comparison  The average completion rates of CACTUS, C3LARA, PRI-
MAL, No Curriculum, and the centralized search-based MAPF solvers are shown in Fig. 13. 
CACTUS and C3LARA generalize best compared to PRIMAL and No Curriculum, with C3

LARA achieving slightly higher completion rates when N increases. In test instances with 
δ ≤ 10%, C3LARA consistently achieves an average completion rate of over 80% when 
scaling up to N = 64 agents, while CACTUS achieves at least 60%. PRIMAL is always 
outperformed by CACTUS and C3LARA but consistently outperforms No Curriculum. All 
approaches perform poorly when the agent number is N ≥ 256 or δ > 20%. MAPF-LNS 
always achieves a perfect completion rate of 1, while CBSH only achieves competitive 
completion rates when N ≥ 16.

Manual Curricula Collision Penalties
Fig. 12  Left: Average training progress of CACTUS and alternative manual curricula with a hyperpa-
rameter K ∈ {10, 100, 1000}. We consider fixed-interval updates to the allocation radius Ralloc after 
K epochs, and doubling-interval updates, starting with K epochs. Right: Average training progress of 
CACTUS variants with different penalty values α ∈ {0, 0.5, 1, 2, 4} for collisions in addition to the time 
penalty from Section 4
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Fig. 13  Average completion rate of CACTUS and C3LARA as well as MARL and MAPF baselines of all 
test instances I of size K ∈ {40, 80} and obstacle density δ ∈ {0, 0.1, 0.2, 0.3} w.r.t. different numbers 
of agents N. The icons in the top-right corner of each plot show a 10 × 10 sub-grid example to illustrate 
the obstacle density. Shaded areas show the 95% confidence interval
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The average episode lengths (capped at horizon T = 256) of CACTUS, C3LARA, PRI-
MAL, No Curriculum, and the centralized search-based MAPF solvers are shown in Fig. 
14 for all test instances I of size K = 40. Unsolved instances are always terminated after 
T time steps. CACTUS and C3LARA achieve the lowest average episode lengths of all 
MARL approaches, with C3LARA consistently achieving lower episode lengths than CAC-
TUS. PRIMAL achieves longer episode lengths with higher variance due to completing 
fewer episodes, especially when N ≤ 64. No Curriculum is the worst-performing MARL 
approach, always achieving the maximum episode length of T = 256. MAPF-LNS per-
forms similarly to the MARL approaches when δ < 1%, but its average episode length 
increases faster in other settings. Despite MAPF-LNS always achieving a perfect comple-
tion rate of 1, as shown in Fig. 13, the resulting plans require a larger horizon T for comple-
tion when N ≥ 16. CBSH always achieves a competitive or lower episode length when 
N ≤ 8 and δ ≥ 20%.

Alternative value factorization  The average completion rates of CACTUS variants using 
VDN, QMIX, and QPLEX, as well as PRIMAL, are shown in Fig. 15 for all test instances 
I of size K = 40. CACTUS (VDN) and CACTUS (QMIX) achieve the highest completion 
rates in most cases, with CACTUS (QPLEX) outperforming PRIMAL when N ≤ 128.

Fig. 14  Average episode length (capped at horizon T = 256) of CACTUS and C3LARA as well as MARL 
and MAPF baselines of all test instances I of size K = 40 and obstacle density δ ∈ {0, 0.1, 0.2, 0.3} 
w.r.t. different numbers of agents N. The icons in the top-right corner of each plot show a 10 × 10 sub-
grid example to illustrate the obstacle density. Shaded areas show the 95% confidence interval
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6.2.5  Limitations in structured maps

Training progress in structured maps  Furthermore, we tested CACTUS, PRIMAL, and No 
Curriculum in structured maps with rooms and narrow corridors, such as mazes. While 
training was conducted on randomly generated maps, as explained in Section 6.1.1, we eval-
uated the training progress using all maze and room maps of the common MAPF benchmark 
from [9]. The results are shown in Fig. 16. Compared to the results for unstructured maps 
in Section 6.2.2, all approaches perform significantly worse, with none of them achiev-
ing an average completion rate above 25%. CACTUS consistently outperforms all other 
approaches, which generally fail to complete more than 10% of all agent tasks.

Evaluation on structured small-scale instances  Finally, we evaluated the learned behaviors 
of CACTUS, C3LARA, and PRIMAL in more depth using a set of small-scale test instances 
with N = 2 agents, as depicted in Fig. 17. We tested all policies evaluated in Section 6.2.4, 
ensuring that none had encountered these test instances during training, according to our 
setup described in Section 6.1. The test instances are inspired by prior literature:

	● A: Both agents must swap positions [112].
	● B: Both agents must coordinate to move through a bottleneck node [33].
	● C: The blue agent must move into the alcove to let the red agent pass [113].

Fig. 15  Average completion rate of CACTUS variants and PRIMAL of all test instances I of size K = 40 
and obstacle density δ ∈ {0, 0.1, 0.2, 0.3} w.r.t. different numbers of agents N. The icons in the top-right 
corner of each plot show a 10 × 10 sub-grid example to illustrate the obstacle density. Shaded areas show 
the 95% confidence interval
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	● D: The blue agent has to let the red agent pass. Alternatively, the red agent could make 
a detour to reach its goal.

	● E: One of the agents has to make a detour to reach its goals, inspired by Fig. 7.

A

D E

B C

Fig. 17  Different small-scale test instances with N = 2 agents for evaluating the learned behaviors of 
CACTUS, C3LARA, and PRIMAL in structured scenarios

 

Fig. 16  Average training progress of CACTUS variants, PRIMAL, and a naive MARL baseline without 
any curriculum in structured maps. The performance is evaluated on all maze and room maps provided 
by [9], respectively
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The average success rates, i.e., the rate of both agents reaching their goals, with 95% con-
fidence intervals are displayed in Table 2. All approaches achieve an average success rate 
of at least 65% in the instances A, B, and C. However, all approaches achieve poor suc-
cess rates (below 50%) in the instances D and E, which entail conflicts at goal locations, 
thus requiring detours or yielding. Such scenarios are common in structured maps, such 
as mazes or rooms, and are particularly difficult for CACTUS and C3LARA, as discussed 
in Section 5.4.4. C3LARA always achieves the highest average success rate except in the 
instance E, where CACTUS performs best. Since these test instances have very short navi-
gation distances, PRIMAL can compete with CACTUS and C3LARA due to less necessary 
exploration.

6.3  Discussion

Our results confirm the necessity of adequate curricula, as standard MARL methods without 
any curriculum would likely fail to learn meaningful policies in our MAPF setting, accord-
ing to our analysis in Section 5.4.3 and our problem formulation in Section 4. This is due to 
the sparse rewards and dynamic constraints of the problem formulation. The shaped reward 
function of PRIMAL is helpful in improving performance over standard MARL. Because 
of the many handcrafted penalty terms listed in Table 3, PRIMAL policies are rather con-
servative, which leads to a performance plateau that cannot be overcome without imitation 
learning on suitable expert data. In particular, collision penalties encourage defensive or 
even lazy behavior, as discussed in Section 4.2 and demonstrated in our experimental results 
from Section 6.2.3.

However, CACTUS with value factorization clearly outperforms PRIMAL with 95% 
less training time and learnable parameters without any additional reward shaping or expert 
data. CACTUS with MAPPO performs poorly, suggesting the importance of adequate 
credit assignment mechanisms, such as value factorization, for multi-agent coordination, 
according to our analysis in Section 5.4.5. The comparison of VDN, QMIX, and QPLEX 
confirms that VDN and QMIX are sufficient because our MAPF objective is additive and 
monotonic. Since VDN does not use additional function approximators, e.g., neural net-
works, it cannot exploit global state information like QMIX, thus being less expressive. 
QPLEX, on the other hand, appears too complicated for our MAPF objective, requiring 
more data and training time to achieve competitive performance. Note that the linearity of 
our objective does not imply that MAPF problems are easy to solve, as they remain NP-
hard. We argue that exploration poses the actual challenge, which is effectively addressed 
by CACTUS.

Table 2  Average success rates, i.e., the rate of both agents reaching their goals, with 95% confidence inter-
vals of the learned behaviors of CACTUS, C3LARA, and PRIMAL (Section 6.2.4) on the small-scale test 
instances from Fig. 17. The best results per instance are highlighted in boldface and blue
Instance CACTUS C3LARA PRIMAL
A 0.99 ± 0.59 0.99 ± 0.22
B 0.65 ± 0.38 0.66 ± 0.15
C 0.70 ± 0.41 0.75 ± 0.16
D 0.30 ± 0.18 0.41 ± 0.09
E 0.33 ± 0.22 0.34 ± 0.08
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CACTUS is robust w.r.t. the choice of hyperparameters, as any configuration of the cur-
riculum decision threshold U ≥ 25% > p = 1

|Ai|  and deviation factor η ≥ 1 outperforms 
PRIMAL, as shown in Fig. 11, supporting our recommendation for U in Section 5.4.3. 
Choosing a confidence level that is too low could result in less effective policies due to 
higher uncertainty about the decision threshold U, as discussed in Section 5.4.6, while 
choosing a confidence level that is too high, e.g., using η > 3, could result in slow curricu-
lum updates, where agents may overfit on easy tasks. The adaptive curriculum updates of 
CACTUS are more effective than alternative manual curriculum schedules, as demonstrated 
in Section 6.2.3. This is due to an adequate pace of growing CACTUS regions, without opti-
mistic overshooting (i.e., increasing Ralloc too fast) and premature overfitting (i.e., increas-
ing Ralloc too slowly).

Despite the relatively restrictive time and data budget compared to the original PRI-
MAL, CACTUS, with value factorization, generalizes quite well over different numbers 
of agents N and map sizes K. CACTUS with QMIX scales up to instances with 8 to 16 
times more agents than used during training, in contrast to standard MARL, which gener-
ally fails to learn meaningful policies in the MAPF problem. C3LARA is able to outperform 
CACTUS when the agent density is sufficiently high due to the increased conflict potential 
in its weighted goal sampling scheme. This is further supported by our small-scale study 
in Section 6.2.5, where C3LARA outperforms CACTUS in most test instances, in which 
agents must swap places or temporarily move aside (e.g., from their own goal location) to 
let another agent pass.

CACTUS and C3LARA struggle in maps with high obstacle density δ ≥ 20%, where 
they are outperformed by the optimal CBSH algorithm in small-scale instances with N ≤ 8 
agents. In such cases, as well as in structured maps like mazes or rooms, the agents must 
take longer detours to avoid conflicts and reach their goals. According to Section 5.4.6, the 
absorbing property of the CACTUS regions prevents such detours, resulting in worse aver-
age performance and scalability.

7  Conclusion

We presented CACTUS as a lightweight MARL approach to decentralized MAPF. CAC-
TUS defines a simple reverse curriculum scheme, where the goal of each agent is randomly 
placed within an allocation radius around the agent’s start location. The allocation radius 
increases gradually as all agents improve, which is assessed by a confidence-based measure. 
In addition, we proposed C3LARA as an extension, using weighted sampling of goal loca-
tions to improve conflict resolution in scenarios of high agent density, without additional 
hyperparameters or engineering.

We analyzed the theoretical properties of CACTUS, showing that it can significantly 
improve exploration efficiency in hard exploration domains, in contrast to prior works that 
use random exploration. CACTUS can be neatly combined with value factorization tech-
niques, such as VDN or QMIX, since our MAPF objective is additive and monotonic. While 
CACTUS can preserve the optimality in single-agent RL settings, it cannot guarantee opti-
mality for the multi-agent setting yet, due to partial observability and potential instances that 
cannot be solved by agents that are absorbed by their corresponding CACTUS regions. This 

1 3

   23   Page 34 of 42



Autonomous Agents and Multi-Agent Systems…

can be addressed via diverse goal assignments that ensure the reachability of all goals with 
a maximum makespan within the absorbing CACTUS regions.

Our experimental results support our theoretical findings and demonstrate the simplicity, 
efficiency, effectiveness, and generalization capabilities of CACTUS compared to alterna-
tive MARL approaches and centralized search-based MAPF solvers. Inspired by The Bitter 
Lesson by Sutton [46], CACTUS and C3LARA demonstrate how simple and well-defined 
curricula can enhance MARL techniques for MAPF in a general way without relying on 
extremely large neural networks, extensively shaped reward functions, or centralized 
search-based MAPF solvers for imitation learning. Therefore, we hope to provide a suitable 
and more general foundation for faster and sustainable progress in MARL-based decentral-
ized MAPF at significantly lower cost.

Appendix A: Reward function comparison

PRIMAL uses a rather complex reward function with different penalty terms for very spe-
cific situations like time steps, wait actions, collisions, or blocking of other agents [19]. An 
A* algorithm is run to determine a blocking situation, which further increases the (compu-
tational) complexity of the approach. While the reward definition works relatively well on 
the training and test maps of Section 6.1.1, the reward terms might require completely dif-
ferent weightings for other scenarios – which need to be determined on a case-by-case basis. 
Therefore, the generality of the PRIMAL reward is limited. Furthermore, the manual reward 
design can fundamentally change the original MAPF objective and lead to unintended side 
effects [88].

CACTUS and C3LARA, on the other hand, use a very simple reward function that is 
directly aligned with the MAPF objective, according to [86] and Section 4. Table 3 shows 
the reward terms of PRIMAL and CACTUS (and C3LARA).

Appendix B: Hyperparameters

All common hyperparameters used by all MARL approaches in the experiments, as reported 
in Section 6.2 in the paper, are listed in Table 4. The final values were chosen based on a 
coarse grid search which finds a tradeoff between performance and computation w.r.t. CAC-
TUS (QMIX). We directly adopted the final values in Table 4 for all other approaches and 
domains from Sections 6 and 6.2.

PRIMAL [19] CACTUS/C3LARA
Completion reward +20 +1
Time penalty −0.3 −1
Wait penalty −0.5
Collision penalty −2
Blocking penalty −2

Table 3  Reward terms of PRI-
MAL, CACTUS, and C3LARA
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Appendix C: Neural network architectures

We coarsely tuned the neural network architectures from Section 6.1.3 in the paper w.r.t. per-
formance and computation for π̂i and Q̂i. The number of hidden layers was varied between 
1, 2, and 3, where 2 is the minimum number of layers that worked reliably well. The number 
of units is inspired by prior work [39, 57] and set to 64 without any tuning. Using ELU or 
ReLU activation did not make any significant difference for any neural network thus we 
stick to ELU throughout the experiments.
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H.Param. Final 
Value

Numbers/Range Description

E 32 {16, 32, 128, 256} Number of episodes per 
epoch or batch.

X 5000 {1000, 2000, 
5000, 10000}

Number of epochs. E 
was gradually increased 
to assess the stability 
of the learning progress 
until convergence.

α 0.001 {0.001} Learning rate. We 
used the default value 
of ADAM in torch 
without further tuning.

Clip norm 1 {1,∞} Gradient clipping 
parameter. Using a 
clip norm of 1 leads to 
better performance than 
disabling it with ∞.

λ 1 {0, 1} Trace parameter for 
TD(λ) learning.

|τt,i| 1 {1, 5, 10} Local history length. It 
was set to 1 to reduce 
computation because 
the other values did not 
significantly improve 
performance.

Table 4  Common hyperparam-
eters and their respective final 
values used by all algorithms 
evaluated in the paper. We also 
list the numbers that have been 
tried during development of the 
paper
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