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Multi-agent path finding (MAPF) is a computational problem that

involves finding collision-free paths for a set of agents operating

in a shared environment such that each agent can reach its des-

tination without colliding with other agents or static obstacles.

Traditional planners are typically centralized, relying on a central

controller to globally coordinate the paths of all agents. This ap-

proach results in limited scalability and increased computational

complexity when managing large-scale teams.

With the advancement of reinforcement learning (RL), an in-

creasing number of studies have modeled the MAPF problem as a

Markov decision process. These methods are typically decentral-

ized, allowing each agent to dynamically interact with the envi-

ronment and make decisions based on information within its local

field of view (FOV). Although this strategy significantly reduces

computational complexity, it poses challenges in effectively coor-

dinating the behaviors of agents, which may result in conflicts. To

solve conflicts, existing studies [1, 2] suggest prioritizing agents to

coordinate their actions. However, these approaches, which usu-

ally rely on fixed or heuristic-based priorities, are not only time-

consuming but also inflexible.

In this study, we introduce a learnable framework to address

the above problems through a decentralized-planning-centralized-

negotiation (DPCN) paradigm, as illustrated in Figure 1(a). In

the planning phase (details in Appendix A), we model each au-

tomated guided vehicle (AGV) as an agent, which determines its

intention based solely on its local observation, without considering

the implications for other agents. During the negotiation phase

(details in Appendix B), we identify all conflict sets and model

each one as a super-agent. A policy network is then proposed to

output a priority ranking for the agents within the conflict set,

taking into account their individual intentions and the real-time

environmental conditions.

Nevertheless, conflict sets would vary across timesteps, and

the agents within each conflict set differ, leading to dynamically

changing super-agents, each with a unique set of elements. This

poses two challenges: (1) inconsistent action sets, where the super-

agent’s action is not drawn from a fixed set but is instead gener-

ated by its constituent internal agents; and (2) dynamic super-

agent training, where the dynamic evolution of super-agents over

time prevents the assignment of a dedicated policy network πk and

action-value function Qk per super-agent, posing a major training

challenge. To address these challenges, we introduce a special-

edition pointer network (PNSE), an enhanced model inspired by

the pointer network [3], and train it using a customized policy

gradient reinforcement learning algorithm.

PNSE. The network architecture of the PNSE is shown in Fig-

ure 1(b). Taking the super-agent Ωk as an example, we assume

there are m (2 6 m 6 5) agents within it. For each agent i,

the local observation oi ∈ R
3×3×8 is encoded into ôi ∈ R

do by

an observation encoder. Furthermore, the intention ãi ∈ R
1 ob-

tained from Eq. (A2) in Appendix A is embedded into âi ∈ R
de .

We then concatenate ôi and âi for agent i, yielding the feature

z̃i ∈ R
do+de , i.e., z̃i = Concat(ôi, âi). The joint feature of all

agents within the super-agent is denoted by Z̃ ∈ R
m×(do+de).

Next, the self-attention mechanism is used to enable agents to

perceive each other, producing the feature Z′. To stabilize training

and expedite convergence, we introduce the residual connections

and layer normalization. The final feature Z is computed as

Z = fLN (fLN (Z̃+ Z
′) + fMLP (fLN (Z̃+ Z

′))), (1)

where fLN represents layer normalization and fMLP represents

the MLP.

Centralized negotiation involves analyzing the potential impact

of agents’ intentions within the conflict set based on the current

state, and then selecting a winner to execute its intention. Inspired

by the pointer network, we get a probability distribution ψ:

ψ = softmax
GWG(ZWZ)

T

√
dz

, (2)

where WG ∈ R
dz×dz and WZ ∈ R

dz×dz are learnable weight

matrices. G ∈ R
1×dz is the global state representation derived

from all agents’ local observations, computed as

G = fAP (fMLP (Concat(c1, · · · , cn))). (3)

Here, ci ∈ R
dg is obtained by Eq. (A1) in Appendix A, repre-

senting the feature of the local state observed by agent i. fAP

represents the average pooling layer.

Training. For training this reinforcement learning task, we em-

ploy the policy gradient method to maximize the objective func-

tion. At timestep t, we consider a game involving K super-agents,
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Figure 1 (Color online) Overview of DPCN. (a) DPCN comprises two phases: a planning phase where each agent defines its intention based

on local observations, and a negotiation phase where PNSE resolves conflicts; (b) PNSE is proposed to output a priority ranking for the agents

within the conflict set, taking into account their individual intentions and the real-time environmental conditions; (c) extensive experimental

evaluation demonstrates that our method can efficiently resolve conflicts, thereby improving the planner’s execution efficiency and solution

quality.

each with policies parameterized by θ = {θ1, · · · , θK}, and let

π = {π1, · · · , πK} denote the set of all agents’ policies. The gra-

dient of the expected return for super-agent k, J(θk) = E[Rk], can

be expressed as

∇θJ(θ) = Evk∼π

[

∇θ log π(vk |sk)
1

K

T
∑

t′=t

(

γt
′
−trt

′

all

)

]

. (4)

The parameters θ can be updated using the gradient ascent

rule θ ← θ + α∇θJ(θ), where α is the learning rate. The proof of

Eq. (4) can be found in Appendix C.

Experiment. From the experimental results presented in Fig-

ure 1(c), we draw the following conclusion. (1) Centralized plan-

ners (e.g., ODrM*) perform well with sparsely distributed agents

but degrade in dense/obstacle-rich environments, owing to in-

creased conflicts and excessive computational load on the central

controller. (2) RL-based methods (e.g., SCRIMP [4], DCC [2],

and PICO [5]) typically rely on fixed or heuristic-based priori-

ties, which are both time-intensive and rigid, ultimately resulting

in performance degradation. (3) DPCN sustains consistently high

performance across all scenarios, owing to its robust inter-agent co-

ordination mechanism and PNSE-enabled conflict resolution strat-

egy. Details of the experimental setup and further experimental

results can be found in Appendix D.

Conclusion. In this study, we introduce a decentralized-

planning-centralized-negotiation paradigm that uses neural net-

works to automatically learn priorities for conflict resolution. Our

approach significantly enhances the robustness of the MAPF plan-

ner by efficiently resolving conflicts among agents. Specifically, we

model each conflict set as a super-agent, and propose the PNSE as

the policy network for selecting the winning agent, thereby resolv-

ing the conflict. Furthermore, we develop a customized RL train-

ing scheme tailored to dynamically evolving super-agents. No-

tably, our PNSE effectively tackles the challenge of inconsistent

action sets, presenting a novel approach for MAPF problems char-

acterized by heterogeneous action sets. In the future, we aim to

investigate the potential applications of this algorithm in the realm

of heterogeneous MAPF.
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