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Abstract

Multi-agent pathfinding (MAPF) is a problem that gener-
ally requires finding collision-free paths for multiple agents
in a shared environment. Solving MAPF optimally, even
under restrictive assumptions, is NP-hard, yet efficient so-
lutions for this problem are critical for numerous applica-
tions, such as automated warehouses and transportation sys-
tems. Recently, learning-based approaches to MAPF have
gained attention, particularly those leveraging deep reinforce-
ment learning. Typically, such learning-based MAPF solvers
are augmented with additional components like single-agent
planning or communication. Orthogonally, in this work we
rely solely on imitation learning that leverages a large dataset
of expert MAPF solutions and transformer-based neural net-
work to create a foundation model for MAPF called MAPF-
GPT. The latter is capable of generating actions without ad-
ditional heuristics or communication. MAPF-GPT demon-
strates zero-shot learning abilities when solving the MAPF
problems that are not present in the training dataset. We show
that MAPF-GPT is able to outperform the state-of-the-art
learnable MAPF solvers on a diverse range of problem in-
stances and is computationally efficient during inference.

Project Page — https://sites.google.com/view/mapf-gpt/

Introduction
Multi-agent pathfinding (MAPF) (Stern et al. 2019) is a
combinatorial computational problem that asks to find a set
of paths for the agents that operate in a shared environ-
ment, such that accurately following these paths does not
lead to collisions and, preferably, each agent reaches its
specified goal as soon as possible. On the one hand, even
under simplified assumptions, such as a graph representa-
tion of the workspace, discretized time, uniform duration
of actions, optimally solving MAPF is NP-Hard (Surynek
2010). On the other hand, efficient MAPF solutions are
highly demanded in numerous real-world applications, such
as automated warehouses (Li et al. 2021), railway schedul-
ing (Svancara and Barták 2022), transportation systems (Li
et al. 2023), etc. This has resulted in a noticeable surge of
interest in MAPF and the emergence of a large body of re-
search devoted to this topic.

*These authors contributed equally.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Recently, learning-based MAPF solvers have come on
stage (Skrynnik et al. 2021; Alkazzi and Okumura 2024;
Skrynnik et al. 2023). They mostly rely on deep reinforce-
ment learning and typically involve additional components
to enhance their performance, such as single-agent planning,
inter-agent communication, etc. Meanwhile, in the realm of
machine learning, currently, the most impressive progress is
driven by self-supervised learning (at scale) on expert data
and employing transformer-based architectures (Vaswani
et al. 2023). It is this combination that recently led to the
creation of the seminal large-language models (LLMs) and
(large) vision-language models (VLMs) that achieve an un-
precedented level of performance in text, image and video
generation (Dubey et al. 2024; Liu et al. 2024; Zhu et al.
2024). Moreover, such data-driven approach has become
widespread in robotics, where an imitation policy is trained
based on a variety of expert trajectories (Chen et al. 2021;
Chi et al. 2023). Thus, in this work we are motivated by the
following question: Is it possible to create a strong learnable
MAPF solver (that outperforms state-of-the-art competitors)
purely on the basis of supervised learning (at scale) on ex-
pert data omitting additional decision-aiding routines? Our
answer is positive.

To create our learning-based MAPF solver, which we
name MAPF-GPT, we, first, design a vocabulary of terms,
called tokens in machine learning, that are used to describe
any observation an individual agent may perceive and any
action it may perform. Next, we create a diverse dataset
of expert data, i.e., successful MAPF solutions, utilizing
a state-of-the-art MAPF solver. Consequently, we convert
these MAPF solutions into sequences of observation-action
tuples, encoded with our tokens, and utilize a transformer-
based non-autoregressive neural network to learn to pre-
dict the correct action provided with the observation. In our
extensive empirical evaluation, we show that MAPF-GPT
notably overpasses the current best-performing learnable-
MAPF solvers (without any usage of additional planning or
communication mechanisms), especially when it comes to
out-of-distribution evaluation, i.e., evaluating the solvers on
the problem instances that are not similar to the ones used for
training (a common bottleneck for learning-based solvers).
We also report ablation studies and evaluate MAPF-GPT in
another type of MAPF, i.e. the Lifelong MAPF (both in zero-
shot and fine-tuning regimes).
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To summarize, we make the following contributions:
• We present the largest MAPF dataset for decision-

making, containing 1 billion observation-action pairs.
• We develop an original tokenization procedure to de-

scribe agent observations and use it to create MAPF-
GPT, a novel learning-based, decentralized MAPF solver
built on a state-of-the-art transformer-based neural net-
work. Trained with imitation learning, MAPF-GPT
serves as a foundation model for MAPF tasks, demon-
strating zero-shot learning abilities on unseen maps.

• We extensively study MAPF-GPT and compare it with
state-of-the-art decentralized learning-based approaches,
showing MAPF-GPT’s high performance across a wide
range of tasks, along with better runtime efficiency.

Related Works
Multi-agent pathfinding Several orthogonal approaches
to tackle MAPF can be distinguished. First, dedicated
rule-based MAPF solvers exist that are tailored to obtain-
ing MAPF solutions fast, yet no bounds on their costs
are guaranteed (Okumura 2023; Li et al. 2022). Second,
reduction-based approaches to obtain optimal MAPF solu-
tions are widespread. They convert MAPF to some other
well-established computer science problem, e.g., minimum-
flow on graphs, boolean satisfiability (SAT), and employ
an off-the-shelf solver to obtain the solution of this prob-
lem (Yu and LaValle 2013; Surynek et al. 2016). Next, a
plethora of search-based MAPF solvers exist (Sharon et al.
2015, 2013; Wagner and Choset 2011). They explicitly rely
on graph-search techniques to obtain MAPF solutions and
often may provide certain desirable guarantees, e.g., opti-
mal or bounded suboptimal solutions. Meanwhile, simplis-
tic search-based planners that lack strong guarantees, like
prioritized planning (Ma et al. 2019), are also widespread.

Recently, learning-based MAPF solvers gained attention.
One of the first such successful solvers was PRIMAL (Sar-
toretti et al. 2019) that demonstrated how MAPF prob-
lem can be solved in a decentralized manner utilizing ma-
chine learning. The recent learnable MAPF solvers such as
SCRIMP (Wang et al. 2023), DCC (Ma, Luo, and Pan 2021),
Follower (Skrynnik et al. 2024a), to name a few, typically
rely on reinforcement learning and on additional modules,
like the communication one, to solve the problem at hand.
Orthogonally to these approaches, we rely purely on imita-
tion learning from expert data.

Offline reinforcement learning Offline deep reinforce-
ment learning develops a policy based on previously col-
lected data without interacting with the environment while
training (Levine et al. 2020). This allows getting a ro-
bust policy due to the utilization of large amounts of pre-
collected data. There are numerous effective offline RL ap-
proaches, such as CQL (Kumar et al. 2020), IQL (Kostrikov,
Nair, and Levine 2022), TD3+BC (Fujimoto and Gu 2021).
Modern approaches often involve transformers as the archi-
tectural backbone. One popular approach is the Decision
Transformer (DT) (Chen et al. 2021), which models the
behavior of an expert by conditioning on the desired out-
comes, thereby integrating reward guidance directly into the

decision-making process. In multi-agent scenarios, there is
less diversity in offline RL methods; however, a multi-agent
adaptation of the DT exists, known as MADT (Meng et al.
2021).

Multi-agent imitation learning (MAIL) Imitation learn-
ing and learning from demonstration are actively used in
multi-agent systems (Tang et al. 2024; Liu and Zhu 2024).
MAIL refers to the problem of agents learning to perform
a task in a multi-agent system through observing and im-
itating expert demonstrations without any knowledge of a
reward function from the environment. It has gained par-
ticular popularity in the tasks of controlling urban traffic
and traffic lights at intersections (Bhattacharyya et al. 2018;
Huang et al. 2023) due to the presence of a large amount of
data collected in real conditions and a high-quality simula-
tor (such as Sumo (Lopez et al. 2018)). Among the methods
in the field of MAIL, it is possible to note works using the
Bayesian approach (Yang et al. 2020), generative adversar-
ial methods (Song et al. 2018; Li et al. 2024), statistical tools
for capturing multi-agent dependencies (Wang et al. 2021),
low-rank subspaces (Shih, Ermon, and Sadigh 2022), latent
multi-agent coordination models (Le et al. 2017), decision
transformers (Meng et al. 2021), etc. Demonstrations are of-
ten used for pre-training in game tasks, such as training mod-
els for chess (Silver et al. 2016; Ruoss et al. 2024), and in
MAPF tasks, as exemplified by SCRIMP (Wang et al. 2023).
However, despite the listed works in this area, a single foun-
dation model has not yet been proposed, the imitation learn-
ing, which already gives high results in multi-agent tasks
and does not require an additional stage of online learning
in the environment. This is largely due to the complexity of
the behavioral multi-agent policies in various tasks (such as
in StarCraft (Samvelyan et al. 2019) and traffic control) and
the lack of large datasets of expert trajectories, which are
necessary for effective training of foundation models. In this
regard, the MAPF task is a convenient testbed for investi-
gating transformer foundation models in a multi-agent set-
ting, which will provide additional insights for creating such
models in other applications, and our work also provides a
large dataset for training MAPF models.

Background
Multi-agent pathfinding The classical variant of the
MAPF problem is defined by a tuple (n,G = (V, E), S =
{s1, ..., sn| si ∈ V}, G = {g1, ..., gn| gi ∈ V}), where n is
the number of agents acting in the shared workspace which
is represented as an undirected graph G. At each time step,
an agent is assumed to either move from one vertex to the
other or wait at the current vertex. The duration of both ac-
tions is uniform and equals 1 time step. The plan for the
i-th agent, pli, is a sequence of moves, s.t., each move starts
where the previous one ends. Two distinct plans have a ver-
tex (or edge) conflict if, at any time step, the agents occupy
the same vertex (or traverse the same edge in opposite direc-
tions) at that time.

The task is to find a set of n plans, Pl = {pl1, ..., pln}, s.t.
each pli starts at si, ends at gi and each pair of plans in Pl
is conflict-free. The objective to be minimized is typically

23127



defined as SoC(Pl) =
∑n

i=1 cost(pli) (called the Sum-Of-
Costs) or as MS(Pl) = maxi=1,...,n cost(pli) (called the
Makespan), where cost(pli) is the cost of the individual plan
which equals the time step when the agent reaches its goal
vertex (and does not move away further on).

Notably, two assumptions on how agents behave when
they reach their goals are common in MAPF: stay-at-target
and disappear-at-target. In the latter case, the agent is as-
sumed to disappear upon reaching its target and, thus, is not
able to cause any further conflicts. In this work, we study
MAPF under the first assumption (which is intuitively more
restrictive).

MAPF as a sequential decision-making problem De-
spite MAPF being typically considered to be a planning
problem as defined above, it can also be considered as a se-
quential decision-making (SDM) problem. Within the SDM
framework, the problem is to construct a policy, π, that is a
function that maps the current state (the current positions of
all agents in the graph) to a (joint) action a = ai × ...× an,
where ai ∈ Ai and Ai is the set of possible actions for agent
i. When π is obtained, it is invoked sequentially until either
all agents reach their goals or the threshold on the number
of time steps, tmax, is reached.

For better scalability, the decision-making policy might
be decentralized, i.e., each agent chooses its action indepen-
dently of the other agents. In practice, decentralized agents
typically don’t have access to the global state of the envi-
ronment, i.e., positions of the other agents, but rather rely on
local observation, ot. For example, if the underlying graph
is a 4-connected grid, then the local observation may be a
(2r+ 1)× (2r+ 1) patch of the grid centered at the agent’s
current position (where r is the observation radius) and the
latter observes only the agents that are within this patch.
A sequence of individual observations and actions forms
the agent’s history: ht = {o1, a1, o2, a2, ..., ot−1, at−1, ot},
where ok and ak denote the action and the observation at
time step k. This history is typically used to reconstruct a
Markovian state of the environment via some approximator
f : st ≈ f(ht) (e.g. f can be represented as a neural net-
work).

Overall, in the decentralized partially observable setting,
the problem is to construct n individual policies of the form:

πi(st) → P(Ai)

where P(Ai) – is the probability distribution over the ac-
tions. The exact action to be executed at the current time
step is considered to be sampled from this distribution.

In this work, we follow a common assumption in MAPF
that the agents are homogeneous and cooperative. Thus in-
stead of obtaining n distinct individual policies πi, we aim to
obtain a single individual policy π that governs the behavior
of each agent.

Imitation learning To construct (learn) a decision making
policy π, imitation learning relies on an expert policy πb,
which is used to collect a set of trajectories: D = {traj},
where each trajectory is composed of the observations and
actions: traj = {ob1, ab1, . . . , obL, abL}. Intuitively, in MAPF

context, D represents the expert knowledge on how an agent
should behave under different circumstances (it can be ob-
tained running a well-established MAPF solver on a range
of problem instances).

Denote now by πθ a target policy parameterized by θ. The
problem of obtaining (learning) this policy from the avail-
able data is reduced to the following optimization problem
for the parameters θ:

θ⋆ = argmin
θ

Etraj∼D

L∑
j=0

L(aj , abj),

where aj ∼ πθ(sj), abj ∼ πθ(s
b
j), and L is a loss function,

which is selected depending on the action space. In the con-
sidered case, when the action space is discrete, cross-entropy
is widely used as L.

Method
Our approach, MAPF-GPT, is to learn to imitate an expert in
solving MAPF. The learning phase of MAPF-GPT consists
of the four major steps: creating MAPF scenarios, gener-
ating ground truth solutions, tokenizing these solutions, and
executing the main training loop – see Figure 1. We will now
sequentially describe these steps.

Creating MAPF Scenarios
A large, curated dataset is crucial for any data-driven method
including ours. To create the set of training instances we
used POGEMA (Skrynnik et al. 2025), a versatile tool for
developing learnable MAPF solvers that includes utilities to
generate maze-like maps and maps with random obstacles,
as well as to create MAPF instances from them (i.e. assign-
ing start-goal locations). For our purposes we generate 10K
of maze-like maps and 2.5K random maps and further cre-
ated 3.75M different problem instances on these maps. The
size of the maps varies from 17 × 17 to 21 × 21, the num-
ber of the agents is 16, 24, or 32. Please note that as we aim
to create an individual policy to solve MAPF in a decentral-
ized fashion (i.e. each agent makes its own decision on how
to move based on its local observation) it is not the size of
the maps that actually matters but rather the density, i.e., the
ratio of the free space to the space occupied by the agents.
We use moderate and considerably high densities to make
the agents face challenging patterns requiring coordination
(especially on the maze-like maps).

Generating Ground Truth Data
To create expert data, we use a recent variant of La-
CAM (Okumura 2024, 2023), a state-of-the-art MAPF
solver that is tailored to quickly find a solution and itera-
tively enhance it while having a time budget. As we need to
solve a large number of MAPF instances (i.e. 3.75M) we set
this time budget to be 10 seconds.

The output of LaCAM on a single MAPF instance is
the set of the individual plans. We further trace each plan
and reconstruct an agent’s (local) observations in order to
form observation-action pairs. We use the following post-
processing to filter out some of them. First, if several pairs
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Figure 1: The general pipeline of the MAPF-GPT: (1) Creating MAPF scenarios. (2) Generating ground truth data, i.e. MAPF
solutions using an expert solver. (3) Transforming the solutions to the observation-action pairs and tokenization of the ob-
servations, which converts them into a format suitable for transformer architectures. (4) Executing the training loop, where
observation/action pairs are sampled from the dataset, and the model is trained using cross-entropy loss.

share the exactly the same observation we keep only one of
them (picked randomly). Second, we observe that the frac-
tion of the pairs when an agents waits at the goal is very high,
because in many cases numerous agents wait for long times
for other agents to reach their goals and just stand still. In
fact, almost 40% of the actions in the original expert data are
the waiting ones. To remove this imbalance we discard 80%
of wait-at-target actions. We end up with 900M observation-
action pairs from the maze-like maps, and 100M – from the
random ones. A 9:1 proportion is chosen due to the maze
maps possessing more challenging layouts with numerous
narrow passages that require a high degree of cooperation
between the agents.

We believe that the obtained dataset composed of 1B
observation-action pairs is currently the largest dataset of
such kind and may bring value to the other researchers de-
veloping learnable MAPF solvers. Additional technical de-
tails are presented in the arXiv version of the paper.

Tokenization
Tokenization can be thought of as the process of transform-
ing the data, observation-action pairs in our case, into the
sequence of special symbols, tokens, to be further fed to the
neural network that is trained to predict a single token, i.e.
action, from the sequence of the input tokens, i.e. the ones
that encode the observation. The input tokens are typically
referred to as the context. We now wish to describe how our
context, i.e. the observation, is structured.

The local observation of an agent at a certain time step
while following its (expert) path is composed of two parts.

Figure 2: The tokenization process for the MAPF-GPT
model uses a vocabulary of 67 tokens, with an input of 256
tokens. Fewer tokens are shown for clarity and visibility.

The first one relates to the map in the vicinity of the agent,
i.e. which parts are traversable, which are not, and going to
which areas moves the agent closer to its goal. As we used
grids to represent the environment the local field-of-view
is composed of a square patch of the cells centered at the
agent’s current position. For each traversable cell we com-

23129



pute its cost-to-go value, i.e. the cost of the shortest path to
the cell from the goal location. As the cost of this path might
be arbitrarily, we normalize it. I.e. the cost-to-go value is set
to 0 for the cell the agent is currently in, (xcur, ycur). The
values for the other traversable cells within the field-of-view
are computed as cost-to-go(x, y) − cost-to-go(xcur, ycur),
where the coordinates are absolute w.r.t. the global coordi-
nate frame. The blocked cells are assigned infinite values.

The second part of the observation contains data about the
agent itself and the nearby ones. The information about each
agent consists of the coordinates of its current and goal lo-
cations, actions history, i.e., the actions that were made in
the previous k steps, and an action that is preferable w.r.t.
the agent’s individual cost-to-go map – the so-called greedy
action. Please note that there may be cases where more than
one action leads to a decrease in cost-to-go. Thus, we use
special markers to indicate these multi-direction greedy ac-
tions (e.g., “up-right”).

The input of the model consists of 256 tokens that encode
the local observation of the agent. For the first part, i.e., cost-
to-go values, we use the 11× 11 field of view, which results
in 121 tokens. An example of the tokenization mechanism is
illustrated in Figure 2.

The rest of the input (135 tokens) is devoted to the infor-
mation about agents. As it’s important to consider only the
agents that can potentially influence the egocentric agent, we
consider only the ones that are located in the 11 × 11 field
of view at the current time step. The information about each
agent is encoded via 10 tokens: 2 for the current position,
2 for goal location, 5 for action history, and 1 for the next
greedy action. Thus, we are able to encode the information
about at most 13 agents, including the egocentric one. The
rest of 5 tokens in the input are encoded with the empty to-
ken. In case there are not enough agents in the local field
of view, the information about missing agents is also filled
with empty tokens. The information about agents is sorted
based on the distance to the egocentric agent, i.e., the infor-
mation about the egocentric agent itself always goes first, as
its distance is always 0.

Information in the observation includes both numerical
values, such as cost-to-go values or coordinates, and some
literal ones that, for example, correspond to the actions. We
have chosen the range [−20, 20] for the numerical values,
i.e., 41 different tokens. This range was chosen due to the
size of the maps used in the training dataset, which is at most
21 × 21. However, the cost-to-go values might go beyond
this range. For this purpose, we utilize 2 additional tokens
for the values that are beyond 20 or below −20. The coor-
dinates also might be clipped if their values go outside this
range. There is also a token that corresponds to the ∞ value
for blocked cells. The agents are allowed to perform 5 ac-
tions – to move into 4 directions and to wait in place. We
have also added one additional token to encode the empty
action, i.e., when there are not enough actions performed
at the beginning of the episode. The information about the
next greedy action cannot be directly encoded with a single
token utilizing the tokens that represent the actions due to
the fact that there might be two or more directions that re-
duce the cost-to-go value. To cover all possible cases, such

as up-right, left-down-right, etc., we have added 16 more to-
kens. The last one is an empty token used for padding to
256 tokens. In total the vocabulary consists of 67 different
tokens.

Model Training
As the model backbone, we used a modern decoder-only
transformer (Brown et al. 2020). We used a softmax layer to
parameterize the discrete probability distribution. To sample
an action, we then used multinomial sampling. The length
of the input sequence (context size) of the model is 256.
The output size of the model is 5 since each agent has 5
available discrete actions. We used learnable position em-
beddings. We don’t use causal masking, which is common
practice in the NLP (Radford et al. 2019), since the model
predicts only a single action ahead in a non-autoregressive
manner. To speed up training, we used the flash attention
technique (Dao 2024).

We use models of different sizes (i.e. number of param-
eters) in our work. Specifically, our largest model contains
85M parameters. We also consider much smaller models that
contain 6M and 2M parameters.

Training protocol The model was trained to replicate the
behavior of the expert policy using cross-entropy loss (i.e.,
log-loss) via mini-batch stochastic gradient descent, opti-
mized with AdamW (Loshchilov and Hutter 2019). The tar-
get label for this loss is a ground-truth action index provided
by the expert policy, LaCAM. LaCAM is a centralized solver
that builds a path for all agents during the whole episode,
leveraging information about the full environment state. In
contrast, the trainable model relies solely on a local obser-
vation o of each agent u.

− log pθ

(
aLaCAM
u (s) | ou

)
. (1)

Once trained, this policy enables the sampling of actions
from it. While an alternative could be to pick the action with
the highest probability, we use sampling, recognizing the
decentralized nature of the policy. Sampling selects actions
based on the probability distribution given by the policy:

âu(ou) ∼ pθ(ou) (2)

where pθ(ou) represents the probability distribution over ac-
tions computed by the model for the observation ou.

We used 2000 warm-up iterations and cosine anneal-
ing (Loshchilov and Hutter 2017), with a gradient clipping
value of 1.0 and a weight decay parameter of 0.1. The en-
tire 1B dataset was used to train the 85M model, which un-
derwent 1M iterations with a batch size of 512, resulting in
15.625 epochs based on the gradient accumulation steps, set
at 16. For training the 6M and 2M models, we used portions
of the 1B dataset – 150M and 40M, respectively. Additional
details about the parameters influencing the training process
are provided in the arXiv version of the paper.

Experimental Evaluation
Main results In the first series of experiments, we com-
pare 3 variants of MAPF-GPT varying in the number of
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Figure 3: Success rate of the evaluated MAPF solvers on different maps. The shaded area indicates 95% confidence intervals.
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Figure 4: Quality of the obtained solutions relative to the ones of LaCAM (lower is better).

parameters in their neural networks (2M, 6M, 85M) with
the state-of-the-art learnable MAPF solvers: DCC (Ma, Luo,
and Pan 2021) and SCRIMP (Wang et al. 2023)1. We use the
pre-trained weights for DCC and SCRIMP. These weights
were obtained by the authors while training on the random
maps. Additionally, we present the results of LaCAM (Oku-
mura 2024), which served as the expert centralized solver for
data collection. For evaluation we used Random, Mazes,
Warehouse, Cities-tiles maps (the latter two are
out-of-distribution for all learnable solvers). All maps and
instances utilized during the evaluation were taken from
(Skrynnik et al. 2025). The details on the maps and prob-
lem instances are given in the arXiv version of the paper.

The results are presented in Figure 3, where the success
rate of all solvers is shown2. Clearly, all variants of MAPF-
GPT outperform both DCC and SCRIMP on Random and
Mazes maps. On Cities-tiles the success rate of
MAPF-GPT-85M is better than the one of DCC and is on
par with SCRIMP. On Warehouse the latter solver is su-
perior to all others when the number of agents exceeds 128.
A possible explanation is that SCRIMP utilizes the so-called

1Please note that while a plethora of learnable MAPF solvers
exist, only a few are tailored to the studied setting: MAPF with
non-disappearing agents.

2Please note that the version of the paper reviewed and accepted
to AAAI’25 contained different results for SCRIMP. This is due
to a technical error occurred when running SCRIMP on our test
instances. Unfortunately, the error was identified by us only after
the AAAI’25 conference.

value-based tie-breaking mechanism, allowing the agents to
iteratively re-select the actions, and this mechanism turns
out to pe particularly valuable to the Warehouse setup.

Figure 4 shows the Sum-of-Costs (SoC) achieved by the
solvers relative to the SoC of LaCAM (the lower - the bet-
ter). As can be seen, MAPF-GPTs outperform the other ap-
proaches and their performance correlates with the number
of model parameters. Interestingly, there are some rare cases
on Random maps where DCC and MAPF-GPT-85M out-
performed LaCAM in terms of SoC. The same situation is
observed for MAPF-GPT-6M on Mazes maps.

Ablation study In this experiment, we study how each
part of the information influences the performance of the
MAPF-GPT agent. To address this, we trained a 6M param-
eter model with certain pieces of information masked that
were provided to the original model. We examine four dif-
ferent cases: if there is no goal information for all agents (no-
Goal), if there is no greedy action provided (noGA), if there
is no action history (noAH), and if the agent is trained with-
out cost-to-go information (still retaining information about
obstacles). We used an additional type of map, Puzzles,
for this experiment. These maps are quite small (5× 5) and
are specifically designed to assess the capability of algo-
rithms in solving complex scenarios where agents need to
execute cooperative actions. The results are presented in Ta-
ble 1.

As can be seen, the 6M model without masking shows
better results on the Random and Puzzles maps. The
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Scenario 6M noGoal noGA noAH noC2G

Random 97.6% 95.7% 97.0% 95.6% 25.8%
Mazes 74.6% 71.6% 37.6% 85.8% 15.1%
Warehouse 94.1% 92.8% 87.7% 94.8% 11.5%
Cities-tiles 82.0% 88.4% 79.1% 82.2% 10.2%
Puzzles 94.0% 92.7% 92.7% 91.5% 52.5%

Table 1: Success rates of different versions of MAPF-GPT-
6M on all sets of maps from POGEMA benchmark.

model trained without goal information shows better results
on the Cities-tiles maps, with 88.4% compared to
82.0% for the original model. This improvement is likely
due to the large map sizes, where most conflicts arise during
the agents’ movement toward their goals, making the exact
goal coordinates less critical. Additionally, the functionality
was compensated by the greedy action, which indicates the
direction to the goal.

Surprisingly, the model trained without action history
shows better performance on the Mazes and Warehouse
instances. This suggests that action history is not crucial for
behavioral cloning, as LaCAM does not rely on it. Despite
these results, we argue for retaining movement history infor-
mation in the agent’s observation, which could be essential
for further fine-tuning (we leave this for future work).

Masking greedy action and cost-to-go information de-
grades the performance of the model on all testing tasks,
highlighting their crucial role in effective pathfinding and
conflict resolution.

LifeLong MAPF In addition to evaluating MAPF-GPT
on the MAPF instances it was trained on, we also assessed
its performance in the Life-Long MAPF (LMAPF) setup.
Unlike regular MAPF problems, in LMAPF, each agent re-
ceives a new goal location every time it reaches its current
one. In this setup, the primary objective is throughput, which
is defined as the average number of goals reached by all
agents per time step.

We evaluated MAPF-GPT in both zero-shot and fine-
tuned configurations. To fine-tune the model, we generated
an additional dataset using Mazesmaps. For expert data, we
employed the RHCR approach (Li et al. 2021), as LaCAM is
not well-suited for LMAPF. The dataset contains 90 million
observation-action pairs. We used MAPF-GPT-6M for this
experiment.

The results are presented in Table 2. Even the zero-shot
model is able to compete with other existing learning-based

Scenario 6M 6M tuned RHCR Follower MATS-LP

Random 1.497 1.507 2.164 1.637 1.674
Mazes 0.908 1.087 1.554 1.140 1.125
Warehouse 1.113 1.270 2.352 2.731 1.701
Cities-tiles 2.840 2.994 3.480 3.271 3.320

Table 2: Average throughput (higher is better) of MAPF-
GPT-6M both in zero-shot mode and after fine-tuning com-
pared to RHCR, Follower and MATS-LP.

approaches, such as Follower (Skrynnik et al. 2024a) and
MATS-LP (Skrynnik et al. 2024b). Moreover, in all cases,
fine-tuning improved the results of MAPF-GPT-6M.

These results demonstrate the ability of MAPF-GPT to
perform zero-shot learning, i.e., the ability to solve types of
problems that it was not initially designed for (e.g., solving
LMAPF instead of MAPF), and that fine-tuning MAPF-GPT
is indeed possible, i.e., additional training on new types of
tasks increases its performance in solving these tasks.

Runtime In this experiment, we compare the runtime of
the considered solvers. The results are presented in Figure 5;
each data point indicates the average time spent deciding
the next action for all agents. All MAPF-GPT models scale
linearly with the increasing number of agents. The largest
model, MAPF-GPT-85M, shows a slightly higher runtime
than DCC and SCRIMP on the instances with up to 96
agents. However, beyond 128 agents, the runtime of MAPG-
GPT-85M is better, as it depends linearly on the number of
agents. Notably, the MAPF-GPT-2M and MAPF-GPT-6M
models are more than 13 times faster than SCRIMP and 8
times faster than DCC for 192 agents setup.
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Figure 5: Runtime of MAPF-GPT, DCC, and SCRIMP mod-
els on the Warehouse map. The plot shows the average
time required to decide the next action for all agents as the
number of agents increases.

Conclusion
In this work, we studied the MAPF problem as a sequential
decision-making task. We proposed the approach to derive
an individual policy based on state-of-the-art machine learn-
ing techniques, specifically (supervised) imitation learning
from expert data – MAPF-GPT. To train MAPF-GPT, we
created the comprehensive dataset of expert MAPF solu-
tions, transformed these solutions into observation-action
pairs, tokenized them, and trained several transformer mod-
els (with varying numbers of parameters) on this data. Em-
pirically, we demonstrate that even with a quite moder-
ate number of parameters, such as 2M, MAPF-GPT sig-
nificantly outperforms modern learnable MAPF competi-
tors across the wide range of setups. Our results provide a
clear positive answer to the question, “Is it possible to cre-
ate a strong learnable MAPF solver purely through imitation
learning?”. The limitations of our approach are discussed in
the arXiv version of the paper.
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