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Abstract

Many real-world problems can be modeled as co-
operative multi-agent systems (MAS), such as fleet
management, industrial operations, and communi-
cation networks, where multiple agents collaborate
to optimize a shared objective. Optimizing coop-
erative MAS is difficult due to the combinatorial
nature of joint actions and environmental factors.
Thus, many practical multi-agent optimization ap-
proaches specialize in particular problem classes to
exploit structural properties for effective and effi-
cient optimization. Unfortunately, such specializa-
tions can lead to complex and inflexible methods
that cannot be seamlessly combined or transferred
to novel domains without substantial engineering
effort. In this paper, we advocate an approach to-
wards streamlined learning and search for multi-
agent optimization. Focusing on multi-agent path
finding as an exemplary problem, we propose to
simplify two popular approaches to MAPF, namely
multi-agent reinforcement learning and adaptive
search. Through these simplifications, we aim to
enable seamless combination and transferability of
our methods without substantial engineering.

1 Introduction

Many real-world problems can be modeled as cooperative
multi-agent systems (MAS), such as fleet management, in-
dustrial operations, and communication networks, where
N > 2 agents collaborate to optimize a shared objective [Fo-
erster et al., 2018; Oliehoek and Amato, 2016].

Optimizing cooperative MAS is difficult due to the com-
binatorial nature of joint actions and environmental fac-
tors (e.g., obstacles and communication channels), in par-
ticular constraints (e.g., deadlines and collision avoidance)
[Boutilier, 1996; Oliechoek and Amato, 2016; Sharon et al.,
2015]. Thus, for practical feasibility, many multi-agent op-
timization approaches use learning and/or search methods to
find suboptimal solutions that satisfy all constraints [Fioretto
et al., 2018; Oliehoek and Amato, 2016; Stern et al., 2019].

Decentralized POMDPs (Dec-POMDPs) represent a gen-
eral framework for multi-agent optimization [Oliehoek and
Amato, 2016]. However, Dec-POMDP solvers based on

learning and/or search do not scale tolarge numbers of agents
in practice due to the black box nature of Dec-POMDPs,
which ignores important structural properties of the under-
lying problem, such as spatial relationships between agents
[Fioretto ef al., 2018; Phan ef al., 2021]. Thus, many prac-
tical solvers focus on special cases to exploit such structures
for better efficiency and scalability [Fioretto er al., 2018].

Unfortunately, such specializations can lead to complex
and inflexible ‘learning or search approaches that cannot
be seamlessly combined or transferred to novel domains
without substantial engineering effort [Phan et al., 2025;
Phan ef al., 2026b]. We argue that simplifying common
learning and search approaches could mitigate tight special-
ization, while improving the combination and transferabil-
ity of multi-agent optimization methods [Phan et al., 2024a;
Cai et al., 2025]. Furthermore, they can improve the overall
usability of these methods without requiring substantial tun-
ing or a deep understanding of hyperparameters.

In this paper, we advocate an approach towards streamlined
learning and search for multi-agent optimization. Focusing
on multi-agent path finding (MAPF) as an exemplary opti-
mization problem, we propose to simplify two popular ap-
proaches to MAPF, namely multi-agent reinforcement learn-
ing and adaptive search. In the former, we will introduce
methods to scale and simplify learning in MAPF with hi-
erarchical value factorization and auto-curricula for struc-
tured exploration. In the latter, we will introduce meth-
ods to simplify search-based MAPF solvers with adaptive
mechanisms, substantially improving their effectiveness and
efficiency. Through these simplifications, we aim to en-
able seamless combination and transferability of our methods
without substantial engineering [Cai et al., 2025].

2 Background: Multi-Agent Path Finding

We focus on multi-agent path finding (MAPF) as an exem-
plary optimization problem. The goal in MAPF is to find
collision-free paths for N > 2 agents with assigned start and
goal locations [Stern er al., 2019; Sharon er al., 2015]. Solv-
ing MAPF is highly relevant to various applications, includ-
ing warehouse operations [Li ef al., 2021d], smart manufac-
turing [Phan et al., 2020], multi-robot systems [Zhang et al.,
2023], and search & rescue missions [Jennings et al., 1997].
However, finding optimal solutions, i.e., feasible paths with
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Figure 1: (a) Curriculum scheme of CACTUS [Phan et al., 2026b].
The agents (colored circles) are trained and evaluated w.r.t. the
shaded goal-allocation areas around the agents. When the average
completion rate u exceeds a curriculum threshold U € (0, 1) with
a specified confidence level, allocation areas are expanded. The
numbers in the blue cells indicate the shortest-path distance to the
blue agent. (b) Architectural comparison between the engineering-
focused PRIMAL [Sartoretti er al., 2019] and the much simpler
CACTUS [Phan et al., 2026b].

minimal costs, i.e., agent travel times, is NP-hard and thus
intractable for large-scale instances [Sharon et al., 2015].

State-of-the-art MAPF solvers are search-based, using in-
formation about all agents to find collision-free plans [Sharon
et al., 2015]. The search algorithms can be optimal or
bounded suboptimal (e.g., CBS, ECBS, and EECBS), with
guarantees about the travel time (sub-)optimality, but expo-
nential time scaling [Sharon er al., 2015; Barer et al., 2021;
Li et al., 2021c], or unbounded suboptimal (e.g., LaCAM,
MAPF-LNS, MAPF-LNS2), with polynomial time scaling
but arbitrarily high solution costs [Okumura, 2023; Li et
al., 2021a; Li et al., 2022]. Search-based MAPF solvers
commonly depend on handcrafted guidance [Okumura er al.,
2022; Li et al., 2021a; Li et al., 2022] for domain-specific
aspects, e.g., 4-neighbor grid worlds [Li et al., 2021b] and
corridor maps [Cohen and Koenig, 2016], which do not gen-
eralize to other scenarios [Phan et al., 2024c].

3 Multi-Agent Reinforcement Learning (RL)

Most search-based MAPF solvers are centralized due to their
dependence on global information, i.e., the paths and con-
straints of all agents. This dependence requires reliable, cen-
tralized communication with substantial bandwidth for large-

scale systems, which is a limiting factor in practice for scala-
bility and robustness [Oliehoek and Amato, 2016]. Even fast
unbounded suboptimal solvers like LaCAM and MAPF-LNS
suffer from this limitation, which impedes their large-scale
deployment beyond spatially confined applications such as
warehouses [Moldagalieva et al., 2026; Nagai and Okumura,
2026; Phan et al., 2026b].

Multi-agent reinforcement learning (RL) has become popu-
lar for learning decentralized policies via trial-and-error from
rewards, enabling scalable control under partial observability
and limited communication [Foerster er al., 2018]. We fo-
cus on cooperative settings, where all agents obtain a team
reward ry € R for executing a joint action a; in state s; at
time step ¢, without further indication of their individual con-
tributions [Oliechoek and Amato, 2016]. The state of the art in
cooperative multi-agent RL is based on the centralized train-
ing for decentralized execution (CTDE) paradigm, where all
policies are trained in a controlled environment, such as a lab-
oratory or simulator, to exploit global information for learn-
ing coordinated behavior.” After training, the policies can be
executed independently in‘a decentralized manner, requiring
no (or just limited) communication [Foerster et al., 2018].

3.1 Deep Multi-Agent RL

Deep multi-agent RL uses neural networks to learn policies
for high-dimensional state and observation spaces [Lowe et
al., 2017; Foerster et al., 2018; Rashid et al., 2018]. Multi-
agent credit assignment is a major challenge in cooperative
settings due to the lack of explicit indication of individual
agents’ contributions to the team’s success or failure [Foer-
ster et al., 2018; Rashid et al., 2018]. Value factorization is
a popular credit assignment approach, where a value function

Qror(st,a1) = E[ZtT 4], learned from the shared rewards
71, is decomposed into agent-wise utilities ((Q;)1<;<n using
some factorization operator ¥({Q;)1<i<n) = Q. The fac-
torization operator is often implemented as constrained neu-
ral network that enforces consistency between the optimiza-
tion of @, and the separate optimization of the individual
utilities (); [Rashid et al., 2018; Son et al., 2019]. The result-
ing utilities can be directly used for decentralized execution
[Rashid et al., 2018] or to train policies via actor-critic tech-
niques [Lowe er al., 2017; Foerster et al., 2018].

Despite value factorization representing a theoretically
general method, its effectiveness has been demonstrated only
in domains with a handful of agents [Rashid et al., 2018;
Phan et al., 2023]. In large-scale domains with hundreds or
thousands of agents, which are common in the MAPF liter-
ature [Okumura, 2023; Li ef al., 2021a; Li et al., 2022], the
factorization operator ¥ can become a bottleneck, where flat
credit assignment schemes are insufficient for effective co-
ordination, falling short compared to unbounded suboptimal
search-based solvers like LaCAM and MAPF-LNS.

To this end, we devised the hierarchical factorization
method VAST [Phan et al., 2021], which uses a bi-level
decomposition scheme, where the factorization operator ¥
decomposes the value function Q) into group-wise utili-
ties Qi = Y, Qg which are then further decomposed
into agent-wise utilities (), ; for the respective members i
of group k. The agent-wise decomposition is done with a
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linear operator, enabling group variability across time steps
to adapt to different situations. VAST can provably main-
tain the consistency between optimizing Q,,, and Q;, regard-
less of the sub-team definition, supporting its flexibility and
adaptability. The groups or sub-teams can be assigned us-
ing domain-specific methods, such as spatial clustering, or
learned via meta-gradient methods to optimize effectiveness
in an outer loop [Phan et al., 2021]. We evaluated VAST in
MAPF-related domains, such as a warehouse and a battle do-
main, demonstrating better scalability, sample efficiency, and
effectiveness than state-of-the-art value factorization methods
[Rashid et al., 2018; Son et al., 2019].

3.2 Curricula for Structured Exploration

The state of the art in multi-agent RL is primarily designed for
Dec-POMDPs, which are more general but also more com-
plex than MAPF, as they ignore structural properties, such
as spatial relationships among agents. This lack of structural
consideration severely limits sample efficiency with random
exploration, requiring a considerable number of trials, which
is computationally expensive [Phan et al., 2026b].

To mitigate this exploration problem, most prior work re-
lies on additional support from search-based solvers [Sar-
toretti er al., 2019; Skrynnik ef al., 2024], e.g., for imitation
learning of path finding or collision avoidance. However, due
to the combinatorial space of MAPF w.r.t. the number of
joint actions, potential paths, and environments, the learned
models must have sufficient capacity to memorize all impor-
tant aspects of MAPF. This has led to unreasonably large
neural networks with complex architectures [Sartoretti et al.,
2019] (Figure 1b), compared with simpler architectures that
are common in the multi-agent RL literature [Foerster et al.,
2018; Rashid et al., 2018]. Another way to shape learning is
to use handcrafted reward functions [Alkazzi and Okumura,
2024], which may work in specific scenarios but could lead to
unintended side effects when transferred to another domain
[Foerster et al., 2018]. [Alkazzi and Okumura, 2024] and
[Phan et al., 2025] provide overviews of ‘various aspects of
machine learning that are often engineered substantially to
achieve empirical success of multi-agent RL-based MAPF.

The extensive engineering confirms the difficulty of ex-
ploiting the structural properties of MAPF to improve explo-
ration efficiency and learning of multi-agent RL. To this end,
we devised MAPF curricula for structured exploration that
enable efficient exploration and learning while simplifying
the overall multi-agent RL approach to MAPF (Figure 1b).

CACTUS is the first auto-curriculum approach to MAPF.
It uses a reverse curriculum scheme by controlling the goal
allocation radius for all agents [Phan et al., 2026b]. Starting
with a radius of 1, CACTUS gradually increases the goal-
allocation area around each agent by incrementing the radius
(Figure 1a) if the success rate of all agents reaching their
respective goals improves significantly based on a statisti-
cal test. CACTUS substantially simplifies multi-agent RL
for MAPF w.r.t. the training scheme, the model architecture
(Figure 1b), and the reward definition, which simply penal-
izes each time step for each agent that has not yet reached its
goal. CACTUS significantly improves effectiveness and effi-
ciency, requiring less than 5% of the training effort of prior

engineering-focused works, like PRIMAL [Sartoretti et al.,
2019], in terms of data, compute, and parameters.

We conducted preliminary analyses, proving that CAC-
TUS improves the sample efficiency over other multi-agent
RL methods that rely on naive random exploration, and de-
vised an extension to CACTUS, called C3LARA, which in-
centivizes goal allocations at intersecting allocation areas for
more robust collision avoidance, without requiring additional
support of a search-based solver [Phan ef al., 2026b].

We also explored curricula based on environment gener-
ation using variational autoencoders and cross-entropy opti-
mization [Phan et al., 2025], as well as dynamic agent group-
ing based on the intersection of goal-allocation areas [Phan
and Koenig, 2026], inspired by VAST.

Our work on curriculum learning demonstrates how sim-
plification can advance the state of the art in RL-based MAPF
in terms of effectiveness and efficiency, as well as usability
due to fewer tunable hyperparameters. This insight is im-
portant for investigating further algorithmic aspects of multi-
agent RL to provide a basis for transferring our methods to
novel domains without substantial engineering.

4 Adaptive Search-Based Solvers

Search-based solvers are the state of the art in MAPF in terms
of effectiveness [Sharon et al., 2015; Barer et al., 2021; Li et
al., 2021¢] and efficiency [Okumura, 2023; Li ef al., 2021a;
Li et al., 2022]. These solvers are often enhanced with struc-
tural knowledge through handcrafted guidance, which can
improve their effectiveness and efficiency for specific MAPF
scenarios, such as 2D grid worlds [Stern et al., 2019].

In practice, unbounded suboptimal solvers are preferred to
meet real-time requirements and to enable fast replanning in
the event of unexpected changes. More recently, these solvers
have become popular to quickly provide “expert” data for su-
pervised machine learning of policies or guidance/heuristic
functions [Huang et al., 2022; Veerapaneni et al., 2025;
Jiang et al., 2025; Andreychuk et al., 2025].

MAPF-LNS, based on large neighborhood search (LNS),
is one example of an unbounded suboptimal solver that can
find solutions for instances with hundreds of agents [Li er al.,
2021a; Huang et al., 2022]. Given an initial solution and a set
of destroy heuristics, MAPF-LNS iteratively destroys and re-
plans a fixed number of paths, replacing the current solution
if the new plan has a lower cost. Since MAPF-LNS creates a
collision-free plan at each iteration, it can be used in an any-
time manner and terminated once a time budget runs out. The
original MAPF-LNS from [Li er al., 2021al employs three
handcrafted heuristics, focusing on the most-delayed agent,
the most-occupied location, and a random neighborhood, re-
spectively. An adaptive selection mechanism chooses one of
these destroy heuristics at each iteration (Figure 2a).

In the following, we will focus on MAPF-LNS, since LNS
is used to solve related NP-hard problems like vehicle rout-
ing, scheduling problems, and mixed-integer linear program-
ming [Phan et al., 2024a; Cai et al., 2025]. Thus, by simpli-
fying and improving MAPF-LNS, we hope to lay the founda-
tion for seamless transfer of our methods to other problems.

Due to the handcrafted destroy heuristics, MAPF-LNS
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(a) MAPF-LNS

(b) MAPF-LNS-ML

(d) ADDRESS (Ours)

(c) BALANCE (Ours)

Figure 2: Schematic comparison of different MAPF-LNS schemes.
(a) The original MAPF-LNS using three handcrafted destroy heuris-
tics Hi, Ho, and H3, and an adaptive selection method 7. (b)
MAPF-LNS-ML integrates machine-learning-based guidance, re-
quiring additional feature engineering, data acquisition, and training
of the guidance model. (c) BALANCE uses a bi-level multi-armed
bandit 7 approach to automatically select hyperparameters and de-
stroy heuristics without extensive prior tuning, training, or engineer-
ing effort. (d) ADDRESS uses a single adaptive destroy heuristic.

lacks generality, limiting its transferability to other domains.
MAPF-LNS-ML is a machine-learning-enhanced version
of MAPF-LNS, which selects neighborhoods via a scor-
ing model, predicting their solution improvement potential
[Huang er al., 2022]. The scoring model is trained on data
generated by the original MAPF-LNS from a selected set of
instances. While machine learning seems appealing due to
its generalizing capability, the overall approach is still hand-
crafted and labor-intensive due to feature engineering and
manual selection of training instances, as well as expensive
and inflexible due to hyperparameter tuning and offline train-
ing of the scoring model without further adaptation [Phan et
al., 2024a; Phan et al., 2024c] (Figure 2b).

We devised an adaptive variant, called BALANCE, which
uses a bi-level multi-armed bandit to optimize the destroy
heuristic and neighborhood size selection (Figure 2c). The
bandits are trained online to minimize the total costs of
the current MAPF-LNS solution, without any feature en-
gineering, hyperparameter tuning, or offline (pre-)training.
BALANCE demonstrated delay improvements by at least
50% compared with MAPF-LNS and MAPF-LNS-ML across
common benchmark instances [Stern et al., 2019].

ADDRESS further simplifies BALANCE by employing a
single adaptive destroy heuristic that depends on a seed agent
selected via a multi-armed bandit [Phan et al., 2024c]. A
neighborhood is generated by randomly selecting agents in
close proximity to the seed agent. Despite the substantial sim-
plification, ADDRESS was shown to further reduce delays by
at least 50% in large-scale instances with N = 1000 agents.

Similar to our work on curriculum learning, our adaptive
search approaches also demonstrate that simplification can

advance the state of the art in search-based MAPF in terms of
effectiveness, efficiency, and usability. This is important for
further investigating suboptimal MAPF solvers and for pro-
viding a basis for seamless combination and transferability
of our methods without substantial engineering. Our adap-
tive search could also provide high-quality data to machine
learning approaches, improving their effectiveness.

5 Conclusion and Future Work

We advocate an approach to streamlined learning and search
for multi-agent optimization, focusing on MAPF as an ex-
emplary problem. We proposed to simplify two popular
approaches to MAPF, namely multi-agent RL and adaptive
search. In the former, we introduced methods to scale and
simplify learning in MAPF with hierarchical value factor-
ization for scalable training and auto-curricula for efficient
structured exploration. In the latter, we introduced meth-
ods to simplify search-based MAPF solvers with adaptive
mechanisms, substantially improving their effectiveness and
efficiency. Through these simplifications, we aim to en-
able seamless combination and transferability of our methods
without substantial engineering, as demonstrated by the trans-
fer of our adaptive solver BALANCE [Phan er al., 2024a] to
mixed-integer linear programming [Cai et al., 2025].
In the future, we plan to pursue the following directions:

¢ Combining learning and search: So far, combining
learning and search required substantial engineering ef-
fort, largely due to incompatibilities between the meth-
ods. Given our simplified machinery, we plan to iden-
tify adequate connecting points for more principled and
straightforward combinations.

¢ Addressing information asymmetry: Centralized and
decentralized optimization approaches operate with dif-
ferent information views. This information asymmetry
can lead to emergent side-effects, which may occur in
CTDE-based multi-agent RL and decentralized policy
learning from centralized MAPF solvers. We plan to
address this issue with recurrence-based multi-agent RL
[Phan er al., 2023] and counterfactual reasoning [Barein-
boim et al., 2015; Li et al., 2025; Phan et al., 2026a] for
multi-agent RL and adaptive search-based solvers.

* Decentralized learning and search: We plan to in-
vestigate decentralizing our current CTDE schemes and
adaptive search-based solvers. In multi-agent RL, we
will consider peer-incentivization methods for decen-
tralized learning of cooperative behavior [Phan et al.,
2024b; Altmann et al., 2026]. For adaptive search, we
will consider enhancing decentralized search algorithms
with factorized utilities as heuristics [Phan et al., 2018].

* Robustness: Most multi-agent optimization methods
focus on idealized scenarios, in which agents and envi-
ronments do not change adversarially. However, in real-
world applications, failures, manipulations, and environ-
mental changes are expected and thus must be consid-
ered. We plan to leverage adversarial and adaptive learn-
ing for robust decentralized policies [Phan et al., 2020]
and fast but effective replanning [Phan e al., 2024c].
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