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Abstract

Recent advances in robotics have laid the foundation for building large-scale multi-agent systems.
One fundamental task in many multi-agent systems is to navigate agents in a shared environment
to their target locations without colliding with each other or obstacles. Applications include evacu-
ation, formation control, object transportation, traf c management, search and rescue, autonomous
driving, drone swarm coordination, video game character control, and warehouse automation, to
list a few. One well-studied abstract model for this problem is knowdual&i-Agent Path Finding

(MAPF). It is de ned on a general graph with given start and target vertices for agents on this
graph. Each agent is allowed to wait at its current vertex or move to an adjacent vertex from one
discrete timestep to the next one. We are asked to nd a path for each agent such that no two
agents are at the same vertex or cross the same edge at any timestep (because this would result in

a collision) and minimize the sum of the path costs of all agents or similar optimization criteria.

MAPF is NP-hard to solve optimally (and, in some cases, even bounded-suboptimally) in gen-
eral. Existing algorithms for solving MAPF either have limited scalability (such as optimal and
bounded-suboptimal algorithms), generate costly solutions (such as rule-based algorithms), or may
fail to nd any solutions for hard MAPF instances (such as prioritized algorithms). In this disserta-
tion, we develop fundamental techniques to overcome the shortcomings of these MAPF algorithms,
namely techniques that reduce the runtimes of optimal and bounded-suboptimal MAPF algorithms
and techniques that improve the solution quality and success rates of rule-based, prioritized, and

other non-optimal MAPF algorithms.
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The state-of-the-art optimal and bounded-suboptimal MAPF algorithms often use the frame-
work of planning paths for each agent independently and systematically resolving collisions af-
terward. Intelligently searching the collision-resolution space often nds good solutions faster
than traditional methods that search the joint-state space of the agents. But still, searching the

collision-resolution space can be computationally expensive for two reasons.

The rst reason is due to a phenomenon called pairwise symmetry, which occurs when two
agents have many different paths to their target vertices, all of which appear promising, but every
combination of them results in a collision. So, when we search the collision-resolution space,
we need to enumerate many (or, in most cases, an exponential number of) combinations of such
colliding paths before nding a pair of collision-free paths for the two agents. Therefore, in this
dissertation, we identify a number of different symmetries and show that they arise commonly in
practice and enumerating them often leads to timeout failures. We develop symmetry-breaking
techniques to detect the symmetries during the search and resolve them in a single branching
step while preserving the (bounded-sub)optimality and completeness of the optimal and bounded-

suboptimal MAPF algorithms.

The second reason is due to the blind search in the extremely large size of the collision-
resolution space. Although resolving pairwise symmetries can reduce the size of the collision-
resolution space, when solving MAPF instances with many agents, the space is still too large for the
(bounded-sub)optimal MAPF algorithms to nd a solution and prove its (bounded sub)optimality
with a reasonable runtime. On the one hand, in order to prove (bounded sub)optimality, (bounded-
sub)optimal MAPF algorithms have to examine a large number of states (= sets of paths) with small
costs in the collision-resolution space and resolve their collisions. Therefore, in this dissertation,
we develop admissible heuristics for each state, which underestimate the minimum cost increase
of the paths in the state when all their collisions are resolved, to reduce the number of states that
(bounded-sub)optimal MAPF algorithms need to examine and thus speed up their search. On
the other hand, in order to nd a solution fast, bounded-suboptimal MAPF algorithms often view

the states with costs within the desired suboptimality bound and small numbers of collisions as
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“promising” states and examine them rst. But the identi cation of such “promising” states can be
misleading because (1) the cost of a state can increase and exceed the desired suboptimality bound
after resolving the collisions in the state, and (2) one might have to resolve more collisions than
the current collisions in the state (because new collisions can appear when resolving the current
ones). Therefore, in this dissertation, we apply an online learning method to learn how the costs
and numbers of collisions change during the search and compute an informed learned heuristic
(that may be inadmissible) based on them to guide the bounded-suboptimal MAPF algorithms to
nd a solution within the desired suboptimality bound fast. We also apply a search strategy called
Explicit Estimation Search, which cleverly trades off the effort of proving bounded suboptimality

and nding solutions.

Sometimes, we are interested in a good solution but not necessarily proof of how good the
solution is. For this reason, people often use rule-based algorithms, prioritized algorithms, or
bounded-suboptimal algorithms with large suboptimality factors to rapidly nd solutions for chal-
lenging MAPF instances. In order to overcome the shortcomings of these algorithms in terms of
generating costly solutions, we adapt a stochastic local search algorithm, called Large Neighbor-
hood Search (LNS), to improving the quality of a given MAPF solution over time by repeatedly
replanning paths for subsets of agents to reduce the overall path costs. In order to overcome their
shortcomings in terms of failing to nd any solutions, we adapt LNS to repairing an infeasible
solution (i.e., a set of paths that contain collisions) by repeatedly replanning paths for subsets of

agents to reduce the overall number of collisions among the paths.

In summary, we develop three types of techniques, namely symmetry reasoning, heuristics,
and LNS, to improve MAPF algorithms. Speci cally, in this dissertation, we rst introduce three
admissible heuristics and show that they can speed up the optimal MAPF algorithm CBS by up
to 50 times. We then develop three symmetry-reasoning techniques and show that they can speed
up CBS and its variant with the admissible heuristics by up to 4 orders of magnitude. Their com-
bination results in the state-of-the-art optimal MAPF algorithm CBSH2-RTC, which handles up

to thirty times more agents than the previously best variant of CBS. Next, we develop a learned
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but inadmissible heuristic to speed up a bounded-suboptimal variant of CBS while preserving
its bounded-suboptimality guarantee. We combine the resulting algorithm with many CBS im-
provements, including admissible heuristics and symmetry reasoning, to obtain the state-of-the-
art bounded-suboptimal MAPF algorithm EECBS, which dominates other bounded-suboptimal
MAPF algorithms in all tested scenarios. It can nd solutions whose costs are provably at most
2% worse than optimal for MAPF instances with a thousand agents within just a minute, while
state-of-the-art optimal MAPF algorithms can handle no more than two hundred agents under the
same condition. Last but not least, we develop MAPF-LNS and MAPF-LNS2 based on LNS to re-
duce the cost of a (feasible) MAPF solution and repair an infeasible MAPF solution, respectively.
MAPF-LNS signi cantly outperforms other anytime MAPF algorithms in terms of scalability,
runtime to the initial solution, and speed of improving the solution. It reduces the solution cost of
non-optimal MAPF algorithms by up to 36 times within just a minute and up to 110 times within
ve minutes. In comparison to other non-optimal MAPF algorithms (including EECBS with dif-
ferent suboptimality factors), MAPF-LNS2 solves 80% of the most challenging instances in the
MAPF benchmark suite (while none of the other algorithms solve more than 65%) within ve

minutes and nds lower-cost solutions than the other algorithms in most cases.
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Chapter 1

Introduction

Multi-Agent Path Finding (MAPF) [163] is the problem of nding collision-free paths for multiple
agents on a given graph while minimizing the sum of their travel times, their makespan, or similar
optimization criteria. It is NP-hard to solve optimally on general graphs [205], planar graphs [203]
and grids [15]. It is also NP-hard to nd feasible solutions on directed graphs [129] and NP-
hard to nd solutions of makespans no larger than 4/3 times the optimal makespan on general
graphs [118]. In this dissertation, we mainly focus on minimizing the sum of travel times because
this optimization criterion is widely used in many applications. Nevertheless, most techniques
developed in this dissertation can be easily generalized to other optimization criteria.

MAPF is a core problem in a variety of real-world applications, including (but not limited to)
evacuation [128, 122], automated warehousing and manufacturing [199, 120, 115, 32, 113, 38],
automated valet parking [131], autonomous road intersection management [56], traf c manage-
ment [79, 106, 110], drone swarm coordination [83], search and rescue [143], formation con-
trol [108], and video game character control [121, 156]. Although the number of agents involved
in these applications varies from dozens of agents to thousands of agents, nding high-quality
solutions with small runtimes is important for all of them.

For example, today, in automated warehouses, hundreds of robots already autonomously move
inventory pods or at packages from one location to another in a known, congested environ-
ment [199]. Fiducial markers are put on the oor to delineate a four-neighbor grid, and the robots

navigate NORTH, SOUTH, WEST, or EAST according to these ducial markers. Figure 1.1 shows
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