Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

Scalable Mechanism Design for Multi-Agent Path Finding

Paul Friedrich'?, Yulun Zhang®, Michael Curry!>*, Ludwig Dierks®, Stephen
McAleer®, Jiaoyang Li®, Tuomas Sandholm?®% and Sven Seuken'?
'ETH AI Center
2University of Zurich
3Carnegie Mellon University
“Harvard University
>University of Illinois at Chicago

6Strategy Robot, Inc., Strategic Machine, Inc., Optimized Markets, Inc.
paul.friedrich@uzh.ch, yulunzhang @cmu.edu

Abstract

Multi-Agent Path Finding (MAPF) involves deter-
mining paths for multiple agents to travel simul-
taneously and collision-free through a shared area
toward given goal locations. This problem is com-
putationally complex, especially when dealing with
large numbers of agents, as is common in realistic
applications like autonomous vehicle coordination.
Finding an optimal solution is often computation-
ally infeasible, making the use of approximate, sub-
optimal algorithms essential. Adding to the com-
plexity, agents might act in a self-interested and
strategic way, possibly misrepresenting their goals
to the MAPF algorithm if it benefits them. Al-
though the field of mechanism design offers tools
to align incentives, using these tools without care-
ful consideration can fail when only having access
to approximately optimal outcomes. In this work,
we introduce the problem of scalable mechanism
design for MAPF and propose three strategyproof
mechanisms, two of which even use approximate
MAPEF algorithms. We test our mechanisms on re-
alistic MAPF domains with problem sizes ranging
from dozens to hundreds of agents. We find that
they improve welfare beyond a simple baseline.

1

There are numerous emerging domains of large-scale re-
source allocation problems, such as allocating road capacity
to cars or 3D airspace to unmanned aerial vehicles (UAVs),
where multi-agent path finding (MAPF) is required to cal-
culate a valid allocation. In realistically-sized instances of
such problems, non-colliding paths must be calculated for
large numbers of agents simultaneously. Such computation-
ally challenging domains are increasingly of real-world im-
portance. Future UAV traffic in urban areas from parcel deliv-
eries alone is projected to require managing tens of thousands
of concurrent flight paths [Doole et al., 2020].

Introduction

Code at https://github.com/lunjohnzhang/MAPF-Mechanism.
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Most MAPF research assumes that the true agent prefer-
ences (e.g., cost for moving on the map) are known to (or even
set by) the allocating system and focuses on finding com-
putationally efficient ways to obtain solutions that minimize
an aggregated agent cost measure, called optimal solutions.
However, if agents are self-interested and independently re-
port their preferences to the system, it may be beneficial for
them to misreport. For example, an agent may wish to exag-
gerate her cost of a delay to ensure that the algorithm favors
her over an agent that reported a lower cost when resolving a
potential conflict. In this non-cooperative setting, the system
may not know the agents’ true preferences since they could be
misreported. In that case, there is no guarantee that its MAPF
algorithm finds a solution that maximizes true social welfare.

The field of mechanism design deals with exactly this prob-
lem: designing systems that efficiently allocate scarce re-
sources while ensuring that they are individually rational and
strategyproof. These desirable properties guarantee that par-
ticipating in the mechanism always benefits each agent and
that agents are incentivized to report their private informa-
tion truthfully to the mechanism, respectively. The celebrated
Vickrey-Clarke-Groves (VCG) mechanism [Vickrey, 1961;
Clarke, 1971; Groves, 1973] achieves this goal. It chooses
an allocation that perfectly maximizes welfare given agents’
reported preferences and then charges side payments to each
agent. Via a careful choice of payments, VCG ensures that
there is no incentive for agents to lie about their preferences.

However, mechanism design has so far either not been ap-
plied to large-scale routing problems or has bypassed path
finding, e.g., via congestion pricing in road domains [Be-
heshtian et al., 2020]. The main reason is that even clas-
sic, cooperative MAPF problems are computationally ex-
tremely challenging. Finding an optimal solution is NP-hard
[Yu and LaValle, 2013]. The state-of-the-art MAPF algo-
rithm producing optimal solutions is conflict-based search
(CBS) [Sharon et al., 2015]. CBS first generates a short-
est path for each agent and then resolves conflicts (path col-
lisions) iteratively, building a constraint tree in a best-first-
search manner. Its worst-case runtime scales exponentially in
the number of agents, and identifying why certain scenarios
are computationally feasible to optimally solve while others
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are not is an open area of research [Gordon et al., 2021].

Much of the MAPF literature therefore employs (bounded)
suboptimal algorithms or even counts finding any feasible
path assignment as a success. While there exist a number
of suboptimal MAPF algorithms that work very well in prac-
tice as long as agent preferences are fully known [Barer et
al., 2014; Li et al., 20211, most are unsuitable for a mecha-
nism with self-interested agents. This is because VCG-based
mechanisms rely on finding an optimal assignment — if the as-
signment is only approximately optimal, the resulting mecha-
nism is generally no longer strategyproof [Sandholm, 2002].

In this paper, we show how we can design suboptimal but
more scalable MAPF algorithms that are made strategyproof
through VCG-based payments by ensuring that they choose
optimally from some restricted, fixed set of outcomes. This is
called the maximal-in-range (MIR) property [Nisan and Ro-
nen, 2007], which guarantees that charging VCG payments
results in no incentive to lie.

The rest of this paper is organized as follows. After giv-
ing an overview of related work (Section 2), we introduce our
formulation of the non-cooperative MAPF problem and il-
lustrate the approach of pairing an optimal MAPF algorithm
with VCG payments to achieve strategyproofness (Section 3).

In Section 4, we first show how this approach applied to
the optimal CBS algorithm results in a welfare-maximizing
and strategyproof mechanism, which we call the payment-
CBS (PCBS) mechanism.

As we are interested in significantly larger problems, we
successively restrict the search space to increase scalability.
We focus on the class of prioritized MAPF algorithms [Silver,
2005]. Instead of searching for a jointly optimal allocation,
these algorithms search through a space of priority order-
ings. They plan paths for agents sequentially, such that each
planned path avoids all paths that belong to agents with higher
priority. They are fast and efficient in practice but have no
(bounded) suboptimality guarantees, and one can construct
MAPF instances that cannot be solved by them.

With this restriction, we first introduce the exhaustive-PBS
(EPBS) mechanism, which uses an allocation rule based on
an adapted version of priority-based search (PBS) [Ma et al.,
2019]. Tt constructs a priority ordering, that is, a strict partial
order on the set of agents, by iteratively adding a binary pri-
ority relation and re-planning accordingly for pairs of agents
that conflict. By exhaustively expanding the PBS search tree,
EPBS fulfills the MIR property. EPBS illustrates how a sub-
optimal MAPF algorithm can be made strategyproof using
MIR and our variation of VCG payments, which can be cal-
culated without additional computational cost.

In a second step, we further restrict the search space to
a fixed number of randomly drawn fotal priority orderings.
The resulting mechanism, which we call Monte-Carlo pri-
oritized planning (MCPP), chooses the welfare-maximizing
allocation among those resulting from applying prioritized
planning (PP) [Erdmann and Lozano-Perez, 1987] to the ran-
domly drawn orderings. In addition to being strategyproof
through the combination of the MIR property with our VCG-
based payments, MCPP can trade off optimality and scalabil-
ity by varying the number of sampled priority orderings.

In summary, we present three strategyproof path alloca-
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tion mechanisms that do not rely on computationally costly
combinatorial auctions and model self-interested agents in the
standard MAPF setting. We prove that applying the maximal-
in-range property enables the use of suboptimal MAPF algo-
rithms in strategyproof mechanisms. In experiments across
large MAPF benchmarks, we show that such mechanisms
show a significant computational speedup compared to so-
lutions relying on optimal MAPF algorithms and outperform
a naive strategyproof baseline in terms of agent welfare.

2 Related Work

Mechanism design is used in a wide range of domains where
goods must be allocated to self-interested agents. Exam-
ple domains which have seen high-profile implementations
include electricity markets [Cramton, 20171, spectrum auc-
tions [Cramton, 19971, course allocation at universities [Bud-
ish, 2011; Othman et al., 20101, vaccine allocation [Castillo e?
al., 2021] and large-scale sourcing auctions, for instance for
transportation services [Sandholm, 2013]. Given some cho-
sen allocation rule, depending on the rule’s structure, it may
be possible to design a payment rule such that every agent
has a dominant strategy to report her preferences truthfully,
no matter what the other agents report [Myerson, 1981].

Mechanism design where the allocated goods are paths
usually fails to capture important characteristics of the MAPF
domain. Ridesharing [Ma ef al., 2022] matches riders looking
to go from A to B with drivers and aligns incentives for both
sides with payments. Road pricing [Beheshtian et al., 2020]
facilitates the optimally efficient movement of agents through
a transportation network by charging higher payments for
travel in areas with high congestion. Both approaches leave
the decision on what route to take up to individual agents,
meaning that collisions are not considered and cannot be
prevented. UAV traffic management (UTM) [Seuken et al.,
2022] is an emerging domain that combines heterogeneous,
self-interested agents with explicit path allocations. Recent
work in UTM focuses on resolving conflicts between agents,
but offloads computational cost to the agent by requiring her
to produce and submit her intended movement paths to the
mechanism beforehand [Duchamp et al., 2019].

Prior research that explicitly models the MAPF domain
has mostly focused on the cooperative case [Stern et al.,
2019], with work on the non-cooperative case just emerg-
ing and focusing on auction-based mechanisms. Das et al.
[2021] assume a 2D grid topology with intersection vertices
and solve the online problem by running separate VCG auc-
tions at each intersection. Amir et al. [2015] model paths as
bundles of vertices, and use an iterative combinatorial auction
mechanism called iBundle to sell non-colliding paths to self-
interested agents in a way that achieves strategyproofness at
the cost of poor scalability. Gautier et al. [2022] build on their
work with a suboptimal mechanism that achieves a computa-
tional speed-up at the cost of losing strategyproofness. Chan-
dra et al. [2023]" provide a planning mechanism that simpli-

"While the paper claims strategyproofness, the relevant analysis
is restricted to myopic agents only considering the next edge. Given
that they employ sequential auctions for moving multiple edges, in-
centives do not translate to the full MAPF problem.
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fies the strategy space by only having conflicting agents bid
for movement priority in decentralized, repeated VCG auc-
tions. We go a step further by reducing bid complexity for
agents from valuing paths or priorities to merely providing
values for a successful arrival and for their time. Further-
more, we improve on the high computational complexity of
(VCG) auction-based approaches while still achieving their
desired strategyproofness by using more scalable, established
MAPF algorithms. Lastly, we use the classic MAPF formu-
lation for the allocation problem and do not assume any addi-
tional topology on our graphs. Research in prioritized-based
methods for MAPF has used randomization to generate initial
orderings that are then modified by the algorithm [Bennewitz
et al., 2002]. However, unlike ours, this line of research does
not consider incentives or produce strategyproof mechanisms.

3 Problem Setup

We consider the problem of assigning paths through a graph
(V, E) to n self-interested agents. For example, for UAV
airspace assignment, each agent is an individual UAV oper-
ator, while the graph represents the assignable airspace.

Each agent ¢ has a start vertex s; and a goal vertex g; that
she wants to reach as quickly as possible. Time is discretized
into timesteps indexed by ¢. At each timestep, every agent
can either move to an adjacent vertex or wait at its current
vertex, both of which incurs cost c;. Additionally, each agent
has some value v; for arriving at her goal vertex g;. We also
call the 4-tuple 7; = (s, gi, ¢;, v;) the agent’s type. A path T;
for agent 7 is a sequence of vertices that are pairwise adjacent
or identical. At the start, agents can wait at a private location
(the garage vertex) for a number of timesteps where they do
not conflict with other agents and from which the only move-
ment option is to their start vertex s;. A path begins at the
garage or the agent’s start vertex s; and ends at her goal ver-
tex g;. Once an agent reaches her goal, she disappears, and
her goal vertex becomes free for other agents. The cost of a
path ¢(m;) is defined as ¢;|m;|. The welfare of an agent rep-
resents her satisfaction with a path which she is assigned and
is given by her value for arrival minus cost of traveling along
the path, w; (m;) = v; —c¢;(m;). The sum of all agents’ welfare
is called social welfare. To represent the welfare of all agents
excluding 4, we write w_; = 3, w;(m;). We further allow
for the assignment of an empty path m; = () to any agent,
which does not carry any value or cost.

Our theoretical results require the ability of our mecha-
nisms to find feasible solutions for all instances and priority
orderings given. Assuming either “empty paths™ or “garage
vertex & disappear-at-target” is sufficient. The latter as-
sumption makes the MAPF instance well-formed [Cép et al.,
2015], guaranteeing that prioritized algorithms (like EPBS
and MCPP) are complete, i.e. always find feasible solutions.
One of the two assumptions can be dropped at the cost of indi-
vidual rationality or lower empirical scalability, respectively.

Our mechanisms can work with cost functions that use in-
formation other than |7;|, as long as costs ¢; are independent
of other agents’ assignments. If there is such a dependence,
all proposed algorithms stop being well-defined as they use
single-agent best paths that no longer exist in isolation.
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We define two types of conflict: A vertex conflict (i, j,v,t)
occurs when agents ¢ and j attempt to occupy vertex v € V'
at the same timestep ¢; and an edge conflict (i, j, u,v,t) oc-
curs when agents ¢ and j attempt to traverse the same edge
(u,v) € E in opposite directions at the same time (between
t — 1 and t). A feasible assignmentisasetd = {my,...,7,}
of conflict-free paths, one for each agent. An optimal assign-
ment is the feasible assignment d* that produces the maxi-
mum social welfare, d* = argmax, »_, w; (7). Thus we en-
hance the standard MAPF problem formulation, which aims
to minimize flowtime or makespan, meaning the sum or the
maximum of the arrival times of all agents at their goal ver-
tices. Modeling all agents as having a value of zero and cost
for time of one turns our social welfare objective into flow-
time minimization, and further changing ¥;w; to min; w;
results in makespan minimization, both at no runtime cost.
Since both also remove the ability for agents to misreport and
thus the need for strategyproofness, we omit their discussion.

In contrast to the classic MAPF problem, we assume that
agents’ types are private and not a priori known to the mech-
anism that assigns the paths. Instead, each agent reports her
type to the mechanism. We denote by 7 = (1,...,7,) a set
of reported types that serve as the mechanism input, and by
7(7) the path assignment that the mechanism outputs. We
assume agents are self-interested and may misreport a type
7, # T; in such a way as to ensure that the mechanism se-
lects an outcome that is favorable to them. A (social) wel-
fare optimizing mechanism, for instance, finds the outcome
which maximizes the sum of reported agent welfare. This
outcome may be arbitrarily suboptimal for other individual
agents (hurting egalitarian social welfare, that is, fairness) or
the population as a whole (hurting social welfare, that is, ef-
ficiency). We assume that agents do not misreport their start
and goal vertices, as they would have negative infinite welfare
for receiving a path that does not take them from their start to
their goal, reducing the agent’s strategic choices to ¢; and v;.

To align incentives, we assume the mechanism may charge

payment p;(7) to agent i upon assigning them a path. Con-
sequently, an agent’s utility is given by the welfare of her as-
signment minus the payment she is charged,
In a slight abuse of notation, we also write w;(7;,7—;) for
the utility resulting from agent ¢ reporting 7; if the set of re-
ports from the remaining agents is 7_;. We assume that given
any 7_;, any agent ¢ will report the type 7; that maximizes
her utility u;(7;,7—;). To facilitate our analysis, we restrict
our attention to strategyproof (SP) mechanisms, where it is a
dominant strategy for agents to report their true type 7;, inde-
pendent of the reports of the other agents 7_;.

Additionally, we focus on individually rational (IR) mech-
anisms, that is, mechanisms that guarantee every agent
(weakly) positive utility u;(7) > 0. Such mechanisms guar-
antee that agents are incentivized to participate in the mecha-
nism, as they cannot lose utility doing so [Krishna, 2009].

ul(%) = V; —

Summary We aim to find a mechanism that, given a set of
reports, outputs an assignment with a valid path (or no path)
for each agent, such that it maximizes welfare and that the
mechanism is strategyproof and individually rational.
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3.1 Mechanism Design Desiderata for MAPF

We now explore how to achieve two key desiderata: strate-
gyproofness and individual rationality.

For mechanisms such as our payment-CBS (PCBS) which
find optimal allocations, strategyproofness can be guaranteed
by charging agents VCG payments. However, for suboptimal
mechanisms such as our exhaustive-PBS (EPBS) and Monte-
Carlo prioritized planning (MCPP), an additional property
called maximal-in-range has to be satisfied. We show that this
property is sufficient to guarantee strategyproofness when
combined with a variation on VCG payments, which we call
VCG-based payments.

Definition 1. An allocation rule f satisfies the maximal-in-
range property (MIR) with range S, if there exists a fixed
subset S of all possible allocations D such that for all pos-
sible reports of misreportable information 7 = (71, ..., 7,),
the allocation rule chooses the outcome in the range S which
results in the highest reported welfare (“the outcome which
maximizes reported welfare over S”). In other words, iff

IS CD: V7 f(7) = argmax Y 1i;(d).
i=1

Our EPBS and MCPP mechanisms use VCG payments
with one variation. Let d* be the assignment which maxi-
mizes social welfare within the mechanism’s allocation rule’s
range S, that is, d* := argmaxgcg >, 9; — &(nd). The
VCG approach also requires calculating the counterfactual
assignment d* ; which maximizes social welfare in the hypo-

thetical problem instance where agent ¢ is not present.

Definition 2. The VCG-based payment rule charges to agent
1 the difference in total reported welfare of all agents exclud-
ing ¢ of the factual and counterfactual welfare-maximizing
assignment: p;(7) 1= w_;(d* ;) — w_;(d*).

Intuitively, the payment represents the amount by which
agent ¢’s presence has caused a worse assignment and low-
ered social welfare for all other agents, also called agent
1’s externality. Typically, calculating all d* ; requires solv-
ing the underlying optimization problem once per agent for
an altered problem instance where that agent is not present.
This is extremely costly in the MAPF domain. Our EPBS
and MCPP mechanisms use a slightly different d* ;,, which
sidesteps this requirement and ensures that payments are non-
negative. They take all assignments within their range S, set
agent ¢’s value and cost to 0 but leave the assignment’s paths
unchanged (i.e., agent ¢’s path is still present), and select the
so altered assignment with the highest welfare. Equivalently,
dr; = argmaxgcg y ;; 05 — éj(’l'r;l). All counterfactual as-
signments are thus drawn from the range that was already
explored when finding d*, avoiding costly recalculation.

To ensure individual rationality, or non-negative utilities
for all agents, our mechanisms will not assign paths to agents
if the path’s cost exceeds the agent’s value. If an agent
is assigned a path whose cost is greater than the value the
agent would gain from completing it, i.e., if ¢;|m;| > wv;,
we cap the agent’s cost for that path at v; and assume that
agent ¢ will choose not to move at all. Formally, we define
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¢i(m;) = min(v;, ¢;|m;|) such that an agent’s welfare be-
comes w; := v; — ¢;(m;) = max(0,v; — ¢;|m;|). If an agent
is assigned a path for which she would have negative welfare
and decides not to take that path due to individual rationality,
our adjustment sets her welfare to zero.> Then

Z w;(d) = argmaxzwi(d) =d*,,
Z des 1
which implies that p; = 0, and since w; = 0 also u; = 0.

d* = argmax
des

Lemma 1. Let (f, p) be a mechanism consisting of a path al-
location rule f that satisfies MIR with range S and the VCG-
based payment rule p. Then (f,p) is strategyproof.

The proof is in the appendix and follows Nisan and Ronen’s
(2007) argumentation using our domain-specific adaptations.

Lemma 2. Let (f,p) be a mechanism consisting of a path
allocation rule f and the VCG-based payment rule p. Let
c¢i(m;) = max(v;, ¢;|m;|) as above. Then

(i) The mechanism (f,p) is individually rational.

(ii) For all agents i and reported types 7, p;(7) > 0.
That is, the mechanism has no negative payments.

The proof is in the appendix.

A welfare-maximizing MAPF algorithm fulfills MIR as
long as two conditions are met. First, an agent cannot change
the range of assignments explored by the algorithm by mis-
reporting. Second, the algorithm breaks ties between equal-
length paths in a way that is independent of the agents’ reports
(which we assume). Together, they ensure that the mecha-
nism constructs the same range for all possible agent reports.

Standard suboptimal MAPF algorithms like EECBS [Li er
al., 2021] may be a natural first target in search of scalability.
Yet, none, to our knowledge, fulfill the MIR property, as their
search tree expansion makes use of heuristics that agents can
influence by misreporting their cost. Both of our suboptimal
mechanisms use priority-based allocation rules. We show that
this class of MAPF algorithms can be altered in natural ways
to achieve MIR and thus strategyproofness.

4 Mechanisms

We present three mechanisms that solve the classical MAPF
problem formulation for self-interested agents. All three ful-
fill the mechanism design desiderata of strategyproofness, in-
dividual rationality and no negative payments.

4.1 Payment-CBS (PCBS)

PCBS constitutes our optimal benchmark mechanism. Given
reported agent types, it first finds a reported social welfare
maximizing allocation d* € D using conflict-based search
(CBS) [Sharon et al., 2015] and then charges agents VCG
payments. As it fulfills the definition of a VCG mechanism,
it is strategyproof (see Proof of Lemma 1), and by Lemma 2
it is individually rational and charges no negative payments.
While EPBS and MCPP compute all outcomes within their
range before selecting the welfare-maximal one, PCBS does

“MCPP and EPBS treat empty, O-welfare paths as space unavail-
able to lower priority agents, a necessary compromise to avoid pos-
itive externalities and enable computational cheapness of payments.
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not. To find the VCG payment for an agent, CBS must be
run on the setting excluding that agent in order to obtain the
counterfactual d* ;. In total, the mechanism runs CBS once to
find the optimal allocation d* and again foreachi =1,...,n
to compute d* ; and thus p;. However, these runs could occur
in parallel, reducing PCBS’s real runtime to that of regular
CBS’ (given sufficiently many CPUs). While it thus shares
a level of limited scalability with the main optimal, strate-
gyproof benchmark of iBundle [Amir er al., 2014], PCBS
eliminates iBundle’s prohibitive communication complexity.

4.2 Exhaustive-PBS (EPBS)

Our EPBS mechanism, derived from priority-based search
(PBS) [Ma et al., 20191, illustrates how a suboptimal MAPF
algorithm can be adapted to fulfill the MIR property. Using
a two-stage algorithm it constructs a priority ordering, i.e. a
strict partial order on the set of agents. Starting from an empty
priority ordering and a set of individually optimal but collid-
ing paths, it builds a search tree where each node contains a
priority ordering and a movement plan with its cost and list of
collisions. It iteratively expands a node, picks a collision be-
tween two agents and resolves it by expanding into two child
nodes, which each add one of the two possible priority rela-
tions between the two agents to its priority ordering, ensuring
that the priority ordering stays transitive. Paths are re-planned
using the new priority ordering with a single-agent low-level
search such as A*, collisions are tracked, welfare is calcu-
lated, and the next node is expanded. Once all nodes are ex-
panded to collision-free leaves, EPBS terminates and returns
the highest welfare leaf node’s allocation. In contrast, PBS
uses depth-first search, expanding the highest-welfare child
and terminating once a single node is collision-free.

To achieve welfare-maximizing allocations with certainty,
we would in principle need to search through, and construct
assignments for, all possible priority orderings. Using the
MIR property, we reduce the size of our search space to just
the leaves of EPBS’s search tree. The search tree’s depth is
O(n?), as each node expansion adds one pair of agents to the
priority ordering and no branch can add the same pair twice.

While finding the allocation d* in the worst case thus scales
exponentially with the number of agents, by fully expanding
its search tree EPBS calculates all outcomes within its range
in one go. Due to the variation we make in defining VCG-
based payments, the range includes all counterfactuals d* ,.
Thus, to run the mechanism, meaning to find d* and calculate
all payments p;, the search tree needs to be constructed only
once.’ Building this tree could be parallelized to some de-
gree [Swiechowski et al., 2023] (although we have not done
so in this work), as each new child node’s path replanning task
based on its unique ordering requires only the information in
its parent node and does not need to access a data structure
that is shared with nodes other than its own future children.

3Here we touch on a fundamental question in algorithmic mech-
anism design posed by [Nisan and Ronen, 2001]: How often does
one need to solve the underlying optimization problem to obtain n
agents’ VCG payments? Hershberger and Suri [2001] prove that the
answer is one in the domain of finding a shortest path in a network
where edges with costs represent self-interested agents.
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Proposition 1. EPBS is strategyproof.

Proof. EPBS uses a lexicographic ordering of agents (which
we assume to be fixed) and their reports of start- and goal ver-
tices (which we assume to not be misreportable) for exploring
assignments. Given a set of agent types that vary only in mis-
reportable information, namely costs ¢; and values v;, EPBS
constructs the same search tree from each set, resulting in the
same set of leaf nodes that contain collision-free assignments
Dpgs. Therefore this set of assignments fulfills the definition
of EPBS’s range. Since EPBS chooses the welfare maximiz-
ing assignment over Dpgg, it fulfills MIR and is thus made
strategyproof by its payments according to Lemma 1. O

Corollary 1. EPBS is individually rational and has non-
negative payments.

The proof follows directly from Lemma 2.

4.3 Monte-Carlo Prioritized Planning (MCPP)

MCPP demonstrates how MIR allows for creating strate-
gyproof MAPF mechanisms that scale to the theoretical opti-
mum, at the cost of suboptimality. Our solution utilizes pri-
oritized planning (PP) [Erdmann and Lozano-Perez, 1987].
In contrast to (E)PBS, PP takes as an input a total priority
ordering > and expands it into a set of conflict-free paths by
sequentially assigning each agent (starting with the highest
priority one) the shortest possible path that avoids all agents
of higher priority. In this way, calculating one assignment
takes only n low-level path-finding searches.

Our MCPP mechanism (see Mechanism 1) samples a sub-
set O of all possible total priority orderings in a way that is
independent of agent reports, then runs prioritized planning
on each ordering in O yielding a range of path assignments
Do, selects the welfare-maximizing assignment d* € Do
and charges VCG-based payments. Concretely, MCPP ran-
domly samples m total priority orderings from the space of
n! possible ones. We can directly trade off computational ef-
ficiency and optimality by changing the number of samples
m. Increasing m increases the probability of O containing
orderings that generate near-optimal assignments, and thus
the expected welfare of MCPP. We avoid the usually costly
computation of counterfactual outcomes for the VCG pay-
ments, as the counterfactual d* ; is selected from the range
Do, which is already fully explored during the finding of d*.
The computational complexity of MCPP therefore scales lin-
early with the number of agents and the number of samples
m that are selected, a drastic improvement over the exponen-
tial scaling of PCBS, EPBS and auction-based strategyproof
MAPF mechanisms. As the sampled orderings are indepen-
dent, their m outcomes could be calculated in parallel, result-
ing in a real runtime for MCPP of just n calls of A*.

Proposition 2. MCPP is strategyproof.

Proof. MCPP generates a subset O of priority orderings
without considering agent reports. Since each ordering >
in O corresponds to a unique path assignment d., the set
Do = {d.| =€ O} fulfills the definition of MCPP’s range.
As MCPP chooses the welfare-maximising assignment over
D., it fulfills MIR and is thus made strategyproof by its pay-
ments according to Lemma 1. O
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Mechanism 1: MCPP
Input: Agent reports (71, . ..
Output: Conflict-free paths (7, .. .,

payments (p1, ..., pn)
Allocation rule: Prioritized Planning
Draw a set O of m total priority orderings >
independently from agent reports.
for ~c O do
| de < PP(>)
Result: set of assignments {d,.| =€ O} = Dp, each
assignment contains conflict-free paths (71, ..., 7,)
w(d) + > (vi — e(nf)) forall d € Do
d* < argmax,cp w(d), the welfare maximising
assignment over Do

,Tn)» No. of samples m
) and

-

[

oW

Payment rule: VCG-based payments

for agentsi =1,...,ndo
w_i(d) < 3254 (v; — C(?T;—i)) foralld € Do
d*; + argmax ep,, w—i(d)
pi < w—i(d*;) —w_;(d")

Assign each agent ¢ the path ; € d*

Charge each agent i the payment p;

wn

E I

Corollary 2. MCPP is individually rational and has non-
negative payments.

The proof follows directly from Lemma 2.

Remark. If there is public knowledge about agents, we can
also incorporate it. For example, if it is known that an agent
generally has high costs across all problem instances, we can
improve the expected welfare of the mechanism by restricting
O to total orders that assign that agent a high priority.

5 Experiments

Our experiments verify that our mechanisms’ behavior fol-
lows our claims on optimality, scalability, and payments. Our
benchmarks are strategyproof mechanisms whose allocation
rule solves classical MAPF, iBundle [Amir et al., 2015] be-
ing the most advanced competition. We could not obtain its
reference implementation to be able to accurately compare
runtimes. In the original benchmarks [Amir et al., 2014],
iBundle shows similar scalability as CBS. As our PCBS, if
parallelized, has identical time complexity as CBS, the com-
parison can be extrapolated. We also do not compare scala-
bility against SOTA approximate MAPF algorithms, as they
are not strategyproof and feature structures unsuited for agent
cost-weighted social welfare objectives.

5.1 Experiment Setup

We evaluate payment-CBS (PCBS), exhaustive-PBS (EPBS)
and Monte-Carlo prioritized planning (MCPP) on four 2D
maps selected from the commonly used MAPF benchmarks
by Stern et al. [2019]. The appendix contains evaluations on
derived 3D maps. We include the so-called First-Come-First-
Serve (FCFES) allocation rule, which runs prioritized planning
on a single randomly sampled priority ordering as a lower
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bound for achieved welfare and runtime, and does not in-
clude payments. While suboptimal, it is the best pre-existing
mechanism that scales to larger instances and is used in prac-
tice, e.g., in the EU’s regulation on assigning airspace to
drone traffic [The European Commission, 2021]. We inde-
pendently sample each agent’s value from 2/([0, 1]) and cost
from U([0,v;/dist(s;, g;)]), where dist(s;, g;) is the length
of the shortest path from s; to g; in isolation. This ensures
that near-optimal paths are likely to result in positive welfare.
MCPP uses a sample size of m = 100, except in Figure 1.
Each run uses a set of 100 instances. We set a runtime limit
for all mechanisms at 3600 seconds for the random-32-32-20
and dens312d maps and 5400 seconds for the dens520d and
Paris-1-256 maps. Success rate refers to the fraction of runs
that finish within the time limit. The runtime for individual
runs that do not finish within the limit is set to the limit. We
did not use parallelized implementations of our mechanisms.
Our code was implemented in C++ and ran on a 2x12-core
Intel Xeon E5-2650v4 machine with 128 GB of RAM.

5.2 Results

Figure 1 compares the success rate, runtime and welfare over
FCFS of MCPP with different sample sizes m on the random-
32-32-20 map. It demonstrates MCPP’s ability to trade off
scalability with solution quality as a function of sample size.
As the number of agents and thus congestion increases, the
average runtime of finding single shortest paths does too (for
all mechanisms solving MAPF!), causing MCPP’s apparent
superlinear scaling.

Figure 2 compares our three mechanisms and FCFS on
the standard MAPF metrics of runtime and success rate, and
shows their achieved mean welfare over all instances as the
ratio when divided over FCFS’s welfare. If a mechanism
for a given map and number of agents fails to solve all in-
stances, we do not plot their welfare. All mechanisms, includ-
ing FCFS which does not use payments, are strategyproof.
FCFS, being essentially 1-sample MCPP without payments,
serves as the baseline with fastest runtime and lowest wel-
fare. PCBS, using the optimal CBS algorithm, shows the
highest welfare but fails to scale to larger instances within
our time limit. EPBS, using the suboptimal PBS algorithm,
scales similarly. We would expect to see more differentiation
in achieved welfare of these two mechanisms at settings with
more agents and thus more collisions, where allocation deci-
sions have a bigger impact on welfare. To observe this be-
haviour, one could parallelize PCBS, EPBS and MCPP (see
Section 4) or increase the runtime limit. The figure demon-
strates the exceptional scalability of MCPP compared to the
search-based PCBS and EPBS while improving over the wel-
fare baseline. The magnitude of welfare difference between
the mechanisms depends on the choice of cost and value dis-
tributions and can be increased at will by e.g. employing
higher variance distributions (see appendix).

Figure 3 shows the size of the VCG-based payments for
a fixed mechanism, map and number of agents. We observe
that payments are indeed non-negative, and overwhelmingly
zero or very small. This indicates that in this setting, agents
cause few externalities to others.
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Figure 2: Success rate, runtime, and ratio-to-baseline of social welfare (SW) for PCBS, EPBS, MCPP and FCFS (the baseline). Solid lines
indicate the average value over 100 instances, while the shaded area is the 95% confidence interval. Maximum agent numbers are 3000
for random-32-32-20, 1000 for den312d and 1500 for Paris_1_256 and den520d. Agent numbers between 5 and 40 are shown in higher
granularity than between 40 and the maximum to illustrate scaling differences.

6 Conclusion

Histogram of Payments

We introduced a domain that bridges the gap between mech-

10°
anism design and MAPF, where paths are allocated in the
>10“ standard MAPF formulation but agents might make self-
g 0 interested misreports of their costs and values.
(]
% We presented three mechanisms — PCBS, EPBS and MCPP
- 107 — that are strategyproof, individually rational and have no

negative payments, and which combine MAPF allocation al-
gorithms with a VCG-based payment rule.

We showed how using the maximal-in-range (MIR) prop-

00 01 02 03 04 05 06 07 08
Payments erty, suboptimal MAPF allocation mechanisms like EPBS

) ) ) and MCPP can be made strategyproof.
1:;%2;_3312_?22300;1;;}];1 672 tS:folrg ;%e agigtl?) gzgﬁiﬂf;’ in Otﬁeﬂ;f Future research’could. find more sqalable MAPF algorithms
axis is scaled logarithmically. that fulfil MIR or investigate improving the welfare of subop-
timal MIR-fulfilling MAPF algorithms by adjusting the range

using non-misreportable agent type information.
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