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Abstract

Multi-Agent Path Finding (MAPF) has been widely studied
in the AI community. For example, Conflict-Based Search
(CBS) is a state-of-the-art MAPF algorithm based on a two-
level tree-search. However, previous MAPF algorithms as-
sume that an agent occupies only a single location at any
given time, e.g., a single cell in a grid. This limits their ap-
plicability in many real-world domains that have geometric
agents in lieu of point agents. Geometric agents are referred
to as “large” agents because they can occupy multiple points
at the same time. In this paper, we formalize and study LA-
MAPF, i.e., MAPF for large agents. We first show how CBS
can be adapted to solve LA-MAPF. We then present a gen-
eralized version of CBS, called Multi-Constraint CBS (MC-
CBS), that adds multiple constraints (instead of one con-
straint) for an agent when it generates a high-level search
node. We introduce three different approaches to choose
such constraints as well as an approach to compute admis-
sible heuristics for the high-level search. Experimental re-
sults show that all MC-CBS variants outperform CBS by up
to three orders of magnitude in terms of runtime. The best
variant also outperforms EPEA* (a state-of-the-art A*-based
MAPF solver) in all cases and MDD-SAT (a state-of-the-art
reduction-based MAPF solver) in some cases.

1 Introduction

In robotics and computer games, one has to find collision-
free paths for multiple agents operating in a common envi-
ronment. This has led to the study of Multi-Agent Path Find-
ing (MAPF) in the AI community, where we are required to
find a path for each agent from its given start vertex to its
given goal vertex on a given graph such that no two agents
collide with each other at any given time. MAPF can be ap-
plied to warehouse robots (Wurman, D’Andrea, and Mountz
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2008), office robots (Veloso et al. 2015), aircraft-towing ve-
hicles (Morris et al. 2016), video game characters (Ma et al.
2017) and many other domains.

Numerous optimal MAPF algorithms have been devel-
oped in recent years, including reduction-based algorithms
(Yu and LaValle 2013a; Erdem et al. 2013; Surynek et
al. 2016), A*-based algorithms (Standley 2010; Wagner
and Choset 2011; Goldenberg et al. 2014) and dedicated
search-based algorithms (Sharon et al. 2013; 2015; Bo-
yarski et al. 2015; Felner et al. 2018). See (Ma et al. 2016a;
Felner et al. 2017) for complete surveys.

Although previous MAPF algorithms have found some
real-world applications (Hönig et al. 2016), they are based
on one simplistic assumption that limits their applicability.
This assumption is to ignore the shape of agents and con-
sider them as point agents, which occupy exactly one point
at any time. In reality, agents are geometric in nature with
definite shapes. Therefore, they typically occupy a set of
points at any time. We refer to such agents as large agents.
MAPF algorithms can be applied to large agents by lower-
ing the resolution of discretization of the environment. How-
ever, this degrades their performance and thus their practical
applicability.

To address these concerns, we formally study Multi-Agent
Path Finding for Large Agents (LA-MAPF) which takes into
consideration the shapes of agents. This consideration also
addresses the case where agents have to maintain a safety
distance from each other since a virtual boundary can now
be defined for each agent. Intuitively, LA-MAPF is harder to
solve than MAPF since it is a generalization of MAPF and
agents are more likely to collide with each other.

The remainder of the paper is organized as follows. In
Section 2, we formalize the LA-MAPF problem. In Sec-
tion 3, we solve LA-MAPF by a straightforward adaption
of a state-of-the-art search-based MAPF solver, Conflict-
Based Search (CBS) (Sharon et al. 2015), and analyze its
poor performance. In Section 4, we present a new algorithm,
called Multi-Constraint CBS (MC-CBS), that improves CBS
by adding multiple constraints in a high-level node expan-
sion. We propose three different approaches to choose such
constraints as well as a special constraint representation for
regular shaped agents. In Section 5, we explain how to com-
pute heuristics for the high-level search of MC-CBS. In Sec-
tion 6, we compare the performances of adapted CBS, vari-





paths. If they are conflict-free, then N is a goal node and
CBS returns its paths. Otherwise, the high level arbitrarily
chooses and resolves a vertex conflict 〈ai, aj , u, v, t〉 (u = v
in MAPF) or an edge conflict 〈ai, aj , u1, u2, v1, v2, t〉 (u1 =
v2 and u2 = v1 in MAPF) by splitting N into two child
CT nodes, N1 and N2, that inherit all constraints and paths
from N . The high level also adds a new vertex constraint
〈ai, u, t〉 or edge constraint 〈ai, u1, u2, t〉 to N1 and a new
vertex constraint 〈aj , v, t〉 or edge constraint 〈aj , v1, v2, t〉
to N2 and then runs a low-level search for both child nodes
to find shortest paths for all agents that satisfy the new set of
constraints in each of them. Since each child node has one
additional constraint imposed on only one agent, the low-
level search needs to re-plan the path for only that one agent.

Improved CBS (ICBS) (Boyarski et al. 2015) improves
CBS by classifying conflicts and choosing to resolve car-
dinal conflicts first. A conflict is cardinal if, when CBS
uses this conflict to split a CT node, the cost of each one
of the two resulting child nodes is larger than the cost of
the CT node. CBSH (Felner et al. 2018) improves it further
by aggregating cardinal conflicts and computing admissible
heuristics to guide the high-level search.

3.2 CBS for LA-MAPF

Similar to techniques used in (Hönig et al. 2018), CBS can
be directly adapted to LA-MAPF by considering generalized
conflicts and changing the conflict detection function to the
one discussed in Section 2. However, the resulting version
of CBS is very inefficient for large agents. For example, in
Figure 1(a), a1 tries to move from (3, 0) to (3, 4), and a2
tries to move from (0, 1) to (3, 1). In the CT root node, both
agents follow their individual shortest paths and have vertex
conflicts at timesteps 1, 2 and 3. The drawing is a snapshot
that shows their vertex conflict at timestep 3. If CBS chooses
to resolve this vertex conflict, then the right child node has
a new constraint 〈a2, (3, 1), 3〉. a2 is forced to wait for one
timestep and thus stays at vertex (2, 1) at timestep 3. How-
ever, a2 then still conflicts with a1 at timestep 3 in this child
node. The conflict between a1 and a2 at timestep 3 is there-
fore not resolved by this split. Although it will be resolved
eventually, many intermediate CT nodes are generated.

4 Multi-Constraint CBS (MC-CBS)

The above observations motivate the idea of adding multi-
ple constraints in a single CT node expansion. We present
a new algorithm, MC-CBS, which adds multiple constraints
for the same timestep to child nodes in order to resolve mul-
tiple related conflicts in a single CT node expansion, which
resembles lookahead reasoning at the high level and can re-
sult in smaller CTs, thus making the search more efficient.

We say that two vertex or edge constraints for ai and aj
respectively are mutually disjunctive iff any pair of conflict-
free paths for ai and aj satisfies at least one of the two
constraints, i.e., there do not exist two conflict-free paths
such that both constraints are violated. In particular, the con-
straints that CBS adds to two child nodes are always mutu-
ally disjunctive. We say that two sets of constraints are mu-
tually disjunctive iff each constraint in one set is mutually

disjunctive with each constraint in the other set. Intuitively,
working with mutually disjunctive constraint sets gives us
the power of constraint propagation.

When MC-CBS resolves a conflict 〈ai, aj , u, v, t〉 (or
〈ai, aj , u1, u2, v1, v2, t〉) in a CT node N , it generates two
child nodes with N ’s current constraint set and additional
constraint sets, C1 and C2, respectively:

1. C1 and C2 include the core constraints that CBS uses to
resolve the conflict, i.e., 〈ai, u, t〉 ∈ C1 and 〈aj , v, t〉 ∈
C2 (or 〈ai, u1, u2, t〉 ∈ C1 and 〈aj , v1, v2, t〉 ∈ C2).

2. C1 and C2 are enhanced with other constraints that ensure
that C1 and C2 remain mutually disjunctive.

Different strategies for choosing C1 and C2 are discussed
in Sections 4.1 and 4.2. Here, we show that MC-CBS is com-
plete and optimal.

Lemma 1 (Optimality). If MC-CBS terminates, it returns a
set of conflict-free paths with the minimum sum of costs.

Proof. The proof has two parts. We first show that, for a
given CT node N with constraint set C, any set of conflict-
free paths that satisfy C also satisfy at least one of the con-
straint sets C

⋃
C1 and C

⋃
C2. This is true because, oth-

erwise, there would exist two conflict-free paths such that
both of them are consistent with C but one path violates a
constraint c1 ∈ C1 and the other one violates a constraint
c2 ∈ C2. Then, c1 and c2 are not mutually disjunctive, con-
tradicting the assumption. Therefore, the expansion of a CT
node does not lose any set of conflict-free paths.

The second part is the same as the proof of optimality for
CBS (Sharon et al. 2015). The cost of a CT node is a lower
bound on the sum of costs of conflict-free paths that satisfy
its constraint set. The high-level search chooses to expand a
CT node with minimum cost and the expansion does not lose
any conflict-free paths. So the cost of the chosen CT node is
always a lower bound on the sum of costs of all conflict-free
paths. Therefore, the set of paths of the first CT node chosen
for expansion whose paths are conflict-free is indeed a set of
conflict-free paths with the minimum sum of costs.

Lemma 2 (Completeness). MC-CBS terminates if there ex-
ists a set of conflict-free paths.

Proof. The costs of CT nodes are non-decreasing in expan-
sion order because MC-CBS runs a best-first search and the
costs of child nodes are at least as large as the costs of their
parents. In addition, there are a finite number of CT nodes
for a given cost c, because there are only a finite number of
possible conflicts within c timesteps and, once a conflict is
resolved at CT node N , it does not reappear in the subtree
of N . Therefore, a set of conflict-free paths must be found
after expanding a finite number of CT nodes.

There are numerous ways to generalize the core con-
straints to two mutually disjunctive constraint sets for MC-
CBS. For example, in Figure 1(a), the two sets first in-
clude the core constraints, i.e., C1 = {〈a1, (3, 3), 3〉} and
C2 = {〈a2, (3, 1), 3〉}. We can add constraints for other ver-
tices to C1 and C2, such as 〈a2, (2, 1), 3〉 to C2 (because a1
being at (3, 3) conflicts with a2 being at (2, 1)). We can also



add constraints for other timesteps, such as 〈a2, (3, 2), 4〉
to C2 (because, no matter where a1 moves from (3, 3) at
timestep 3, it conflicts with a2 being at (3, 2) at timestep 4).

In this paper, we only add constraints for the same
timestep to keep MC-CBS simple. In general, it is hard to
determine whether two constraints for different timesteps
are mutually disjunctive. Moreover, we can often find equiv-
alent (e.g., block the same set of paths) or better (e.g.,
block a larger set of paths) constraint sets to add for the
same timestep. In Figure 1(a), the pair of constraint sets
{〈a1, (3, 3), 3〉} and {〈a2, (3, 1), 3〉, 〈a2, (3, 2), 4〉} is no
better than the pair of constraint sets {〈a1, (3, 3), 3〉} and
{〈a2, (x, y), 3〉 | 2 ≤ x ≤ 4, 1 ≤ y ≤ 3} because a2 can
only be at vertex (x, y), 2 ≤ x ≤ 4, 1 ≤ y ≤ 3, at timestep
3 to reach vertex (3, 2) at timestep 4.

In Sections 4.1 and 4.2, we introduce three approaches
for choosing constraint sets for MC-CBS. In Section 4.3,
we present a new representation of constraint sets to speed
up MC-CBS for regular shaped agents. We only discuss the
constraint sets for vertex conflicts since the constraint sets
for edge conflicts can be derived analogously.

4.1 Asymmetric and Symmetric Approaches

Consider the resolution of a vertex conflict 〈ai, aj , u, v, t〉.
Two mutually disjunctive constraint sets can be built asym-
metrically or symmetrically.2

1. The asymmetric approach (ASYM) adds a constraint set
of size one {〈ai, u, t〉} to the left child node that prohibits
agent ai from being at its current vertex v at timestep t
and a large constraint set {〈aj , v

′, t〉 | 〈ai, aj , u, v
′, t〉 is a

vertex conflict} to the right child node that prohibits agent
aj from being at any vertex at timestep t where it could
collide with ai.

2. The symmetric approach (SYM) chooses a point p in the
Euclidean space that is inside the overlap area Si(u) ∩
Sj(v), and then adds one constraint set to each child node.
The constraint set blocks all vertices that the agent could
be at while including p in its shape, i.e., C1 = {〈ai, v

′, t〉 |
p ∈ Si(v

′), v′ ∈ V } and C2 = {〈aj , v
′, t〉 | p ∈

Sj(v
′), v′ ∈ V }. Unlike ASYM, that adds a constraint

set of size one to one child node and a large constraint
set to the other child node, SYM adds constraint sets of
similar cardinalities to both child nodes.

For example, in Figure 1(a), ASYM adds {〈a1, (3, 3), 3〉}
to one child node and {〈a2, (x, y), 3〉 | 1 ≤ x, y ≤ 4} to
the other child node. But SYM adds {〈a1, (x, y), 3〉 | 2 ≤
x, y ≤ 3} to one child node and {〈a2, (x, y), 3〉 | 1 ≤
x, y ≤ 3} to the other child node when the chosen point
p is (3.25, 3.25). Thus, ASYM adds 17 constraints in to-
tal while SYM adds only 13 constraints in total. However,
we empirically show in Section 6.1 that SYM usually out-
performs ASYM, perhaps because SYM usually has more
pairs of mutually disjunctive constraints, e.g., 36 pairs in this

2Atzmon et al. (2018) introduced similar asymmetric and sym-
metric approaches to add multiple constraints, although they stud-
ied a different problem and added constraints for the same vertex
at different timesteps.

example. Since each such pair may block some conflicting
paths, SYM usually results in smaller search spaces.

Another important observation is that not all constraints
generated by SYM or ASYM are relevant. Some con-
straints are irrelevant because they block vertices that are
not reachable by the agents at the given timestep, such as
〈a2, (4, 1), 3〉 given that the start vertex of ai is (0, 1), and
some constraints are less relevant because they block the ver-
tices that can be reached only when paths are very long, such
as 〈a2, (1, 4), 3〉 given that the start vertex and the goal ver-
tex of a2 are (0, 1) and (3, 1), respectively. Therefore, we
present a more intelligent approach that aims to add more
relevant constraints in the next section.

4.2 Maximizing the Costs of Child Nodes

When splitting a CT node, large costs of both child nodes
mean more progress for the high-level search. Thus, the
costs of the child nodes can be used to measure the relevance
of a constraint set. ICBS (Boyarski et al. 2015) utilizes this
insight by choosing cardinal conflicts whenever available,
where both child nodes have higher costs than their parent
node. Here, we try to find a pair of constraint sets where the
child nodes have the highest possible costs.

Calculating the weights of constraint sets. A Multi-
Valued Decision Diagram (MDD) (Sharon et al. 2013)
MDDµ

i is a directed acyclic graph that consists of all paths
of cost µ for agent ai from its start vertex to its goal vertex.
All nodes at depth t of MDDµ

i correspond to all vertices
where ai can be at timestep t en route such a path. There-
fore, if a constraint set for timestep t blocks all vertices of
MDDµ

i at depth t, the cost of the agent’s new path is at
least µ+ 1 after adding it. Conversely, if a constraint set for
timestep t does not block all vertices of MDDµ

i at depth t,
the cost of the agent’s new path is at most µ after adding it.

ICBS uses MDDµ
i to predict whether the cost of ai’s path

is µ or higher after adding a constraint. Here, we generalize

this idea and use MDDµ+d
i to predict whether the cost of

ai’s path is µ, . . . , µ+ d or at least µ+ d+ 1 after adding a
constraint set. d ∈ N is called the lookahead depth, and the
predicted cost increment in {0, 1, . . . , d + 1} is called the
weight of the constraint set.

Given a CT node N and an agent ai whose path is of

cost µ, we build MDDµ+d
i . During this construction, we

also assign a weight w to each MDD node (v, t) such that
µ + w equals the cost of ai’s shortest path moving from its
start vertex to its goal vertex via vertex v at timestep t, i.e.,

(v, t) ∈ MDDµ+w
i and (v, t) /∈ MDDµ+w−1

i . The weight
of a constraint set C ′ for ai at timestep t is calculated as
follows. Consider all MDD nodes at depth t: (1) If C ′ does
not block all MDD nodes with weight 0, then the cost of ai’s
path after adding C ′ does not change, and thus the weight of
C ′ is 0. (2) Otherwise, if C ′ blocks all MDD nodes with
weights no more than w (0 ≤ w < d) but does not block all
MDD nodes with weight w + 1, then the cost of ai’s path
after adding C ′ increases by exactly w + 1, and thus the
weight of C ′ is w + 1. (3) Otherwise, C ′ blocks all MDD
nodes, the cost of ai’s path after adding C ′ increases by at
least d+ 1, and thus the weight of C ′ is d+ 1.



Algorithm 1: A template for MaxWeight-d.

Input: Vertex conflict 〈ai, aj , u, v, t〉, and depth d.
Output: Constraint sets, C1 and C2, and weights, w1 and

w2.
1 C1 ← {〈ai, u, t〉};
2 C2 ← {〈aj , v

′, t〉 | 〈ai, aj , u, v
′, t〉 is a vertex conflict};

3 w1 ← getWeight(C1); w2 ← getWeight(C2);

4 for w′

1 = w1 + 1 : d+ 1 do

5 C′

1 ← {〈ai, u
′, t〉 | (u′, t) ∈MDDµ+d

i and its weight

< w′

1}// µ is the cost of ai’s shortest path.

6 C′

2 ← {〈aj , v
′, t〉 | 〈aj , v

′, t〉 is mutually disjunctive

with every constraint in C′

1};
7 if 〈aj , v, t〉 /∈ C′

2 then
8 break;

9 w′

2 ← getWeight(C′

2);

10 if {w′

1, w
′

2} is better than {w1, w2} then

11 C1, C2, w1, w2 ← C′

1, C
′

2, w
′

1, w
′

2;

12 return C1, C2, w1 and w2;

Maximizing the weights of constraint sets. We can now
design a new approach for choosing constraint sets for MC-
CBS based on maximizing their weights. We refer to this
approach as MaxWeight-d (MAX-d or MAX for short). It
builds MDDs for both agents with lookahead depth d and
chooses the best pair of constraint sets, i.e, the pair that max-
imizes the smaller weight of the two. It breaks ties by pre-
ferring the pair with the maximum sum of weights.

Algorithm 1 shows the pseudo-code for MAX. It enumer-
ates all possible weights of C1 and, for each possible weight,
computes the maximum weight of C2 such that C2 includes
the core constraint and is mutually disjunctive with C1. Ini-
tially, it regards the pair of constraint sets generated by
ASYM as the best pair seen so far (Lines 1-3). It then itera-
tively increases the weight w′

1 of the first constraint set (Line
4). In each iteration, it first chooses C ′

1 to be of minimum
size for the given weight w′

1 (Line 5), i.e., C ′

1 only blocks
those MDD nodes whose weights are smaller than w′

1. It
then builds C ′

2 of maximum size to be mutually disjunctive
with C ′

1 (Line 6). If the core constraint 〈aj , v, t〉 /∈ C ′

2, indi-
cating that C ′

1 cannot have a weight equal to or larger than
w′

1, it just returns the best constraint sets and weights found
so far (Lines 7-8). Otherwise, it computes the weight of C ′

2
(Line 9) and updates the best constraint sets and weights if
necessary (Lines 10-11).

Algorithm 1 is shown only for vertex conflicts for ease of
explanation. When expanding a CT node in MC-CBS, we
run Algorithm 1 for all vertex conflicts and edge conflicts
and choose to resolve the conflict with the best constraint
sets. Particularly, the smaller weight of two constraint sets
for cardinal conflicts is always at least one, and the smaller
weight of two constraint sets for other conflicts is always
zero. Therefore, cardinal conflicts still have higher priority
than other conflicts, which is consistent with the conflicts
prioritization of ICBS.

4.3 Constraints for Regular Shaped Agents

Agents often have regular shapes, such as rectangles and cir-
cles in a 2D space or cuboids and spheres in a 3D space. In
such cases, two mutually disjunctive constraint sets have ge-
ometric representations that can be leveraged for computa-
tional benefits.

For example, when all agents are rectangular, an agent ai
of size ~si = (s

(1)
i , s

(2)
i ) whose reference point is the point

with minimum coordinates has Si(v) = {~p | ~v ≤ ~p ≤ ~v +
~si}. Here, ~v is the vector representation of vertex v and the
vector inequalities indicate that the inequalities hold for both
dimensions. The tuple 〈ai, aj , u, v, t〉 is a vertex conflict iff

Si(u) ∩ Sj(v) 6= ∅ or, equivalently,

−~sj ≤ ~v − ~u ≤ ~si. (1)

A rectangle constraint of the form 〈ai, ~umin, ~umax, t〉 can
be used to represent a constraint set that prohibits agent
ai from being in the rectangular area {v | ~umin ≤ ~v ≤
~umax} at timestep t. We say that two rectangle constraints
〈ai, ~umin, ~umax, t〉 and 〈aj , ~vmin, ~vmax, t〉 are mutually dis-
junctive iff their corresponding constraint sets are mutu-
ally disjunctive or, equivalently, −~sj ≤ ~vmin − ~umax and
~vmax − ~umin ≤ ~si.

We can replace the constraint sets C1 and C2 for MC-CBS
by two rectangle constraints. Instead of checking for each
pair of constraints in C1 and C2 whether they are mutually
disjunctive we need to only check two diagonal vertices, and
all approaches in Sections 4.1 and 4.2 can thus be simplified.

For some other regular shaped agents, such as circle,
cuboid or sphere shaped agents, we can use similar repre-
sentations and thus simplify MC-CBS as well.

5 Adding Heuristics to MC-CBS
Felner et al. (2018) improve CBS by adding heuristics to the
high-level search. A CT node’s g-value is its cost, and its ad-
missible heuristic is the cost of the minimum vertex cover of
an unweighted conflict graph. The conflict graph has ver-
tices representing agents and edges representing cardinal
conflicts between agents. Here, we generalize this model
to a weighted conflict graph GCF = (VCF , ECF ), where
each vertex vi ∈ VCF represents an agent ai, each edge
(vi, vj) ∈ ECF represents cardinal conflicts between agents
ai and aj , and each pair of weights wij and wji for edge

(vi, vj) represents that either ai has to increase its cost by at
least wij or aj has to increase its cost by at least wji in order
to resolve this conflict. In MC-CBS, we use the weights of
C1 and C2 for wij and wji, respectively. Then, the optimal
solution of the following Integer Linear Program (ILP) is an
admissible heuristic:

minimize
k∑

i=1

ci (2)

s.t. ci ≥ wijxij , 1 ≤ i, j ≤ k, i 6= j

xij + xji ≥ 1, 1 ≤ i < j ≤ k

xij ∈ {0, 1}, 1 ≤ i, j ≤ k, i 6= j,

where ci is a variable that represents the minimum cost that
ai’s path has to increase, and xij is a Boolean variable that
represents whether the conflict between ai and aj is resolved
by increasing the cost of ai’s path. The minimum vertex







encode movement rules for reference points, “at-most-one”

constraints
∑k

i=1 Y
t
v(ai) ≤ 1 are used to disallow collisions

between agents.

Results. Figures 3(a) and 3(b) present the success rates
and runtimes on the small map. MAD-SAT dominates all
other algorithms in terms of success rates within 5 minutes.
When we vary the runtime limit, MAX-2 has the highest
success rate when the runtime limit is less than 10 s (where
instances are relatively easy), while MDD-SAT has the high-
est success rate when the runtime limit is more than 10 s
(where instances are more difficult). Figures 3(c) and 3(d)
present the success rates and runtimes on the large game
map. MAX-2 significantly outperforms all other algorithms
in all cases except when the runtime limit is less than 0.1 s.

Although it is hard to predict the performances of the al-
gorithms in all domains, we can give some guidance based
on these observations and analysis. MDD-SAT is strong for
difficult problems in small domains. MAX is strong for easy
problems or in large domains, despite the fact that its looka-
head depth needs to be set appropriately.

7 Conclusions and Future Work

In this paper, we generalized MAPF to a practically viable
version, called LA-MAPF, that takes into consideration the
shapes of agents. We presented MC-CBS, a new algorithm
that improves CBS by adding multiple constraints during the
expansion of a CT node. Unlike CBS, the MC-CBS allows
us to resolve multiple related conflicts in one shot, while also
generalizing the use of the minimum vertex cover for heuris-
tic guidance of the high-level search. We proposed three ap-
proaches for choosing the constraints as well as an approach
for computing the heuristics. Empirically, we showed that all
MC-CBS variants outperform CBS by up to three orders of
magnitude in terms of runtime, and the best variant also out-
performs EPEA* in all cases and MDD-SAT in some cases.

There are many directions for future work. For example,
we could study the problem that allows the rotation of shapes
and develop sub-optimal LA-MAPF solvers, with the expec-
tation that they would be more scalable than optimal ones.
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