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Abstract
Both the assignment problem and the multi-agent pathfinding problem are common
problems in the fields of robotics and transportation. The joint problem of multi-agent
pathfinding extended with the assignment of goals to agents, matching, is something
that has not been studied much; few methods exist today that solve it. In this work,
two types of algorithms based on the Increasing Cost Tree Search (ICTS) algorithm
for multi-agent pathfinding are presented that can optimally solve this joint problem:
exhaustive algorithms that reduce the problem to solving many multi-agent pathfinding
problems using regular ICTS, and algorithms that search a generalized increasing cost
tree. These are compared to each other experimentally on a set of grid maps, and it
is shown that exhaustive methods typically outperform the generalized ICTS. Lastly,
an exhaustive ICTS algorithm is compared to alternative algorithms based on other
multi-agent pathfinding approaches to put its performance into the broader context of
algorithms for multi-agent pathfinding with matching.

1 Introduction
Finding a shortest path between two vertices on a graph is a fundamental problem that
appears in many contexts like GPS navigation [1] and network routing [2]. In some ap-
plications like autonomous aircraft towing [3] and train unit routing in shunting yards [4],
planning agents separately can result in conflicts between agents as they follow their paths.
To prevent such conflicts, agents have to be planned together to find a combination of non-
conflicting paths. The problem of finding such a combination is the Multi-Agent Pathfinding
(MAPF) problem [5]. In finding optimal solutions, one of two objectives is typically opti-
mized: the makespan which is the cost of the longest path, or the Sum of Individual path
Costs (SIC). Algorithms for optimally solving MAPF include Increasing Cost Tree Search
[6], Conflict-Based Search [7] and Branch-and-Cut-and-Price [8].

As observed by [9], in real-world applications of MAPF such as warehouse robotics
[10] goals are often assigned to teams of agents instead of single agents as in standard
MAPF. Using MAPF in such applications requires pre-assignment of goals to agents using
the Hungarian Algorithm [11] or similar methods, but such approaches are suboptimal as the
true cost of a given matching can only be found by solving the corresponding MAPF instance.
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(a) Vertex conflict

(b) Edge conflict
Figure 1: Two types
of conflicts between
agents from [5].

Ma and Koenig [12] formulate the joint problem of finding the op-
timal makespan solution across all possible matchings as the com-
bined target-assignment and pathfinding (TAPF) problem. They
also present the Conflict-Based Min-Cost-Flow (CBM) algorithm
for solving TAPF. In CBM, the Meta-Agent variant of CBS [7] is
used as a high-level search framework; in the low-level search, single
teams are planned in polynomial time as constrained anonymous
MAPF instances using a max-flow approach [13]. The experimen-
tal results reported in [12] indicate that CBM scales well as the
number of agents and the sizes of teams increase; although in ad-
dition to grid instances with 10% of tiles being blocked, Kiva [10]
instances are also solved, it remains to be seen how CBM performs
in scenarios with more obstacles and more maze-like scenarios such
as the Moving AI maps [14].

Nonetheless, CBS successfully being used to solve TAPF raises
two questions: Can MAPF algorithms other than CBS be used to
solve TAPF? Can CBS or other MAPF algorithms be used to solve
TAPF minimizing the SIC instead of the makespan? For this latter
problem that will be referred to as Multi-agent Pathfinding with
Matching (MAPFM), no methods are described in the literature.

This work presents two types of algorithms based on ICTS [6]
that optimally solve MAPFM, and is part of a study in which other algorithms in addition
to ICTS were taken as starting points for MAPFM algorithms. Those of the first type
exhaustively enumerate matchings and use a variant of ICTS as a subroutine; those of the
second type are based on an extension of ICTS itself to support matching, ICTS-m. The
properties of both classes of algorithms as well as ICTS more generally are discussed, followed
by an experiment in which a selection of algorithm variants is compared. Additionally, one
exhaustive ICTS algorithm is compared to MAPFM algorithms based on CBM [12], M*
[15], A*+OD+ID [16] and EPEA* [17].

2 Multi-agent Pathfinding with Matching
A MAPF instance can be defined as follows. Let G = (V,E) be an undirected graph, with
each v ∈ V representing an obstacle-free tile on a 4-connected grid and each e = (u, v) ∈ E
representing a legal move between two such tiles. Let there be k agents a1, . . . , ak with
starting locations s1, . . . , sk and goals g1, . . . , gk. For each agent ai, a path πi from si
to gi is to be found such that all agents’ paths πi taken together are non-conflicting and
therefore are a solution. In this work, non-conflicting means, in the conflict-terminology of
[5], that there are no vertex conflicts and no edge conflicts, as shown in Figure 1. Letting
πt
i denote the t’th node of path πi, this means that for i ̸= j, for all t, πt

i ̸= πt
j and

(πt
i ̸= πt+1

j ) ∨ (πt+1
i ̸= πt

j). To achieve this, each agent ai may wait during any time step
t so that πt

i = πt+1
i instead of moving to a grid neighbor. Given a solution (π1, . . . , πk), a

vector of per-agent costs (c1, . . . , ck) can be found. For πi, ci is defined as the time at which
ai reaches gi for the last time, meaning that for t ≥ ci, πt

i = gi. For each ci, ci ≥ c∗i where
c∗i is defined as the cost of a shortest path from si to gi.
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2.1 Objectives for MAPF

Figure 2: Symmetric paths on a
4-connected grid [18].

Using the established terminology, the two common ob-
jectives for MAPF can be restated as follows:

• Makespan: maxi ci

• Sum of individual costs (SIC):
∑

i ci

In this work, an optimal solution is defined as having
minimal SIC.

The mapping from (π1, . . . , πk) to a SIC is surjective:
many cost vectors (c′1, . . . , c′k) might add up to the same
SIC as (c1, . . . , ck) and for a given agent ai, there might
be many equivalent paths π′

i to the goal with cost ci. On uniform-cost 4-grids in particular,
there are often many equivalent and symmetrical paths [18] (see Figure 2), which is why in
single-agent pathfinding, symmetry-breaking methods such as Jump Point Search [19] are
used to speed up the search. In multi-agent pathfinding, having multiple paths per agent
of the same cost can, in contrast, be a boon: it means that there are potentially more
non-conflicting ways to combine paths of different agents.

2.2 Extending MAPF with matching
With the multi-agent pathfinding problem defined, the MAPFM problem that is the subject
of this work can be described as an extension of MAPF.

Let there be K teams t1, . . . , tK , where ti consists of ki agents with start positions
si1, . . . , s

i
ki

together with an equal number of team goals gi1, . . . , g
i
ki
. Within each team ti,

agents aij are to be matched to a unique goal gik, so that exactly one agent is assigned to
each goal within team i; once all agents are matched with goals, for each agent aij matched
with gik, a path from sij to gik is to be found such that all agents’ paths taken together are
non-conflicting and therefore make up a solution, similarly defined as for MAPF.

MAPFM, being TAPF with a SIC objective, generalizes both MAPF and anonymous
MAPF [12], which is MAPF allowing an agent to move to any goal, a problem that can be
solved in polynomial time.

3 Solving MAPF with Matching using ICTS
In this section, taking ICTS for MAPF as a starting point, two methods to use ICTS to solve
MAPFM are described. The first method relies on a reduction from MAPFM to repeated
MAPF: an optimal solution to MAPFM corresponds to a matching of agents to goals, so by
exhaustively enumerating all matchings and solving these as MAPF instances, an optimal
solution to the MAPFM instance can be found. In the second method, the ICT search itself
is modified to allow an agent aij to be matched to any gik.

3.1 Increasing Cost Tree Search
In Increasing Cost Tree Search [6], the two-step mapping from path combination to SIC
described in Section 2 is reversed to search for a solution with minimal SIC. This is done
by searching for cost vectors corresponding to increasing SIC at the top level and searching
for non-conflicting path combinations (solutions) for each cost vector at the bottom level.
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Figure 3: Increasing Cost Tree for three agents [6].
3.1.1 Top-level search

In the top-level search, all possible cost vectors for a given SIC are evaluated by searching
an Increasing Cost Tree as depicted in Figure 3, starting from C∗ =

∑
i c

∗
i corresponding to

a single root cost vector (c∗1, c∗2, . . . , c∗k). This root has k children (c∗1+1, c∗2, . . . , c
∗
k), (c

∗
1, c

∗
2+

1, . . . , c∗k), . . . , (c
∗
1, c

∗
2, . . . , c

∗
k + 1) all of cost C = C∗ + 1. Searching this ICT breadth-first

corresponds to evaluating all possible cost vectors corresponding to increasing cost C starting
with C∗, guaranteeing optimality of a found solution. When searching up to cost C∗ +∆,
O(k∆) cost vectors are evaluated. Node evaluation corresponds to performing a low-level
search for a solution (π1, . . . , πk) corresponding to the node cost vector (c1, . . . , ck).

3.1.2 Bottom-level search

Explicitly generating all paths to the goal for agent ai of cost ci is expensive: the number
of paths is exponential in ci. This is why in the low-level search of ICTS, multi-valued
decision diagrams (MDDs) are used to compactly represent all paths per agent. For agent
ai with a target cost ci (from the cost vector), MDDci

i can be generated by a breadth-first
search on the ci-steps time-expanded graph starting at si, followed by a process similar to
the standard path reconstruction method used in A* but allowing multiple node parents.
Storing the resulting paths in an MDD, which has at most |V | nodes at each timestep or
depth, avoids the cost of storing all paths explicitly and facilitates the efficient search of the
k-agent space of path combinations [6].

In Figure 4, a problem with its corresponding ICT is shown, as well as the low-level
search of the (solution) node (3, 2) using MDDs. The second agent staying at node D after
completing the path is also modeled in its MDD to ensure that the node remains blocked.

Figure 4c illustrates how two or more MDDs can be combined: first, the root nodes are
joined; next, the product of the children of both roots is taken and checked for conflicts. In
4c, a vertex conflict occurs and therefore this joint child can be removed from the MDD. If

(a) An example
problem.

(b) The corresponding ICT
with solution node (3, 2).

(c) MDDs for the agents are found and
combined.

Figure 4: Example of using ICTS to solve MAPF from [6].
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a (B,A) node would be generated by the same root, (A,B), this would be an edge conflict
and hence (B,A) would also be removed from the joint MDD MDDc1,c2

1,2 . In the next layer,
the process repeats with multiple parent nodes.

In practice, joint MDDs are not explicitly constructed but instead, a depth-first search is
used to search joint MDDs. This has the benefit of finding a path to the bottom of the joint
MDD fast if one exists, while not constructing more of the joint MDD than is necessary for
finding a solution, which can get large.

3.1.3 ICTS with Independence Detection

Like other MAPF algorithms, ICTS can be embedded in the Independence Detection (ID)
framework introduced by Standley [16]. ID starts by assuming each agent is a group that
can be assigned an optimal path independent of other groups. If group paths do conflict,
they become one group that is planned together using a MAPF algorithm, in this case ICTS,
until no conflicts between groups occur. The goal of ID is to minimize k′, the size of the
largest group that has to be planned. Optionally, a conflict avoidance table (CAT) can be
maintained for use during the planning of groups. This records the paths planned by other
groups and can facilitate tie-breaking in search that minimizes the number of conflicts; the
CAT is omitted from Algorithm 1 for brevity but was implemented and used in experiments.

Algorithm 1 Simple Independence Detection [16]
1: Assign each agent to a singleton group
2: plan a path for each group
3: repeat
4: simulate execution of all paths until a conflict occurs
5: merge two conflicting groups into a single group
6: cooperatively plan new group
7: until no conflicts occur
8: solution← paths of all groups combined
9: return solution

3.1.4 Pruning in ICTS

In addition to ID, three pruning methods can be used to speed up ICTS [6], two of which
are used in this work. These methods rely on the fact that if no solution exists for any
combination of j out of k agents with j < k, no solution exists for all k agents. If any such
combination is found for a node, there is no need to search the k-agent MDD so the next
ICT node can be considered. The three pruning methods are as follows.

1. Simple pruning: for all combinations of j out of k agents, the j-agent MDD is searched
using DFS for a solution.

2. Enhanced pruning: for all combinations of j out of k agents, the j-agent MDD is
searched using BFS and when children are generated, for each agent, all children that
do not appear in any unified node are removed from the MDD. In 4c, the C node of
MDD1 would be removed as it cannot be unified with any node of MDD2 at that
level.
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3. Repeated enhanced pruning: the enhanced pruning procedure is repeated until a fixed
point is reached, which is when no child node is removed from any of the agent MDDs
in an iteration. This was not used in this work.

The full ICTS algorithm including a pruning step as described above is given by Algorithm
2. In this work, triple-pruning (j = 3) was used and enhanced triple-pruning was taken as
a baseline, as this often outperforms other variants [6].

Algorithm 2 Increasing Cost Tree Search
1: procedure ICT-search(MAPF instance)
2: Construct ICT root
3: for all ICT nodes (c1, . . . , ck) in breadth-first order do
4: for all agents ai do Construct MDDci

i

5: for all j-agent combinations (i1, . . . , ij) do
6: Run node-pruning procedure with MDDs MDD

ci1
i1

, . . . ,MDD
cij
ij

7: if no solution was found for a combination in pruning then
8: Break and continue with next ICT node
9: Search k-agent MDD space

10: if solution was found then
11: return solution

3.2 Exhaustive ICTS
For K teams t1, . . . , tK of size ki, there are in total M =

∏
i ki! matchings from team agents

to team goals. These matchings can be enumerated by representing each permutation pi
of goals for each team ti as an integer n ∈ {1, . . . , ki!}. Using this representation, each
e ∈ {1, . . . , k1!} × · · · × {1, . . . , kK !} corresponds to a unique combination of permutations
and can be mapped to a matching represented as m ∈ {1, . . . ,M}. Assuming some fixed
ordering of agents within each team, each matching m can be translated to a MAPF instance
with an optimal SIC cost Cm, with Cm = ∞ for m corresponding to an unfeasible MAPF
instance. In order to find the optimal solution, m with lowest Cm has to be found, which
requires all M matchings to be solved or found to be infeasible, meaning that O(M) MAPF
instances have to be solved.

3.2.1 Bounded search

Once a solution is found for a matching m with cost Cm, this can be used in the next search
as an (exclusive) upper bound B for the SIC of nodes that have to be searched. Formally,
let B0 = ∞ represent the initial SIC bound of the ICT search. After solving each m with
solution cost Cm, let Bm+1 = min(Bm, Cm). By successively updating B in this manner,
as more matchings are solved, the effort needed to solve the remaining matchings can be
expected to be reduced significantly. With Cm denoting the optimal SIC for matching m,
this effort can be expressed as

∆m,bounded = min(Bm, Cm)− C∗
m = Bm+1 − C∗

m

This is proportional to the effort due to the complexity of the ICTS search for match-
ing m, O(k∆m,bounded). If Bm ≤ C∗

m, only the root node will be generated to determine
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this so ∆m,bounded = 0. Using this, the number of ICT nodes searched in total becomes
O(

∑
m k∆m,bounded).

3.2.2 Ordered enumeration

To reduce the total effort, the matchings m can instead be enumerated and solved in increas-
ing order of C∗

m. In this case, the effort per matching is monotonically non-increasing by
Property 1. This induces a case in which this enumeration minimizes the number of nodes
searched in total (Property 2). However, cases in which ∆m of the first m’s searched is much
higher could also be constructed, in which case this approach might cause more nodes to be
processed in total than alternative methods. Therefore, this ordered enumeration remains
a heuristic improvement that works well in practice, as shown in Section 4.

Property 1 (Monotonicity). In bounded exhaustive search using ICTS, solving the match-
ings in increasing order of root SIC makes the effort ∆m,bounded monotonically non-increasing
as a function of m.

Proof. Due to the order of matchings for successive matchings m,m + t for some t ≥ 1,
C∗

m ≤ C∗
m+t. By definition, Bm+2 = min(Bm+1, Cm+1) meaning that Bm+2 ≤ Bm+1 so

transitively Bm+t+1 ≤ Bm+1. Therefore

Bm+t+1 − C∗
m+t ≤ Bm+1 − C∗

m =⇒ ∆m+t,bounded ≤ ∆m,bounded

Property 2 (Conditional optimality). Assuming that ∆m, the unbounded effort, is mono-
tonically non-decreasing as a function of m (with m in increasing order of C∗

m), ordered
enumeration minimizes the total number of nodes searched across matchings.

3.2.3 Approximate ordered enumeration

In the implementation of exhaustive ICTS, matchings are enumerated by taking the product
of goal permutation indices as described above so they are not enumerated in increasing order
of root SIC. To achieve this ordering, matchings would have to be exhaustively enumerated
and stored in memory before being sorted. Storing all matchings requires O(M) memory
which was found to be more problematic in practice than the time complexity of the sorting,
O(M log(M)). This is why in implementation, ordered enumeration is approximated using
a priority queue that maintains a subset of matchings of a fixed size Mpq.1 Algorithm 3
outlines the procedure.

3.3 ICTS-m
ICTS with Matching (ICTS-m) generalizes ICTS to optimally solve MAPFM instances. Few
changes to ICTS were necessary to accommodate for matching in this increasing cost tree
scheme. Specifically, the ICT root generation and the MDD generation as described in
Subsection 3.1 had to be changed.

1Mpq = 10000 was used in implementation but this could be much increased at the cost of memory.
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Algorithm 3 Approximate ordered exhaustive ICTS
1: Fill PQ with min(M,Mpq) matchings
2: B ←∞
3: solution← none
4: repeat
5: m← Take matching with lowest SIC from PQ
6: solutionm with cost Cm ←Solve m with upper bound B
7: if Cm < B then
8: B ← Cm

9: solution← solutionm

10: B ← min(B,Cm)
11: if there is an unsolved matching mnew not in PQ then
12: Compute root SIC and insert mnewinto PQ
13: until PQ is empty return solution

3.3.1 Root generation for matching

Given a team ti of size ki, for any agent aij there are ki costs cj(1), cj(2), . . . , cj(ki) for
shortest paths from sij to each goal gik. Making no assumptions about what goals other
agents in ti are assigned to, it could be that in the optimal solution aij is assigned to a
goal gim with path cost c∗j = cj(m) such that cj(m) = minn∈{1,...,ki} cj(n). Therefore,
to guarantee optimality, the minimal shortest path cost to any matching goal has to take
the place of the shortest path cost from the original ICTS root. Intuitively, the sum of
individual costs of this root is highly optimistic, particularly if the teams are large. This is
because often, agents will not move to their closest matching goal in an optimal solution,
even without considering conflicts (see 3.3.3).

3.3.2 MDD generation for matching

To generate MDDs for MAPFM, each agent has to consider not one goal but all matching
goals. To do this, the MDD construction following the breadth-first search has to be changed:
each goal becomes an endpoint from which paths to the start node are traced, resulting in
an MDD with one start node and one or more terminal nodes.

3.3.3 Pathological case

As a consequence of the min operation in the root definition, a pathological case can be
derived. Consider a team of 4 agents a11 through a14. Let them be arranged in a configuration
as depicted in Figure 5. All four agents match the color of the center goal and hence for
each i, c∗i = 1, so that the root is (1, 1, 1, 1) with SIC 4. The optimal solution however is
(1, 3, 3, 3) with SIC 10 numbering the agents clockwise, meaning that ∆ = 6. It can be seen
that instances of this form with arbitrarily large ∆ can be constructed. As ICTS-m being a
generalization of ICTS is O(k∆), even just extending the limbs of the instance to yield an
ICT root of (1, 9, 9, 9) with ∆ = 24 will result in an unfathomably large number of nodes
being evaluated assuming no pruning or other modifications to the base algorithm.
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3.4 Optimizations

Figure 5: Pathological case for
ICTS-m. The squares represent
agents and the flags represent
goals.

To improve both types of algorithms, some optimizations
were found that can be used to speed up the search.

3.4.1 Bounds in ID

The information gained about solution costs of indepen-
dent groups can be used to establish a lower bound on
solution SIC as per Property 3. In bounded search, the
upper bound can be further constrained by Property 4.

Property 3 (Lower bound). When merging groups gi, gj
with solution costs Ci, Cj to yield group gk, for any solu-
tion for this group with cost Ck

Ck ≥ Ci + Cj

Proof. Assume there would be a solution with Ck < Ci +Cj . Taking Ci
k to denote the SIC

of agents that used to make up gi in the solution to gk, without loss of generality Ci
k < Ci,

which contradicts the optimality of the solution with cost Ci for gi independent of gj .

Property 4 (Reduced upper bound). In bounded exhaustive search, the sum of costs of the
groups not being merged can be subtracted from bound B without losing optimality.

3.4.2 Child pruning

In the original ICTS formulation all k-children are generated in every case because pruning
only controls skipping the low-level search, assumed to be the most expensive operation.
However, in simple pruning, when there is a conflict between two or more agents at a given
ICT node (c1, . . . , ck), in any solution, one or more of the path costs corresponding to these
conflicting agents will have to be incremented. This can be exploited by pruning the node’s
children that do not correspond to the conflicting agents, of which there are often just 2 or
3, drastically improving the (average) branching factor as k increases. By Property 5, child
pruning is not compatible with enhanced pruning.

Property 5 (Incompatibility with enhanced pruning). Enhanced pruning combined with
child pruning is suboptimal due to the cascading effect described in [6].
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(a) Counter-example instance.

0, 8, 5

0, 9, 5 0, 8, 6

0, 10, 5 0, 9, 6 0, 8, 7

0, 11, 5 0, 10, 6 0, 9, 7 0, 8, 8

0, 12, 5 0, 11, 6 0, 10, 7 0, 9, 8 0, 8, 9

(b) Pruned ICT that is traversed.

Figure 6: Counter-example for enhanced pruning combined with child pruning. If the black
and green agent pair is considered last, an ICT is traversed while solving the instance that
does not contain an optimal solution.

Proof. Consider Figure 6a with a red agent r, green agent g and black agent b. It can be
seen that (3, 8, 5) with SIC 16 is an optimal solution for this instance, which corresponds
to r moving aside, allowing g to pass. Say enhanced pruning with pairs is applied to these
three agents at (c∗r , c∗g, c∗b) = (0, 8, 5). Let the enhanced pruning order be (r, g), (r, b), (g, b)
without loss of generality. (r, g) is solvable but will leave for g out of the two paths of length
8 only the clock-wise path. (r, b) will not change either MDD in this node. When (g, b) is
evaluated, it is found that the remaining clockwise path for g and b’s path are incompatible
(edge conflict) so (0, 9, 5) and (0, 8, 6) are generated. By repeating this order of enhanced
pruning with child pruning, the ICT shown in Figure 6b is traversed. None of the nodes
with SIC 16 in this ICT is a solution, meaning that enhanced pruning combined with child
pruning will return a suboptimal solution to the instance depicted in Figure 6a, making this
pruning strategy suboptimal.

4 Experimental Results
To compare the algorithms and variants described above with each other and with alternative
MAPFM algorithms, two types of experiments were performed. In the first, ICTS-based
algorithms discussed in this work are compared; in the second, the approximate ordered
enumeration variant is compared to other algorithms for MAPFM [20]–[23]. The data for
the second experiment originates in [20]. In both experiments, there are three variables:
the number of agents, the fraction of blocked grid tiles and the number of teams. The
values measured are the fraction of instances solved and the average run time per instance.
The recorded run times converge to the 120s timeout used as fewer instances are solved;
therefore, while the times are included for completeness at the end of this work (Figure 9
and 10 for experiments 1 and 2), only the fraction of instances solved is used in the analysis
of results.
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(b) 25% wall, three teams.
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(c) 75% wall, one team.
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(d) 75% wall, three teams.

Figure 7: Fraction solved out of 50 instances by different ICTS-based algorithms.
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(b) 25% wall, three teams.
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(c) 75% wall, one team.
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(d) 75% wall, three teams.

Figure 8: Fraction solved out of 200 instances by MAPFM algorithms.

11



4.1 Experimental setup
Because MAPFM lies on the fringe of pathfinding research, no standard benchmark ex-
ists. For MAPF, the Moving AI maps [14] are often used and potentially a new standard
benchmark for MAPFM could be defined based on these maps, similar to an existing stan-
dard benchmark for MAPF [5]; however, it was noticed that optimally solving even small
MAPFM instances with comparatively few agents and short distances to goals was already
a challenge computationally. This observation informed the creation of a map generator by
the author of [23] with various parameters.

Using this map generator, two types of 20x20 grids similar to the random maps in [14]
were generated:

1. 25% wall: a grid with 25% of tiles being obstacles.

2. 75% wall: a grid with 75% of tiles being obstacles.

For each of these types, instances were generated with between 1 and 25 agents either all in
the same team or evenly partitioned into three teams. For each combination of map-type,
number of teams and number of agents, 200 instances were generated. In scenarios with
three teams, instances with k < 3 were not used. When solving the instances, for each
combination of map-type and number of teams, the number of agents was increased until
0% of instances could be solved within a timeout of 120s, at which point no more data was
recorded for greater numbers of agents. This approach is similar to the method described
in [5].

The first experiment was performed on a 2.2GHz Intel i7-8750H hexacore with 16GiB of
memory. For each setting, a fixed subset of 50 out of 200 instances was used.

The second experiment comparing different MAPFM algorithms was run on a server
with a virtualized Intel Xeon E5-2683 dodecacore operating at 2.0GHz with 8GiB of RAM.
All 200 instances were used for each setting.

All algorithms are implemented in Python 3.9 to avoid performance differences as often
seen between interpreted versus compiled languages; however, CBM [21] in experiment 2 does
use an SSP solver implemented in C++ as a subroutine. The comparison in this experiment
is more coarse-grained as performance differences are sometimes subtle and could potentially
be explained by slight implementation optimizations rather than algorithmic properties.

4.2 Experiment 1: ICTS-based MAPFM algorithms
To investigate the relative performance of various algorithms discussed in Section 3, a selec-
tion of both exhaustive ICTS and ICTS-m variants was made. Their performance in terms
of fraction of problems solved within a timeout of 120s is shown in Figure 7. The meaning
of the abbreviations used in the legend are as follows:

• S: Simple pruning
• E: Enhanced pruning
• C: Child pruning

• ID: Independence detection
• B: Bounded search
• O: Approximate ordered enumeration

Across scenarios, it is seen that typically exhaustive methods outperform ICTS-m algorithms
(Figure 7), with performance being more similar in the maps with 75% wall. In particular on
75% wall maps with three teams (Figure 7d), the performance of ICTS-m+ID (and optional
pruning) is seen to outperform bounded exhaustive search as k increases; additionally, some
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ICTS-m variants manage to solve a small fraction of 75% maps with one team that exhaustive
methods can not within the time-out (Figure 7c). This can be explained by the complexity of
ICTS-m not being directly related to the number of matchings in contrast to the complexity
of exhaustive ICTS.

Between exhaustive variants, with exception of the ID variant, a type of hierarchy can
be distinguished, best illustrated by Figure 7b; almost without exception, Exh+S+C+B+O
outperforms Exh+E+B+Owhich outperforms Exh+E+B which in turn outperforms Exh+E.
Bounded search outperforms unbounded search as expected, given that the former does as
much work as the latter and often less. Approximate ordering outperforming unordered enu-
meration is not as obvious from a theoretical standpoint, as discussed in 3.2.2, and simply
indicates that ordered enumeration works well in practice. Simple pruning with child prun-
ing outperforms enhanced pruning but this needs to be qualified. Comparing Exh+S+B+O
with Exh+E+B+O shows that part of the difference can be explained by the use of sim-
ple pruning instead of enhanced pruning. Nonetheless, in instances with 75% wall (Figures
7c,7d) there appears to be a real benefit to searching a smaller ICT. Across ICTS-m variants,
similar trends can be observed but the differences across pruning strategies are too slight
to draw any conclusions from. As discussed in Section 5, more experiments are needed to
adequately compare simple child pruning with other pruning methods for ICTS.

The benefit of using ID together with ordered enumeration is not clear. Ordered enu-
meration with ID performs much better in a setting with more obstacles and more teams
(Figure 7d), but ordered enumeration without ID on the other hand is superior in an open
setting with a single team (Figure 7a). The overhead associated with the various planning
and merging steps (see Algorithm 1) could be the cause of the slowdown observed once
M grows large (Figures 7a,7c); once the upper bound is tightened, ICTs only have to be
searched shallowly so there is no point in going through the steps of ID. This explains why
no speedup is seen, as between ICTS-m and ICTS-m+ID. Another factor is that if all agents
belong to the same team, the benefit of using ID is reduced as agents from the same team
planned independently often route to the same goal.

4.3 Experiment 2: Algorithms for MAPFM
From the variants discussed and compared above, the Exh+E+B+O variant was selected
for comparison with various other algorithms for MAPFM. This results in the following set
of algorithms whose performance is shown in Figure 8.

• ICTS with approximate sorted exhaus-
tive matching (Exh+E+B+O)

• A*+ID+OD with matching ID and
sorted exhaustive matching [23]

• EPEA* with matching ID and sorted
exhaustive matching [22]

• M* with sorted exhaustive match-
ing [20]

• CBM adapted to use SIC, using
the successive shortest path algo-
rithm (SSP) [24] as subroutine for
solving teams [21].

With exception of CBM, all methods described use a variant of sorted exhaustive matching.
This is because from each family of algorithms one of the best performing algorithms was
chosen, which always was such an exhaustive method as opposed to a generalization of the
base algorithm to MAPFM (ICTS-m in this work). A*+ID+OD and EPEA* also make use
of matching ID, which is ID applied to the MAPFM instance using the respective exhaustive
algorithm as MAPFM solver. The initial groups are here the teams, which is why in single
team scenarios (Figures 8a,8c) matching ID has no effect. Hypothetically, matching ID
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could explain why both A*+ID+OD and EPEA* outperform the methods using just sorted
exhaustive matching in maps with 75% wall and three teams (Figure 8d).

CBM solving all problems with one team (Figures 8a,8c) is at first surprising but follows
directly from the definition of the CBM method. CBM solves single teams as anonymous
MAPF instances in polynomial time, meaning that solving scenarios with a single team
reduces to a polynomial-time procedure, namely SSP. Following the results reported in [12],
it is expected that as the number of teams approaches k, CBM performance will deteriorate
and thus become more similar to the results for exhaustive methods here reported.

5 Conclusions and Future work
The goal of this research was to seek methods for solving MAPFM based on ICTS. In this, the
research has succeeded, but the scalability of the algorithms leaves something to be desired.
Exhaustive methods, like those discussed in detail in Subsection 3.2, cannot be expected to
scale well as teams grow larger due to their complexity, no matter what optimizations are
put in place. Nonetheless, as was shown in Section 4, the more advanced exhaustive ICTS
algorithms consistently outperform the ICTS-m based algorithms. Compared to the SIC-
adaptation of the CBM method [21], it was seen that exhaustive methods perform relatively
poorly if there are fewer teams and fewer obstacles, while being competitive once teams grow
smaller and maps become more constrained. Delineating under which conditions exhaustive
methods outperform CBM and vice versa is something for further research.

A key idea for future research to look into is how to exploit the lower bound on solution
SIC that can be found using the Hungarian Algorithm [11] or similar methods like the
JVC algorithm [25]. This lower bound could be used in a branch-and-bound [26] search
of matchings. An algorithm for MAPF could be used at leaf nodes as in exhaustive ICTS;
however, solving (small) branches as MAPFM instances using approaches other than branch-
and-bound is also a direction to explore. To retain the benefits of ordered enumeration and
to potentially allow for a higher degree of bounding, an optimized version [27] of Murty’s
algorithm [28] for ranking all matchings in increasing order of cost could be taken as a
starting point for such a branch-and-bound approach.

Another possibility would be to use the lower bound on solution SIC to improve ICTS-m
by only executing the k-agent low-level search for nodes that satisfy this bound. The lower
bounding in ICTS-m could then be further improved by finding the optimal SIC for the
anonymous MAPF instance corresponding to each team using an approach similar to those
described in [21]. As long as there is a team that does not meet its bound, branching only
on agents within this team is possible without losing optimality.

A related observation is that ICTS-m in its current form does not rely on the property of
agents and goals having one color (team). It could easily be adapted to support one or more
colors for each agent and goal while still guaranteeing optimality, in contrast to CBM [12] and
its SIC adaptation [21] which specifically use this property to plan single teams in polynomial
time. A multi-color generalization of exhaustive ICTS would require a different matching
enumeration method. Future research could study the multi-color MAPFM generalization
and the application of methods described in this work to that problem.

Lastly, more experimentation is needed to reach definite conclusions about how simple
child pruning compares to existing pruning techniques for ICTS, which could be done by re-
producing the ICTS pruning experiments reported in [6] extended with simple child pruning
variants.
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6 Reproducibility
The implementation of the ICTS-based algorithms described in this work is publicly available
online in the form of a Github repository.2 Included is also code for benchmarking different
configurations of the ICTS solver and the instances that were used in the benchmarks
reported above. The benchmarks and instances used in the relative comparison of MAPFM
algorithms are also available in the code and data repository of [20].3
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(b) 25% wall, three teams.
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(c) 75% wall, one team.
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Figure 9: Average solving time of different ICTS-based algorithms with a timeout of 120s.
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Figure 10: Average solving time of MAPFM algorithms with a timeout of 120s.
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