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Multi-agent pathfinding (MAPF) is the NP-Hard task of creating non-conflicting paths for a group of agents, given only start
and end locations on a grid. Each agent should be able to move concurrently to their desired destination, without enduring
any crashes. MAPF has a wide range of applications, including automated warehouses, robotics, and aviation. To tackle this
seemingly intractable problem, numerous MAPF algorithms have been developed, though none has emerged as the best solution.
Conflict-Based Search (CBS), a two-level algorithm that employs both a high-level and low-level search, stands as one of the
optimal approaches. This research presents four unique heuristic implementations of CBS and evaluates their performance
in terms of scalability, pathfinding speed, and efficiency. Each heuristic utilizes a distinct strategy for prioritizing conflict
resolution, aiming to reduce the total number of conflicts and accelerate path generation. These heuristics were developed and
tested on many randomly generated MAPF instances, with the runtime for each instance recorded and later analyzed for each
heuristic. Comparison of the four heuristics based on three metrics—average runtime, success rate, and mode wins—showed
that mostCrowded() was most effective in environments with high agent density, with randomConflict() coming in close second.
Evaluating the strengths and limitations of each heuristic provides valuable insights into MAPF, guiding future algorithm

development and helping select the most suitable approach for specific environments.
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Introduction

Single-agent pathfinding is the task of generating a path between
two points on a grid, and is best solved by search algorithms like
the A* algorithm'!. A* computes optimal paths by performing
the following calculation repeatedly: f(n) = g(n) + h(n), in
which g(n) represents the cost, or distance, between the start
state and current state (n) and h(n) represents the cost from the
current state to the goal state. Using this best-first search ap-
proach, A* and other similar single-agent pathfinding algorithms
succeed in finding ideal paths. Multi-Agent Pathfinding (MAPF)
is the NP-Hard problem of computing collision-free paths for a
swarm of agents, given only their start and end locations on a
map“=>. Following these generated paths, agents should move
concurrently without producing any collisions. Given an in-
stance, a working MAPF algorithm determines paths with the
lowest cost, in which no two agents conflict at a certain vertex
or on a certain edge at the same timestep".

MAPF has vast applications including automated ware-
houses?, robotics?* and aviation®. Many MAPF algorithms
have been developed, including Branch-and-Cut-and-Price
(BCP)®, Conflict-Based Search (CBS)!, and Lazy CBS”, how-
ever, there is currently no dominating MAPF algorithm".

The algorithm of focus, CBS, is a bi-level algorithm that

harnesses single-agent searches to generate a series of unique
paths for all agents'. Each agent is initialized with default paths,
in which conflicts may arise. The high-level search operates
within a conflict tree (CT), where each node contains time and
location constraints for all agents, as shown in Figure 1. At
each node, the low-level search, typically using A*, generates
single-agent paths that satisfy the constraints of that CT node. If
additional conflicts are found after this search, the corresponding
high-level node is marked as non-goal, and the high-level search
continues by adding new CT nodes with updated constraints
to resolve the new conflicts. This breadth-first search process
repeats until all conflicts are resolved and the final paths are
produced.

This research serves to evaluate how different heuristics for
conflict prioritization affect the performance of CBS in MAPF.
In this study, “heuristic” refers to one of the four unique conflict
prioritization strategies integrated into the high-level search of
CBS, rather than the admissible cost function traditionally used
in search algorithms. To perform this research, the CBS algo-
rithm and four heuristic methods were programmed in Python
and tested on randomly generated MAPF instances with ascend-
ing agent numbers. For each number of agents, 20 trials were
executed across all heuristics, with runtimes recorded for later
analysis. The performance of the heuristics was compared using
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Agent A: (1,2) (2.2) (3,2)
Constraints A: []
Agent B: (2,3) (2,2) (2,1)
Constraints B: []

0\

Agent A: (1,2) (2,2) (3,2)
Constraints A: []
Agent B: (2,3) (1,3) (1,2) (2,2) (2,1)
Constraints B: [(2,2), 1]

Agent A: (1,2) (1,1) (2,1) (3,1) (3,2)
Constraints A: [(2,2), 1]
Agent B: (2,3) (2,2) (2,1)

Constraints B: []

Fig. 1 This displays an example Conflict Tree (CT) tree, for 2 agents,
used in CBS. The parent node is initialized with the default paths of
each agent. A conflict is found at location (2,2) at time step 1;
therefore, two child nodes are created to handle the conflict. In the left
child node, Agent A is constrained from being at (2,2) at the time of
the detected conflict. The right child node sets the same constraint for
Agent B. In this particular case, no further conflicts are found in the
right child node, so these final paths would be returned.

three key metrics: average runtime, success rate, and mode wins.

The results of this analysis will direct future algorithm de-
velopment, help select the most suitable heuristic for specific
environments, and provide insights regarding the effectiveness
of CBS as a MAPF algorithm. An important limitation to note
is the increasing computational expense of running experiments
for MAPF instances with much greater numbers of agents. The
excessive time required to run experiments and compute noncon-
flicting paths for large agent swarms limited the number of trials
that could be conducted and prevented further experimentation
involving swarms of agents beyond 25.

Literature Review

In the context of the papers discussed in this section, “heuristic”
refers to a cost estimate in pathfinding, specifically the estimated
cost from the current state to the goal state, rather than the
strategy used for resolving conflicts.

CBsH arbitrarily chooses conflicts to split, and ICBSE, Im-
proved Conflict-Based Search, prioritizes splitting cardinal con-
flicts, conflicts that result in the cost of child nodes being larger
than their parent node. Moreover, Felner et al. proposed ICBS-
h?, which uses admissible heuristics to better prioritize conflict
resolution. At the time of their research, existing CBS variants
used only the costs of the (possibly conflicting) paths in the
nodes of the CT as the costs of the nodes. ICBS-h is an en-
hanced algorithm that calculates the admissible heuristics and

adds these h-values to the costs of these nodes to better inform
the prioritization of conflicts. These admissible heuristics are de-
termined based on aggregating cardinal conflicts among agents.
Experiments comparing ICBS-h to standard CBS and ICBS
show that ICBS-h outperforms by up to a factor of 5 in terms
of efficiency, reduces CT size, and prompts faster searches for
conflict-free paths.

Later, Multi-objective CBS (MO-CBS) 10 was developed to
extend CBS to simultaneously consider multiple objectives. In
Multi-objective Multi-agent path finding (MO-MAPF), agents
have to trade off multiple interfering objectives such as comple-
tion time, travel distance, and other domain-specific measures.
MO-CBS computes the entire Pareto-optimal set of conflict-free
paths with respect to multiple objectives. In MO-CBS, each
node in the CT corresponds to a set of solutions, instead of a
single solution like in standard CBS. When a node is expanded,
the solutions are evaluated for Pareto dominance, and only
the non-dominated solutions are retained, which are deemed
Pareto-optimal. A variant called MO-CBS-t1 was also devel-
oped to speed up the identification of the first solution, and
this proved to be beneficial. Experiments comparing MO-CBS
against the baseline multi-objective search algorithm NAMOA*
(Non-dominated A*) showed MO-CBS’s superior performance
in scenarios with more agents and objectives, particular in terms
of success rates and runtimes.

Continuous-time Conflict-Based Search (CCBS)H'is a CBS
variant that guarantees optimal solutions without discretizing
time, however its scalability is limited due to the lack of improve-
ments present in the original CBS framework. Andreychuk A. et
al extended successful CBS improvements, specifically disjoint
splitting (DS), prioritizing conflicts (PC), and high-level heuris-
tics, to the continuous time domain of CCBS!2. DS ensures
that, for a CT node N, every solution that satisfies N.constraints
is exactly one of its children. Their adaptation of PC chooses
to split a CT node on the conflict with the greatest cost impact,
defined as the increase in total solution cost when the conflict is
resolved. Andreychuk A. et al. also developed two admissible
heuristics for CCBS. When this improved CCBS was compared
against the original, it exhibited enhanced scalability and effi-
ciency, solved problems involving almost twice as many agents
as the original, and reduced runtime by up to two orders of
magnitude in some cases.

While existing CBS variants like ICBS®, ICBS-h?, MO-
CBS™Y and CCBS™M have focused on heuristic cost functions,
Pareto-optimality, and continuous time, this research uniquely
evaluates different conflict selection strategies within CBS. Cur-
rent CBS variants improve PC by incorporating cost-based
heuristics (e.g., ICBS-h using h-costs), but they don’t explore
non-cost-based strategies for conflict resolution. This research
fills this gap by systematically comparing different non-cost-
related PC strategies, such as resolving conflicts based on earli-
est occurrence, agent congestion, or most involved agents.
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Heuristic Explanation

firstConflict ()
mostCrowded ()
randomConflict ()
mostConflictingAgent ()

first.

Resolves the earliest conflict first.

Resolves the conflict with the most nearby agents first.

Resolves a randomly selected conflict first.

Resolves the earliest conflict of the agent involved in the most conflicts

Table 1 The table provides brief explanations of each of the four different heuristics being analyzed.

Materials and Methods

Heuristics

This experimental study presents and compares four different
heuristic implementations of CBS, described above in Table
1, and discusses their strengths and weaknesses in the context
of MAPF. FirstConflict() analyzes the paths at each CT node
and determines which of the detected conflicts occur first. This
method prioritizes resolving the conflict that occurs at the earli-
est timestep, based on the reasoning that addressing conflicts in
chronological order may reduce the overall number of conflicts
and result in quicker generation of non-conflicting paths. First-
Conflict() was chosen as a baseline for comparison, representing
the default, untouched CBS method for conflict resolution that
lacks any prioritization strategy. In contrast, mostCrowded(),
declares certain conflicts more dangerous than others, based
on how many agents surround the vertex or edge at which the
conflict occurs, at that specific time. The more agents found
within one grid space up, down, left, or right of the conflict,
the larger the crowd and the more high-priority the conflict.
MostCrowded() chooses to address the most potentially prob-
lematic conflict first, to mitigate future issues with surrounding
agents and enhance overall pathfinding efficiency. Random-
Conflict() serves as a control variable to assess whether more
complex heuristics truly offer an advantage or if random se-
lection performs equally as well. In the high-level search, this
method identifies all conflicts between the paths at any given CT
node and randomly selects one to address first. MostConflictin-
gAgent() selects a conflict to resolve first by identifying which
agent is most frequently involved in conflicts. This method be-
gins by finding all conflicts at a CT node and tracking the agents
directly involved in them. Based on this assessment, the program
is able to determine the most conflicting agent and handle the
earliest of that agent’s conflicts first. MostConflictingAgent()
was created to test whether resolving conflicts involving the
most entangled agent first can reduce overall conflicts later. The
code developed for the CBS algorithm and each heuristic can
be found at the GitHub link, provided at the footnote towards
the end of this paper. In this study, the independent variable
is one of four different heuristics integrated into the high-level
search of CBS, providing a comparative analysis of these unique
MAPF solutions and deeper insight into the effectiveness of

CBS.

Experimentation Methodology & Data Analysis

The original CBS algorithm, each heuristic method, and the
experimentation code were all programmed in Python. For this
research, randomly generated MAPF instances on a grid size of
10 x 10 were tested with ascending numbers of agents, ranging
from 2 to 25, across all four heuristics. For each different
heuristic, 20 identical instances, or trials, are executed for each
agent count. For example, when testing MAPF performance for
2 agents, each CBS variant is run with the same 2 start and 2
goal locations, to determine which heuristic can complete the
same task in a shorter time. However, running just 1 trial, or
1 set of start and goal locations, would not produce reliable
results. Therefore, 20 trials were executed for each increasing
number of agents, across all four heuristics, and all runtimes
were recorded using the Python time module and used for later
analysis. As the number of agents increases, the runtime to
complete a MAPF instance grows exponentially. For this reason,
parallel processing was employed, and a timeout was integrated
that stops any heuristic from continuing path generation after
its runtime has exceeded 90 seconds. For timed-out trials, a
runtime of 90 seconds is used when calculating average runtime.

The collected runtimes were used to generate three figures,
analyzing the performance of each heuristic across the follow-
ing measures: average runtime, success rate, and mode wins.
Average runtime is a widely used metric in existing literature,
including works by Felner et al. 2 Ren et al.12 and Andreychuk
et al.1% Success rate measures how effective each heuristic is at
successfully solving MAPF instances within a time limit. No-
tably, Felner et al. 9 and Ren et al.1¥ both use a success rate with
a 5-minute time limit, while Andreychuk et al.12 employ a 30-
second limit. Mode wins is included to assess the consistency
and frequency of top performance. While this metric is less
commonly seen in MAPF papers, it provides a count-based mea-
sure of how often a heuristic dominates its competitors. Figure
4 shows the average runtime for each agent count, computed
by averaging the durations from 20 trials, and plotted using the
Python library matplotlib. Figure 5 compares heuristics by suc-
cess rate, defined as the fraction of completed MAPF instances
out of 20, with an instance considered incomplete if paths could
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not be generated within 90 seconds. Figure 6 highlights the
mode heuristic winner for each agent count, where a heuristic is
deemed to win if it completes a trial the fastest.

Visualization

Multiple Paths Plot with Start and End Points Highlighted
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Fig. 2 Visualization tool developed using Python library matplotlib to
view completed paths on a grid. Each colored line represents a
different agent.

To visualize the final nonconflicting paths, each agent’s trajec-
tory was plotted on a 2D grid. Figure 2 illustrates all generated
paths for a randomly generated MAPF instance involving 6
agents. This illustrates the positions of all agents on the grid,
although it does not indicate the specific timestep at which each
agent occupies their respective locations. To further ensure the
accuracy of the CBS algorithm, computed paths were flown
on Crazyflie drones in the Automatic Coordination of Teams
(ACT) Lab at Brown University, as shown in Figure 3. These
visualization methods confirmed the correctness of the default
CBS algorithm, which served as a foundation for developing
and integrating the four unique PC strategies. These were useful
in initially programming, debugging, and testing CBS.

Results

Figure 4 displays the results of 20 trials in ascending order
of agents, 2 to 25, and compares computational performance
and scalability between heuristic methods. The shaded regions
show 95% confidence intervals for each average runtime. It
is observed that up to 5 agents, all heuristics perform at rel-
atively similar average runtimes, with low variability, and in-
dicate roughly equal performance. However, as the number
of agents grows, differences between the various heuristics

Fig. 3 Photograph taken of a tested flight on 3 Crazyflie ® drones in
the ACT Lab.

Average Runtime vs Number of Agents (Different Heuristics)
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Fig. 4 Compares average runtime of 20 trials against agent count.

begin to emerge. MostCrowded() ranked as either the high-
est or second-highest performing heuristic for nearly all agent
counts between 8 and 20, specifically at 8, 9, 10, 11, 12, 13,
16, 17, 18, and 20 agents. From 6-16 agents, all 4 heuristics
exhibit increased variability, however, the confidence intervals
for mostCrowded() remain consistently either the smallest or the
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second smallest in this range. Another feature to note is the high
performance of randomConflict(). At certain agent counts, ran-
domConflict() was identified as either the fastest heuristic or tied
with mostCrowded(), specifically at 8, 11, 14, 16, 18, 19, and 20
agents. However, within the 6-16 agent range, randomConflict()
demonstrates the most significant variability, with the widest
confidence intervals and greatest standard deviation occurring
at 6, 10, 12, 13, and 16 agents. In Figure 4, it is also clear
that beyond 20 agents, all four heuristics have nearly identical
average runtimes. This is due to increased congestion, causing
more instances to reach the 90-second timeout and leading to
a leveling out of runtimes. This is further corroborated by the
confidence interval graph, which shows shrinking confidence
intervals beyond 20 agents, confirming that the solution times
are increasingly determined by the timeout threshold rather than
heuristic efficiency.

The dashed oracle line represents the best-case scenario or
average minimum runtimes. It is determined by first identifying
the minimum runtime in each of the 20 trials, regardless of
whichever heuristic this minimum came from. The mean of
these 20 minimum runtimes is plotted. This process is repeated
for each number of agents. The oracle line signifies time taken
for the most ideal path generation technique, combining the four
heuristics. The strength of a certain heuristic can be assessed
based on how much its corresponding line deviates from the
oracle line.

Success Rate vs Number of Agents
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Fig. 5 Compares success rates over 20 trials against agent count.

Figure 5 shows the proportion of MAPF instances each heuris-
tic can successfully complete in under 90 seconds. When the
CBS algorithm, with an integrated heuristic, is unable to gen-
erate paths within this timeframe, the task is considered in-
complete. Success rate is the proportion of completed MAPF
instances out of the 20 instances per agent count. At 8 or fewer
agents, all heuristics had nearly identical success rates, success-
fully generating all or nearly all non-conflicting paths due to
the lack of congestion present. As agents are added, Figure 5
reveals that mostCrowded() provides more promising success

rates. At 9 or more agents, mostCrowded() is consistently within
the highest two success rates, specifically at 9, 10, 11, 12, 13, 14,
16, and 17 agents. This superior performance is highlighted be-
tween 8 and 10 agents, where mostCrowded() has equal success
rates to the oracle line, indicating a high proportion of com-
pleted instances there. It is also important to note the success
of randomConflict(). RandomConflict() yielded a success rate
within the top two at 10, 11, 12, 14, 15, 16, and 17 agents. Be-
yond 18 agents, all four heuristics had nearly identical success
rates, except randomConflict, which had a higher success rate
specifically at 20 agents. As shown in Figure 5, none of the
heuristics can generate non-conflicting paths within 90 seconds
beyond 22 agents, leading to success rates of 0 at 22, 23, 24,
and 25 agents.

Mode Heuristic Winner per Agent Count

- t
= mostConflictingAgent
- Tie

Number of Wins
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R I SR R Y
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Fig. 6 Shows the number of wins by the mode-winning heuristic over
20 trials against agent count. The gray bars indicate ties and the
colored dots above the bars indicate which heuristics tied for most
wins.

Figure 6 illustrates which heuristic achieved the most wins
and how many wins it obtained, indicating which heuristic was
most often the fastest across 20 trials for each agent count. A
heuristic is credited with a "win” when it has a faster runtime
than the other three heuristics in a given trial. For example, for
swarms of 2 agents, mostCrowded() was the fastest heuristic in
8 out of the 20 trials. All other heuristics had fewer than 8 wins
out of 20 trials, making mostCrowded() the mode winner. The
x-axis was truncated at 21 agents because beyond this point, the
runtimes of all four heuristics converge due to the 90-second
timeout. MostCrowded() performed strongly, achieving the
most wins or tying for the most wins at agent counts 2, 3, 8§,
14, 16, 17, and 20. Additionally, randomConflict() frequently
achieved or tied for the highest number of wins at agent counts
5,6,9,10,11, 17, 19, and 21.

Discussion

In environments with low agent density, particularly fewer than
8 agents, the choice of heuristic has little impact, as all heuris-
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tics perform almost identically. In environments with medium
to high agent density, mostCrowded() consistently computes
nonconflicting paths in shorter average runtimes, particularly for
instances involving between 8 and 20 agents. This is supported
by Figure 4, in which mostCrowded() is ranked as either the
fastest or second fastest heuristic at 10 agent counts within this
range. Between 8 and 20 agents, a close competitor, random-
Conflict(), ranked within the top two fastest heuristics at only
7 agent counts. Additionally, while randomConflict also gen-
erated paths in shorter amounts of time than firstConflict() and
mostConflictingAgent(), this heuristic displayed greater variabil-
ity and wider confidence intervals than mostCrowded(). This
suggests that while it can be among the fastest heuristics, it is
more inconsistent than mostCrowded(), sometimes performing
well and other times struggling.

Moreover, the mostCrowded() heuristic consistently ranked
among the top two in success rates for nearly every agent
count (8 agent counts) between 9 and 17. RandomConflict
also achieved high success rates, though it ranked among the
top two in success rate at only 7 agent counts within this range,
compared to mostCrowded’s 8.

In Figure 6, it is shown that mostCrowded() achieved the most
wins or tied for most wins at 7 agent counts between 2 and 21.
This reveals that the strategy of prioritizing densely populated
conflicts proved beneficial primarily in situations involving a
larger number of agents, but it is shown to be less critical in sce-
narios with fewer agents. However, randomConflict() achieved
the most wins or tied for most wins at 8 agent counts, slightly
more than mostCrowded().

The relatively strong performance of mostCrowded() in
medium-high density environments may be attributed to its
ability to target and resolve conflicts in the most congested areas
of the map. This likely reduces the chance of new conflicts
emerging later in the search, making the overall process more
efficient. In contrast, randomConflict() does not account for
congestion or conflict impact, which may explain its wider vari-
ability. In some cases, the randomly selected conflict happens
to be important, while in others, it delays the resolution of more
critical bottlenecks.

At very high agent counts, the performance of all heuristics
converges due to widespread congestion and an increased likeli-
hood of reaching the timeout limit. While the heuristic may still
influence performance, the timeout prevents those differences
from becoming apparent, making the strategies appear similarly
effective under high congestion.

Additionally, it is important to discuss that the differences
in average runtimes between the heuristics were minor. The
premise of mostCrowded() led it to be believed that it would
outperform all others in scenarios with high agent densities.
While the data supports this line of reasoning, the improved
computational performance of mostCrowded() is within the
order of a few seconds of the other heuristics.

The randomConflict() heuristic serves as a control variable
in this experiment, helping to determine whether the strategy
for conflict resolution within a heuristic directly influences per-
formance, or if the choice of heuristic itself has little impact.
RandomConflict() generally yielded shorter average runtimes
than firstConflict() and mostConflictingAgent(), achieved high
success rates, and frequently recorded the most wins. This
demonstrates that randomly shuffling detected conflicts at a CT
node and selecting one can sometimes lead to fewer overall con-
flicts, indicating that the conflict resolution strategy may be less
critical than expected, given that the random approach provided
results comparable to the succeeding mostCrowded() heuristic.

Conclusion

This study analyzed the impact of different heuristics on CBS
performance across varying agent densities. In mid-high den-
sity environments, mostCrowded() consistently generated non-
conflicting paths more efficiently, achieving shorter average
runtimes and high success rates. However, its advantage was
marginal, typically within a few seconds of competing heuris-
tics. RandomConflict() also demonstrated strong performance,
though with much greater variability. Its success suggests that
the choice of conflict resolution strategy has little impact on
algorithm efficiency.

An important limitation to note was the high computational
cost of running experiments with larger agent swarms. To val-
idate these findings, it is recommended that additional trials
with even higher agent counts and extended timeouts be exe-
cuted. More importantly, these results indicate that non-cost-
based conflict selection strategies contribute little to CBS ef-
ficiency, suggesting that future algorithm development should
focus on refining cost-based heuristics rather than optimizing
purely prioritization-based conflict resolution strategies.
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