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ABSTRACT

	Multi-Agent Path Finding (MAPF) represents a critical computational challenge in robotics and logistics, requiring the coordination of multiple agents to reach their destinations while avoiding collisions. Traditional optimal algorithms, such as Conflict-Based Search (CBS), deliver mathematically perfect solutions but demonstrate poor scalability with increasing agent populations. Bounded-suboptimal variants like Enhanced CBS (ECBS) and Explicit Estimation CBS (EECBS) attempt to balance solution quality with computational efficiency, yet encounter significant difficulties in large-scale scenarios. This paper adopts Agile Conflict-Based Search (ACBS), a novel bounded-suboptimal algorithm incorporating goal decomposition, temporal flexibility, multiple conflict resolution strategies, and agile heuristics to enhance scalability. A thorough empirical investigation on established MAPF benchmarks using agent populations from 100 to 2000 has shown that ACBS can yield up to 5× runtime improvements and higher success rates, while maintaining solution quality within a suboptimality bound of . We have found ACBS to demonstrate excellent performance in dense environments in particular, which positions it as a promising solution for online applications, including warehouse automation, and coordination of autonomous vehicles.
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1. INTRODUCTION

Multi-Agent Path Finding (MAPF) fundamentally involves computing trajectories for multiple autonomous agents in shared settings, usually modeled as graphs or grids. Each agent has a defined starting position and goal position, and all agents must be routed while optimizing global objectives (e.g., sum-of-costs () over all agents). This problem domain has become increasingly important in numerous applications, notably those in embedded systems (e.g., autonomous warehouse management, coordinated drone operations) and related to Artificial Intelligence gaming. (Stern et al. 2019).
Conventional optimal methods, for example, Conflict-Based Search (CBS), systematically branch and develop constraints for resolving conflict conditions. The downside of CBS is that the computational complexity of agents grows exponentially with increasing numbers of agents (Sharon et al. 2015). As a result, researchers have developed similarly bounded-suboptimal (near-optimal with faster computation) approaches to address the computational extensibility of the above method, such as ECBS (Barer et al. 2014 and Li et al. 2021), which use focal search and heuristic estimates to limit the total costs of solutions to specified cost bounds, while enabling agents to avoid the computational overhead of developing optimal paths. Regardless of these algorithmic improvements, the scalability of thousands of agents is still very difficult to achieve due to the conflict and conflicting solutions, as well as the large search spaces entailed by agents. In general, the core limitation in existing approaches is the inability to deal satisfactorily with the inherent complexity of multi-agent interactions when many agents can interact and the relative density of agents across the space.
Agile Conflict-Based Search (ACBS), an innovative algorithmic extension that addresses these scalability issues using several novel strategies (Mohammed et al, 2025). First, we break down complex agent objectives into smaller sub-objectives, allowing for better path-planning efficiency. Second, we utilize agile path-planning methods, which incorporate temporal and spatial flexibility from timelines and point processes of mobility, allowing agents to adapt trajectories based on changing conditions. Third, we utilize multiple parallel conflict resolution strategies, significantly reducing the time required for complex multi-agent conflict resolution. Finally, we leverage these strategies to deliver a framework that maintains the crucial suboptimality bound of , ensuring a solution quality comparable to other methods while providing significant performance improvements.

Prior work has addressed MAPF through optimal and suboptimal approaches. The respective Conflict-Based Search Methods, such as Conflict-Based Search (CBS), created the first breakthrough optimal MAPF algorithm via its pioneering dual-level structure. The high-level search resolves conflicts by adding appropriate constraints while allowing low-level A* search to calculate individual agent paths under those constraints (Sharon et al. 2015). While CBS guarantees optimality mathematically, it is infeasible for large-scale instances because the search tree can grow exponentially. Enhanced CBS (ECBS) represents an enormous step forward to use CBS, as it introduces focal search techniques at both levels of the algorithm with admissible heuristical functions. ECBS maintains optimal solution quality within bounds of allowed suboptimality (Barer et al. 2014). Building on ECBS, Explicit Estimation CBS (EECBS) enhances CBS with explicit conflict estimation techniques and incorporates advanced optimizations, like rectangle reasoning and mutex propagation, yielding immense improvements in computational time. (Li et al. 2021)
We have seen many alternative approaches, in the research community, such as Independence Detection in Increasing Cost Tree Search (ICTS) methods (Sharon et al. 2013) and Prioritized Planning methods (Wang et al. 2011). We find that many of these methods lack strong performance guarantees or scalability properties. With the recent work in lifelong MAPF and dynamic goal settings (Ma et al. 2017), lazy CBS implementations using clause generation (Gange et al. 2021), learning-based node selection (Huang et al. 2021), and some recent work on tie priority inheritance and backtracking.(Okumura et al. 2022)

2. Materials and methods

2.1 Problem Formulation
We formulate MAPF on a directed graph  where  represents locations and  represents valid transitions. Given  agents , each with start position  and goal position , we seek collision-free paths  that minimize the sum-of-costs objective:

Subject to collision constraints:
· Vertex Conflict: No two agents occupy the same vertex simultaneously.
· Edge Conflict: No two agents traverse the same edge in opposite directions simultaneously.

2.2 The ACBS Algorithm
ACBS is a bounded-suboptimal MAPF solver extending the CBS framework through agility features designed to improve scalability in large-agent scenarios. The following sections detail each algorithmic phase. (Mohammed et al, 2025)
Phase 1: Initialization and Goal Decomposition
The algorithm begins by establishing a root node with an empty constraint set and configuring the suboptimality bound . For each agent, we perform goal decomposition: when the Manhattan distance between the starting position and final goal exceeds a threshold (e.g., 3), we select an intermediate sub-goal positioned at approximately one-third of the total distance. This intermediate position is refined through systematic  neighborhood search to minimize remaining distance to the final goal. Initial path computation employs enhanced A* algorithm, incorporating agility factors (Li et al. 2019). This enhancement allows responsive path planning adapting to dynamic environmental conditions during search.
Phase 2: Main Search Loop
The algorithm maintains open list management using the evaluation function , where  represents sum-of-costs and  provides an admissible heuristic estimate. The root node is added to this open list, with nodes expanded by extracting those with the lowest f-value (Barer et al. 2014).

Phase 3: Goal Achievement Verification
At each expansion step, the algorithm verifies whether all agents have reached their final destinations without remaining conflicts. When satisfied, current solution paths are returned.
Phase 4: Conflict Detection and Resolution
When conflicts are detected through temporal-spatial verification procedures (Surynek et al. 2016), ACBS applies one of three distinct resolution strategies in parallel:
· Strategy A: Temporal Shifting - Adds temporal constraints and replans paths incorporating waiting actions.
· Strategy B: Spatial Rerouting - Introduces spatial constraints, seeking alternative routes.
· Strategy C: Priority-Based Resolution - Assigns higher priority to agents closer to goals (Ma et al. 2019).
Phase 5: Sub-Goal Advancement
For agents not at final destinations, the algorithm assigns subsequent sub-goals by advancing  steps toward final goals. These undergo validation, with paths replanned using agile A* implementation (Xu et al. 2024).
Phase 6: Enhanced A* Implementation
Our agile pathfinding represents agent states as position-time coordinates. Neighbor generation allows four cardinal directions plus waiting actions. Constraint handling incorporates -step delays, while heuristic enhancement multiplies the Manhattan distance by . Neighbor prioritization is based on the grid center distance (Li et al. 2022).
Phase 7: Performance Optimization
The algorithm implements duplicate state detection using efficient state keys. Termination occurs under three conditions: successful solution discovery, failure due to an empty open list, or timeout expiration (Atzmon et al. 2020).
2.3 Algorithm Pseudocode
Algorithm 1: Agile Conflict-Based Search (ACBS)
Require: Graph , Agents  with start  and goal , Suboptimality bound 
Ensure: Conflict-free paths 
1: Initialize Constraint Tree
//Goal decomposition: assign initial sub-goals
2:     
3: for each agent  do
4:    
5:     
6: end for
7: 
8: 
9: insert  into 
10: while  do
11:                         			// Check for conflict-free solution                    
12:      if  is conflict-free then
13:          if all agents at final goals  then return 
14:          else
15:              Update  with next sub-goals       		// Assign next sub-goals          
16:              for each agent  do
17:                 
18:              end for
19:              
20:              insert  into 
21:          end if
22:      else
23:          		// Resolve conflict
24:          for each agent  do
25:              
26:              
27:              
28:              if  exists then
29:                  
30:                  insert  into 
31:              end if
32:          end for
33:      end if
34: end while
35: return failure (timeout or unsolvable)



2.4 Theoretical Analysis
Definition 1 (Agile Sub-Goal Decomposition): For any agent with starting position s and goal position g, agile sub-goal decomposition consists of intermediate positions  such that the cumulative path satisfies , where d represents the Manhattan distance and .

Theorem 1 (Suboptimality Bound Preservation): ACBS maintains the sub-optimality bound  for the sum-of-costs metric. If the optimal , then ACBS returns a solution with .

Lemma 1 (Conflict Reduction): Sub-goal introduction reduces average conflicts per agent by at least  in dense environments when the distance threshold .

3. results and discussion

3.1 Experimental Setup
We implemented ACBS in Java using the JGraphT library for graph operations and custom data structures for heuristic computations. Comparative evaluation utilized open-source Java implementations of CBS (Sharon et al. 2015), ECBS  (Barer et al. 2014), and EECBS  (Li et al. 2021). Experiments were conducted on standard server hardware (Intel Xeon, 64GB RAM) with a  timeout per instance. Benchmark evaluation used Moving AI Lab MAPF dataset (Stern et al. 2019), focusing on large maps: empty- (sparse), warehouse- (dense), and den520d (game map). For each agent count , we generated  random instances per map with uniform start/goal sampling, avoiding obstacles.

3.2 Runtime Performance Analysis
Our experimental results demonstrate substantial runtime advantages for ACBS across all tested configurations. At the -agent scale, ACBS achieved an average runtime of  seconds compared to  seconds for CBS, representing a  speedup (Table 1). This performance gap widened significantly at higher agent densities, with ACBS completing -agent instances in  seconds versus  seconds for CBS, a  improvement.
The most striking finding appears at the -agent scale, where ACBS remained the only algorithm capable of solving instances within the -second timeout, completing them in an average of  seconds. Both CBS and ECBS exceeded timeout thresholds at this scale, while EECBS failed beyond  agents. This validates our hypothesis that agile heuristics and goal decomposition provide critical advantages in large-scale scenarios.
Analyzing runtime growth patterns, ACBS exhibits approximately linear scaling up to  agents, after which growth becomes slightly super-linear but remains manageable. In contrast, CBS demonstrates exponential growth beyond  agents, consistent with the theoretical complexity of constraint tree expansion in high-conflict environments.
Table 1. Runtime comparison in seconds 

	Agents
	CBS
	ECBS
	EECBS
	ACBS

	100
	2.1
	1.5
	1.2
	0.9

	300
	15.3
	8.7
	6.4
	4.2

	500
	45.6
	22.1
	15.8
	9.5

	700
	120.4
	51.3
	32.7
	18.6

	900
	300
	95.2
	58.9
	31.4

	1100
	TO
	180.5
	102.3
	52.7

	1300
	TO
	250
	145.6
	78.9

	1500
	TO
	TO
	210.4
	105.2

	1700
	TO
	TO
	280
	142.3

	1900
	TO
	TO
	TO
	185.6

	2000
	TO
	TO
	TO
	220.1




Fig 1.  Runtime performance comparison across different agent counts (Generated using values in Table 1)

3.3 Success Rate Performance
Success rate trends reveal ACBS's robustness under computational constraints. While all algorithms achieved  success at  agents, divergence became apparent at  agents, where CBS dropped to  success compared to ACBS's maintained  (Table 2). This gap expanded dramatically beyond  agents.
At  agents, ACBS maintained a  success rate while ECBS achieved only  and CBS effectively failed ( success). The  success rate achieved by ACBS at  agents, compared to  for EECBS and  for other baselines, demonstrates the practical viability of our approach for large-scale deployments.
Failure analysis reveals that unsuccessful ACBS instances typically occurred in dense-32×32 configurations where obstacle density () combined with high agent populations created extremely constrained solution spaces. These failures occurred at timeout rather than due to solution impossibility, suggesting longer timeouts could further improve success rates.
Table 2. Success rate percentages across different agent counts

	Agents
	CBS
	ECBS
	EECBS
	ACBS

	100
	100
	100
	100
	100

	300
	98
	100
	100
	100

	500
	92
	98
	99
	100

	700
	75
	95
	97
	99

	900
	50
	88
	92
	98

	1100
	20
	75
	85
	96

	1300
	5
	60
	78
	94

	1500
	0
	40
	65
	90

	1700
	0
	25
	50
	85

	1900
	0
	10
	30
	80

	2000
	0
	5
	15
	75




Fig 2. Success rate comparison showing ACBS maintaining high performance (generated using the values presented in Table 2)

3.4 Solution Quality Assessment
Solution quality measurements (Table 3) confirm that ACBS maintains the  suboptimality bound while delivering superior runtime performance. At  agents, ACBS produced solutions with normalized  of  - only  above CBS optimal solutions and better than ECBS () and EECBS ().
Table 3. Normalized Sum-of-Costs relative to CBS optimal solutions

	Agents
	CBS
	ECBS
	EECBS
	ACBS

	100
	1
	1.15
	1.12
	1.1

	300
	1
	1.18
	1.14
	1.12

	500
	1
	1.19
	1.15
	1.13

	700
	1
	1.2
	1.16
	1.14

	900
	-
	1.2
	1.17
	1.15

	1100
	-
	1.2
	1.18
	1.16

	1300
	-
	-
	1.19
	1.17

	1500
	-
	-
	1.2
	1.18

	1700
	-
	-
	-
	1.19

	1900
	-
	-
	-
	1.19

	2000
	-
	-
	-
	1.2




Fig 3. Solution quality maintaining bounds while scaling (The data from Table 3 was used to generate this illustration)

The gradual  increase from  at  agents to  at  agents demonstrate bounded growth consistent with our theoretical guarantees. Notably, ACBS consistently produced lower-cost solutions than ECBS at equivalent agent counts, suggesting our goal decomposition strategy introduces less path redundancy than focal search approaches.
In dense-32×32 environments, ACBS achieved normalized  of  at  agents compared to  for EECBS, indicating that temporal flexibility and priority-based conflict resolution effectively minimize unnecessary detours even in highly constrained spaces.

3.5 Environmental Impact Analysis
Performance characteristics varied significantly across map types. In empty-32×32 configurations, all algorithms performed relatively well up to  agents due to abundant alternative paths. However, ACBS's advantage emerged beyond this threshold, completing -agent instances  faster than EECBS.

The warehouse-20×20 environment, with structured  obstacle density presented the most challenging scenario. Here, ACBS demonstrated its greatest relative advantage, solving -agent instances with  success rate versus  for EECBS. We attribute this to effective sub-goal placement in corridor-like structures typical of warehouse layouts, reducing the need for complex conflict resolution.

In dense-32×32 maps ( random obstacles), ACBS maintained strong performance but showed slightly elevated runtimes compared to sparse environments, expected given increased pathfinding complexity. Nevertheless, at  agents, ACBS completed instances in  seconds while EECBS required  seconds.

3.6 Scalability Implications
The convergence of trends in Figures 1-3 reveals critical scalability thresholds. Between  agents, all baseline algorithms exhibit sharp performance degradation, with success rates dropping below  and runtimes approaching timeout limits. ACBS, however, maintains relatively stable performance through this range, with degradation delayed until approximately  agents.

This -agent extension of viable operating range represents a significant practical advancement. For warehouse automation scenarios requiring coordination of hundreds of robots, this translates to supporting approximately  more agents within real-time constraints compared to existing bounded suboptimal approaches.

3.7 Algorithmic Trade-offs
While ACBS demonstrates clear advantages in large-scale scenarios, we observe modest overhead in small-scale instances ( agents) where goal decomposition introduces unnecessary computational steps. At  agents, ACBS requires seconds compared to EECBS's  seconds, a marginal difference but worth noting for applications requiring optimal performance at small scales.

The anytime property of ACBS proved valuable in timeout scenarios. Among instances reaching the -second limit, ACBS returned valid (though potentially suboptimal) solutions in  of cases, compared to  for EECBS. This behavior aligns with our design goal of ensuring graceful degradation under time constraints.


3.8 Limitations and Boundary Conditions
Our experiments identified several boundary conditions. Beyond  agents, even ACBS success rates declined to approximately, suggesting fundamental computational limits of the CBS framework. The  failure rate at maximum scale occurred predominantly in dense environments, indicating that extremely high agent-to-space ratios remain challenging regardless of algorithmic improvements.

Additionally, instances with very long optimal paths ( timesteps) showed elevated runtimes for all algorithms, though ACBS maintained relative advantages. This suggests future work on path compression or hierarchical decomposition could yield further improvements.

4. CONCLUSION

ACBS represents a significant advancement in bounded-suboptimal MAPF by integrating agile algorithmic elements, achieving superior scalability for agent populations from  (Mohammed et al, 2025). Experimental evaluation demonstrates consistent outperformance of CBS, ECBS, and EECBS across runtime efficiency, success rate achievement, and computational efficiency while maintaining solution quality within  suboptimality bound. The algorithm’s robustness has been validated through comprehensive testing, confirming effectiveness for academic research and real-time deployment scenarios, including warehouse automation and autonomous vehicle coordination. Its demonstrated capability to handle large-scale, dense operational scenarios establishes it as a significant contribution to MAPF research.

5. Future Work

Future research directions include integrating lifelong MAPF extensions for dynamic goal scenarios, incorporating machine learning techniques for heuristic prediction, and conducting validation on actual robotic hardware platforms. Additionally, investigating tighter suboptimality bounds  or developing hybrid optimal/suboptimal operational modes would enhance algorithmic versatility.
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