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Abstract: In this paper, we study the multi-robot task assignment and path-finding problem
(MRTAPF), where a number of robots are required to visit all given tasks while avoiding
collisions with each other. We propose a novel two-layer algorithm SA-reCBS that cascades
the simulated annealing algorithm and conflict-based search to solve this problem. Compared to
other approaches in the field of MRTAPF, the advantage of SA-reCBS is that without requiring
a pre-bundle of tasks to groups with the same number of groups as the number of robots, it
enables a part of robots needed to visit all tasks in collision-free paths. We test the algorithm in
various simulation instances and compare it with state-of-the-art algorithms. The result shows
that SA-reCBS has a better performance with a higher success rate, less computational time,
and better objective values.
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1. INTRODUCTION

Taking advantage of conducting collective behaviors that
may offer high-efficiency, redundancy, and robustness,
multi-robot systems (MRS) have attracted attention from
the scientific community. Nowadays, MRS have been ap-
plied in many pertinent areas of industry such as surveil-
lance and monitoring (Li et al., 2014), search and rescue
(Queralta et al., 2020), logistics (Farinelli et al., 2017), etc.
The fundamental problem of MRS is to allocate tasks to
robots and find conflict-free paths for the robots whilst
optimizing an objective. In this paper, we study a generic
task assignment and path-finding problem for MRS in a
known obstacle-ridden environment. There are different
numbers of robots and tasks. The problem is to assign the
tasks to the desired number of robots that start from dif-
ferent locations and plan collision-free paths for the robots
such that all tasks are visited and the flowtime(the sum of
all robots’ travel time) is minimized. We call this problem
multi-robot task assignment and path-finding (MRTAPF),
while Figure 1 depicts an illustrative scenario.

1.1 Related Work

Just as its name implies, the MRTAPF problem consists
of two components: Multi-robot task assignment (MRTA)
and Multi-agent path-finding (MAPF), both of which have
been extensively researched in the past. In recent years,
some researchers have put effort into solving task assign-
ment and path-finding problems simultaneously. In this
section, we provide a brief review of existing approaches
to tackle these problems.
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Fig. 1. Example of MRTAPF with 5 robots and 15 tasks,
where circles, grey blocks, and black blocks represent
start locations of robots, tasks, and obstacles respec-
tively.

MRTA: The MRTA problem addresses the issue of as-
signing tasks to robots such that an overall system goal
is achieved. Khamis et al. (2015) provided a review of
approaches to solving the MRTA problems. One main
approach is the auction-based algorithm, where robots
use a negotiation protocol to bid for tasks. There could
be a central auctioneer who decides which task to which
agent with global knowledge, or in a distributed manner,
robots have local information of the ambient environment
and communicate with each other instead of the central
coordinator. Choi et al. (2009) proposed the consensus-
based bundle algorithm (CBBA), which allows robots to
bid on a task asynchronously based on its own situational
awareness and then applies consensus strategy to converge
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the winning bids of robots.
Apart from auction-based methods, optimization-based
techniques are also widely used, composed of deterministic
and stochastic techniques. Deterministic techniques con-
sist of graph-based methods, mixed integer linear program-
ming (MILP), the Hungarian algorithm, etc. Stochastic
methods contain trajectory-based algorithms such as sim-
ulated annealing algorithm (Xiao et al., 2021), population-
based algorithms like genetic algorithm (Zhu et al., 2018),
ant colony optimization (Chen et al., 2022) and some
hybrid optimization approaches (Xue et al., 2021).

MAPF: The MAPF problem aims to plan paths for mul-
tiple agents to navigate from their starts to destinations
without colliding with each other. Yu and LaValle (2013)
proved that the MAPF problem is NP-hard. Prioritized
planning (Čáp et al., 2015) plans paths for each agent
in order of their priority. The planned path of an agent
is required to avoid conflicts with paths already found
for agents with higher priority. Some extensions of A∗

algorithm are able to solve MAPF optimally. For instance,
M∗ algorithm, developed by Wagner and Choset (2015),
is an implementation of subdimensional expansion over
A∗, constructing a variable dimensional search space to
resolve conflicts when necessary. Grenouilleau et al. (2019)
developed a Multi-label A∗ that adds labels indicating the
order of a list of goals and computes the shortest path
for an agent to visit them. One of the state-of-the-art
techniques, namely conflict-based search (CBS) (Sharon
et al., 2015), performs a search on a conflict tree based on
conflicts between individual robots at the high-level, and
at the low-level plans path for a single agent that satisfy
the constraints imposed by the high-level node. CBS is
proved to be optimal and complete.

MRTAPF:Multi-robot task-assignment and path-finding
problems are the integration of MRTA and MAPF. The
CBS-TA (Hönig et al., 2018) framework builds upon CBS
to identify assignment solutions within a search forest.
However, it has a limitation of being able to assign only
one exact goal to each agent, even if there are additional
unvisited goals remaining. Zhong et al. (2022) combines
CBS-TA and MLA* to achieve a one-task-to-one-agent
assignment, and each task consists of a sequence of goals
rather than a single goal. However, the goals are grouped
and sequenced originally. MS* (Ren et al., 2021) is an exact
algorithm that embeds mTSP solver to the M* algorithm
to address goal sequencing and path-finding simultane-
ously. Multi-agent pick-up and delivery (MAPD), in the
vein of TAPF, is a more complicated problem in which
each task has two ordered goals (Brown et al., 2020; Xu
et al., 2022).

1.2 Contributions

Based on the current SoA, this work addresses the low
execution time and low success rate issues when solving
MRTAPF with larger quantities of robots and tasks. We
propose SA-reCBS, a two-stage algorithm for MRTAPF
problems. The first stage assigns tasks to robots by solv-
ing a multi-depot vehicle routing problem by means of a
simulated annealing algorithm, assuming that robots will
not collide. The second stage is responsible for researching
the collision-free path sets. It takes the assignment result

from the first level and iteratively calls CBS algorithm
during the course of approaching tasks in the predeter-
mined order, until all the tasks are visited. In addition, we
evaluate the computational time of the proposed scheme
on several instances, with a combination of a number of
robots and tasks on different maps. The results indicate
that SA-reCBS outperforms the state-of-the-art multi-goal
sequencing and path-finding algorithm (Ren et al., 2022)
in terms of success rate, computational time, and total
cost.

2. PROBLEM DESCRIPTION

Consider an undirected graph G = (V,E), where v ∈ V
corresponds to locations and e ∈ E are unit-weight edges
connecting locations. There are N robots {a1, a2, . . . , an}
starting at different locations si ∈ V, i ∈ {1, 2, . . . , n}, with
a set of M different goal locations {g1, g2, . . . , gm} ⊆ V to
be visited.
All robots share a global clock. At each time step, an robot
can either wait at its current vertex or move along an edge
to an adjacent vertex. We denote the location of robot i
at time t as πt

i , thus a path for robot ai is a sequence of
locations Πi =

(
π0
i , . . . , π

t
i , . . .

)
. The aim of this paper is

to find paths for all the robots such that:
(1) Each robot starts at its starting locations and termi-
nates at one of the goal locations;
(2) Each goal location is visited exactly once by a robot;
(3) The planned paths of robots must be conflict-free;
(4) The total travel time of each robot is minimized.
Two robots are considered to be in conflict in two cases:
(a) vertex conflict, where two robots occupy the same
vertex at the same time, that is u = πt

i = πt
j , or

(b) edge conflict, where two robots traverse the same
edge from opposite directions at time t, that is u = πt

i =
πt+1
j and v = πt+1

i = πt
j .

3. METHODOLOGY

In this section, we present a two-stage algorithm called
SA-reCBS to tackle the multi-robot task assignment and
path-finding problem, where the conflict-based search is
leveraged to plan conflict-free paths for each robot to move
towards their assigned goal locations sequentially provided
by the simulated annealing algorithm.

3.1 Simulated Annealing

Ignoring the possible conflicts between robots, the as-
signment level takes the starting locations of the robots,
the goal locations, and the map information as inputs
and outputs visiting sequences of goal locations for all
robots. This procedure can be formulated as a simplified
Multi-Depot Vehicle Routing Problem (MDVRP). The
node set V in graph G is further partitioned into two
subsets: depot nodes Vd = {v1, v2, . . . , vn} and goal nodes
Vg = {vn+1, vn+2, . . . , vn+m}. Each edge that belongs to
the edge set E has associated distance cij . Let xijk equal
1 if edge (i, j) is visited by vehicle k, and 0 otherwise.
We denote an auxiliary variable yik to set up the sub-tour
elimination constraints
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The numerical model is shown as follows:

minimize
∑
k∈Vd

∑
i∈V

∑
j∈V

cijxijk (1)

Subject to

∑
i∈V

∑
k∈Vd

xijk = 1 ∀j ∈ Vg (2)

∑
j∈V

∑
k∈Vd

xijk = 1 ∀i ∈ Vd (3)

∑
i∈V

xijk −
∑
i∈V

xjik = 0 ∀k ∈ Vd, j ∈ Vg (4)

yik − yjk + M̃xijk ⩽ M̃ − 1 ∀(i, j) ∈ E, k ∈ Vd (5)

xijk ∈ {0, 1} ∀i ∈ V, j ∈ V, k ∈ Vd (6)

Constraints (2) and (3) ensure that an robot visits each
goal location exactly once. Constraints (4) and (5) are
the flow conservation and sub-tour elimination constraints,
respectively.
In this work, the cost matrix of cij is created by calculating
the distance between vertex vi and vertex vj , i, j ∈ V
with A∗ planner. Since robots are not required to return
to the original position, we simply set the distance from all
vertex to depot vertex as 0, which turns depots of robots
to dummy destinations that will have no effect on optimal
routes.
The MD-VRP problem is known to be NP-hard in combi-
natorial optimization, so to find an assignment and path
solution that is close to optimal, the simulated annealing
algorithm (Kirkpatrick et al., 1983) is employed as a meta-
heuristic method to find a near-optimized assignment.
An initial solution is obtained using Parallel Greedy Inser-
tion heuristic (Laporte and Semet (2002)), which inserts
the cheapest node at its cheapest position iteratively until
all nodes are inserted. By gradually decreasing the accep-
tance probability of worse solutions, simulated annealing
allows the algorithm to escape local minimums and ex-
plore a larger solution space. The threshold acceptance
method, proposed by Dueck and Scheuer (1990), is a
commonly used cooling schedule in simulated annealing
(Santini et al., 2018). It sets a threshold T for accepting
worse solutions, which decreases over time until it reaches
0. The algorithm always accepts better solutions but also
accepts worse solutions if their gap with the best-found
solution is within the threshold T .
In the solution searching phase, we apply local search
heuristics to improve the solutions. The relocate method
tries to re-insert a node into a new position, while the
SWAP method switches the positions of two tasks. These
methods help to refine the solution obtained from the
initial solution found by the Parallel Greedy Insertion
heuristic.
The SA stops when a predefined maximal iteration,
MAXITER, is reached. The choice of MAXITER is a
trade-off between computational time and solution quality.
A larger MAXITER may lead to better solutions but
requires more computational resources.

Algorithm 1 shows the pseudo-code of the SA.

Algorithm 1 Simulated Annealing

Input: s: The initial solution
Output: s∗: The best found solution

1: s∗ = s;
2: repeat
3: s′ = s;
4: use local search to update s′;

5: if
f(s′)− f(s∗)

f(s∗)
< T then

6: s = s′;
7: if f(s′) < f(s∗) then
8: s∗ = s′;
9: end if

10: end if
11: T = T − (Tinitial/MAXITER);
12: until MAXITER is met

3.2 Recurrent Conflict-Based Search (reCBS)

CBS (Sharon et al., 2015) is an optimal and complete
two-level algorithm that finds non-conflicting paths for
each robot starting from their start locations and ending
up in goal locations. At the high level, CBS searches
the constraint tree, each node of which contains a set
of constraints for each robot, the path of each robot
found by the low-level search that is consistent with its
constraints, and the sum of costs over all the robots.
Given the constraints of a node N , a low-level search is
invoked to return the constraints-consistent time-optimal
paths, followed by a new round of conflict detection. To
resolve a conflict and guarantee optimality, CBS generates
two successor nodes, one of which restricts one robot and
unfetters the other robots, the other node contrariwise. At
the low-level, a time-space A∗ search is conducted for each
robot that satisfies its constraints generated at the high
level while completely ignoring other robots.
To overcome the limitation of CBS where each robot
can only have one start and goal vertex, a recurrent
CBS strategy is proposed. In this approach, each robot
is assigned a temporary start location (Stemp) and a
temporary goal location (Gtemp) in the initial CBS round.
The output of the first round of CBS consists of the
conflict-free paths of every robot, and the robot with
the shortest path is the first to reach its temporary goal
location. All the paths are sliced to match the length of the
shortest path, and CBS is called again, taking the current
location of each robot as the new start location. For the
robot that reaches its temporary goal location the fastest,
its temporary goal is updated to its next goal to be visited,
while the goal locations for the other robots remain the
same. This process is repeated until all the goal locations
are visited, and the sliced paths are appended sequentially
to provide a conflict-free path for the robot to visit all
assigned goal locations. The robots that have reached their
last assigned goal locations are labeled as “done” and are
included in the next round of CBS in case they block
other robots. However, they will not be considered the
fastest to reach the temporary goal to avoid the algorithm
falling into a dead loop. Additionally, there may be cases
where there are redundant robots that are not assigned any
tasks. Such scenarios are also taken into account during the
implementation of the algorithm. Details are illustrated in
algorithm 2.
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the shortest path is the first to reach its temporary goal
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are visited, and the sliced paths are appended sequentially
to provide a conflict-free path for the robot to visit all
assigned goal locations. The robots that have reached their
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included in the next round of CBS in case they block
other robots. However, they will not be considered the
fastest to reach the temporary goal to avoid the algorithm
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Algorithm 2 Reccurent CBS

1: Input: SA assignment result
2: Start locations of each robot
3: Output: P : conflict-free paths for each robot
4: Stemp ← start locations of each robot
5: Initialize the index of the task to be done in assigned

tasks as 1 for all robots (Idxi = 1 )
6: Initialize empty list P
7: while True do
8: for all robot do
9: if robot i is not assigned any task then

10: Label i as done
11: Gtemp,i ← location of robot i
12: else
13: Label i as working
14: Gtemp,i ← location of the Idxi assigned task of

robot i
15: end if
16: end for
17: Ptemp = CBS (Stemp, Gtemp)
18: if all robots are labeled as done then
19: Append Ptemp to P
20: break
21: else
22: In Ptemp, find the working robot i that has the

shortest length t of path
23: Slice Ptemp for all working robots to length t
24: Extend Ptemp for all done robots to length t with

their last locations
25: Stemp ← last value of Ptemp

26: Append Ptemp to P
27: if Idxi < No. assigned tasks of robot i then
28: Idxi = Idxi + 1
29: else
30: Label i as done
31: end if
32: end if
33: end while
34: return P

We now discuss the optimality of the proposed algorithm.
The SA-reCBS is complete: the simulated annealing will
always return a feasible solution; iterations in the recurrent
CBS do not affect the completeness of CBS, which has
been proved in (Sharon et al., 2015). Thus, the cascaded
SA and recurrent CBS promises to find a solution if one
exists.
Obviously, the SA-reCBS cannot guarantee an optimal
solution for the MRTAPF problem because the simulated
annealing in the first layer is a meta-heuristic searching
algorithm.

4. EXPERIMENTS

The proposed scheme was implemented on a 1.9GHz AMD
Ryzen 7 Pro 5850U laptop with 16GB RAM and evaluated
on a total of 480 instances, consisting of 40 instances for
each combination of the number of robots n ∈ {5, 10, 20}
and the number of goal locations m ∈ {10, 20, 30, 40}, on
a 32x32 grid map with 40% obstacles. The obstacles oc-
cupied approximately 40% of the grids, sometimes slightly
less due to overlap. The initial locations of robots, tasks,
and obstacles were randomly generated for each instance.

The run time of the simulated annealing stage and conflict-
based search stage were evaluated separately, along with
the total travel distance of each robot.
For comparison, we also adapted the CBSS algorithm pro-
posed by Ren et al. (2022) to solve the MRTAPF problem
and ran both SA-reCBS and CBSS on the same map under
the same conditions (i.e., same number and locations of
robots and tasks).

Fig. 2. Run time statistics for the Simulated Annealing
algorithm

Fig. 3. Run time statistics for the Recurrent CBS solver

Fig. 4. Success rate of CBSS within 60 seconds
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Index SA-reCBS CBSS Index SA-reCBS CBSS

1 235 Inf 11 207 214

2 187 244 12 215 242

3 190 208 13 197 221

4 184 227 14 211 220

5 224 279 15 215 249

6 249 266 16 202 231

7 196 215 17 211 267

8 217 243 18 207 213

9 215 271 19 229 240

10 215 Inf 20 201 239

Table 1. Comparison of the total travel cost of CBSS and SA-reCBS in 20 instances of map
with n = 5 m = 30

Fig. 5. Execution time of CBSS (success) and SA-reCBS

Fig. 6. The difference of total cost of CBSS and SA-reCBS

SA-reCBS consists of two stages, the simulated annealing
for routing and the recurrent conflict-based search for colli-
sion avoidance. The computational time for the two stages
was calculated separately and is presented in Figure 2 and
Figure 3, respectively. The statistical characteristics of the
computational results were shown using boxplots, which
illustrate the range of values, as well as the lower and
upper quartiles and median values. In the boxplots, the
line at the bottom and top represents the minimum and
maximum values, respectively, while the bottom and top
of the box indicate the Q1 and Q3 points, respectively.
Any red points outside of the box-whisker section represent
outlier values.
Figure 2 depicts the run time statistics of the assignment-
routing stage. As the number of robots and tasks in-
creases, the complexity of the problem rises. Therefore, the

computational time of the simulated annealing algorithm
increases accordingly.
The execution time of the recurrent CBS, displayed in
Figure 3, rises gradually as the number of robots and tasks
grows, from around 0.2s with 5 robots and 10 tasks to
1.6s with 20 robots and 40 tasks. This is expected as the
iteration times of CBS increase with the advance of the
number of robots and tasks.
Figure 4 shows the success rate of CBSS for the instances.
The success rate refers to the rate of finding feasible
solutions within a time limit of 60 seconds. The data for
n = 20,m = 10 is missing because CBSS requires the num-
ber of tasks greater than the number of robots. From the
bar chart, we can say that the CBSS algorithm performs
similarly for the same number of robots, regardless of the
number of tasks, but drops drastically in performance as
the number of robotsgoes up (20% success rate with 20
robots). Whereas SA-reCBS remains a 100% success rate
(not shown in the figure).
To make a fair comparison between CBSS and SA-reCBS,
the instances where CBSS is able to find a solution are
sifted out, and the time efficiency and total cost of the
two algorithms are compared. The computational time of
both CBSS and SA-reCBS (the sum of the run time of
SA and recurrent CBS) increases monotonically as the
total number of robots and tasks increases, as shown in
Figure 5. Apart from the instance of n = 20, m = 10,
where CBSS is not able to find a solution, SA-reCBS
consistently outperforms CBSS in terms of computational
time. In Figure 6, we subtracted the total cost of SA-reCBS
from that of CBSS to compare the optimization result of
the two algorithms. In most cases, SA-reCBS found paths
for robots with a shorter total distance, as indicated by the
fact that nearly all the subtraction values were positive.
However, we are aware that CBSS found better results
in rare scenarios, such as when n = 5 and m = 40, as
the minimum value of the subtraction was below 0 in the
fourth sub-figure. Additionally, table 1 presents the total
travel cost of all robots of CBSS and SA-reCBS as an
example.
Overall, for MRTAPF problem, the proposed SA-reCBS
outperforms CBSS in terms of computational time, opti-
mization results and success rate, especially the success
rate. On the one hand, the transformation method for
solving mTSP in CBSS (Ren et al., 2022) is less effective in
solving the MDVRP problem. On the other hand, CBSS
couples CBS and mTSP to find a local optimal solution
with a conflict search forest, resulting in a long computa-
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sion avoidance. The computational time for the two stages
was calculated separately and is presented in Figure 2 and
Figure 3, respectively. The statistical characteristics of the
computational results were shown using boxplots, which
illustrate the range of values, as well as the lower and
upper quartiles and median values. In the boxplots, the
line at the bottom and top represents the minimum and
maximum values, respectively, while the bottom and top
of the box indicate the Q1 and Q3 points, respectively.
Any red points outside of the box-whisker section represent
outlier values.
Figure 2 depicts the run time statistics of the assignment-
routing stage. As the number of robots and tasks in-
creases, the complexity of the problem rises. Therefore, the

computational time of the simulated annealing algorithm
increases accordingly.
The execution time of the recurrent CBS, displayed in
Figure 3, rises gradually as the number of robots and tasks
grows, from around 0.2s with 5 robots and 10 tasks to
1.6s with 20 robots and 40 tasks. This is expected as the
iteration times of CBS increase with the advance of the
number of robots and tasks.
Figure 4 shows the success rate of CBSS for the instances.
The success rate refers to the rate of finding feasible
solutions within a time limit of 60 seconds. The data for
n = 20,m = 10 is missing because CBSS requires the num-
ber of tasks greater than the number of robots. From the
bar chart, we can say that the CBSS algorithm performs
similarly for the same number of robots, regardless of the
number of tasks, but drops drastically in performance as
the number of robotsgoes up (20% success rate with 20
robots). Whereas SA-reCBS remains a 100% success rate
(not shown in the figure).
To make a fair comparison between CBSS and SA-reCBS,
the instances where CBSS is able to find a solution are
sifted out, and the time efficiency and total cost of the
two algorithms are compared. The computational time of
both CBSS and SA-reCBS (the sum of the run time of
SA and recurrent CBS) increases monotonically as the
total number of robots and tasks increases, as shown in
Figure 5. Apart from the instance of n = 20, m = 10,
where CBSS is not able to find a solution, SA-reCBS
consistently outperforms CBSS in terms of computational
time. In Figure 6, we subtracted the total cost of SA-reCBS
from that of CBSS to compare the optimization result of
the two algorithms. In most cases, SA-reCBS found paths
for robots with a shorter total distance, as indicated by the
fact that nearly all the subtraction values were positive.
However, we are aware that CBSS found better results
in rare scenarios, such as when n = 5 and m = 40, as
the minimum value of the subtraction was below 0 in the
fourth sub-figure. Additionally, table 1 presents the total
travel cost of all robots of CBSS and SA-reCBS as an
example.
Overall, for MRTAPF problem, the proposed SA-reCBS
outperforms CBSS in terms of computational time, opti-
mization results and success rate, especially the success
rate. On the one hand, the transformation method for
solving mTSP in CBSS (Ren et al., 2022) is less effective in
solving the MDVRP problem. On the other hand, CBSS
couples CBS and mTSP to find a local optimal solution
with a conflict search forest, resulting in a long computa-

tional time.

5. CONCLUSION

In this work, we formulated a novel two-layer architecture
for multi-robot task allocation and reactive path-finding
that aims to minimize the total distance traveled by the
robots. The proposed SA-reCBS integrates the simulated
annealing algorithm with a recurrent conflict-based search
to assign tasks and plan collision-free paths for multiple
robots. SA-reCBS has a notable advantage over other
solvers for vehicle-routing problems and multi-agent path-
finding (MAPF) problems since it assigns all tasks to
robots without grouping them based on the number of
robots, while also guaranteeing no robot collisions. The
performance of the architecture is evaluated across several
grid map instances to assess its computational efficiency.
In comparison to cutting-edge algorithm CBSS, SA-reCBS
typically yields solutions with lower computational time
and total costs.
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