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db-CBS: Discontinuity-Bounded Conflict-Based Search for Multi-Robot
Kinodynamic Motion Planning
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Abstract— This paper presents a multi-robot kinodynamic
motion planner that enables a team of robots with differ-
ent dynamics, actuation limits, and shapes to reach their
goals in challenging environments. We solve this problem by
combining Conflict-Based Search (CBS), a multi-agent path
finding method, and discontinuity-bounded A*, a single-robot
kinodynamic motion planner. Our method, db-CBS, operates
in three levels. Initially, we compute trajectories for individual
robots using a graph search that allows bounded discontinuities
between precomputed motion primitives. The second level
identifies inter-robot collisions and resolves them by imposing
constraints on the first level. The third and final level uses
the resulting solution with discontinuities as an initial guess
for a joint space trajectory optimization. The procedure is
repeated with a reduced discontinuity bound. Our approach
is anytime, probabilistically complete, asymptotically optimal,
and finds near-optimal solutions quickly. Experimental results
with robot dynamics such as unicycle, double integrator, and
car with trailer in different settings show that our method is
capable of solving challenging tasks with a higher success rate
and lower cost than the existing state-of-the-art.

I. INTRODUCTION

Multi-robot systems have a wide-range of real-world
applications including delivery, collaborative transportation,
and search-and-rescue. One of the essential requirements to
enhance the autonomy of a team of robots in these settings
is being able to reach the goal quickly while avoiding
collisions with obstacles and other robots. Moreover, the
planned motions are required to respect the robots” dynamics
which impose constraints on their velocity or acceleration.
Considering the complexity of Multi-Robot Motion Planning
(MRMP), the majority of existing solutions either make
simplified assumptions like ignoring the robot dynamics or
actuation limits, produce highly suboptimal solutions, or do
not scale well with the number of robots.

In this paper, we present an efficient, probabilistically-
complete and asymptotically optimal motion planner for
a heterogeneous team of robots which takes into account
constraints imposed by robot dynamics, see Fig. 1 for an
example. Our method leverages the Multi-Agent Path Find-
ing (MAPF) optimal solver Conflict-Based Search (CBS),
the single-robot kinodynamic motion planner discontinuity-
bounded A* (db-A*), and nonlinear trajectory optimization.
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Fig. 1. Db-CBS solving multi-robot kinodynamic motion planning. Left:
problem instance with a team of 8 heterogeneous robots: unicycle 1% order
(rectangle), double integrator (circle), car with trailer (rectangle with box
in the end). Right: Real-world experiment with four flying robots that have
to pass through a narrow window to swap their positions.

We are motivated by the success of solving multi-agent
path finding problems efficiently with bounded suboptimality
guarantees using the family of Conflict-Based Search (CBS)
algorithms. Our algorithm, called Discontinuity-Bounded
Conflict-Based Search (db-CBS), performs a three-level
search. On the low-level the single-robot motion is planned
separately for each robot relying on pre-computed motion
primitives obeying the robot’s dynamics. The computed
trajectories may result in inter-robot collisions, which are
resolved one-by-one in the second-level search. Different
from CBS, we allow the trajectories to be dynamically
infeasible up to a given discontinuity bound during these two
searches. Then, we use the output trajectories as an initial
guess for a joint space trajectory optimization on the third
level. This is repeated with a lower discontinuity bound in
case of failure or if a lower-cost solution is desired. In this
way, we combine the advantages of informed discrete search
and optimization to find a near-optimal solution quickly.

The main contribution of this work is a new kinodynamic
motion planner for multi-robot systems. We compare our
method with other kinodynamic motion planning methods
with the identical objective of computing time-optimal tra-
jectories. Finally, we demonstrate that our planned motions
can be safely executed on a team of flying robots.

II. RELATED WORK

Multi-Agent Path Finding (MAPF) assumes a discrete
state space represented as a graph. A robot can move from
one vertex along an edge to an adjacent neighbor in one
step; robots cannot occupy the same vertex or traverse the
same edge at the same timestep. For collision checking,
vertices are often placed in a grid, but any-angle extensions
exist [1]. Finding an optimal MAPF solution is NP-hard [2].
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Current algorithms plan paths for each robot individually
and then resolve conflicts by fixing velocities [3], assigning
priorities to robots [4] or adding path constraints as in
CBS [5]. Although MAPF has practical applications in
real-world problems, it ignores robot dynamics and can
result in kinodynamically infeasible solutions. The planned
paths may be followed using a controller and plan-execution
framework [6]. However, this is suboptimal, may result in
collisions, and does not generalize to all robot types.

Kinodynamic motion planning remains challenging, even
for single robots. Search-based methods with motion prim-
itives have been adapted to a variety of robotic systems,
including high-dimensional systems [7]. Those motion prim-
itives are on a state lattice, thus they are able to connect states
properly and can be designed manually [8]. Afterwards,
any variant of discrete path planning can be used without
modifications. Sampling-based planners expand a tree of
collision-free and dynamically feasible motions [9-11]. Even
though solutions have probabilistic completeness guarantees,
they are suboptimal and require post-processing to smooth
the trajectory. Optimization-based planners rely on an initial
guess and optimize locally, for example by using sequential
convex programming (SCP) [12]. Hybrid methods can com-
bine search and sampling [13], search and optimization [14]
or sampling and optimization [15]. In this work, we extend
db-A* [16] - a hybrid method connecting ideas from search,
sampling, and optimization.

For multi-robot kinodynamic motion planning, single-
robot planners applied to the joint space can be used,
but do not scale well beyond a few robots. Extensions of
CBS can tackle the Multi-Robot Motion Planning (MRMP)
problems. For example, discretized workspace grid cells can
be connected via predefined motion primitives [17]. How-
ever, computing primitives remains challenging for higher-
order dynamics. Another option is to use model predictive
control [18] or a sampling-based method [19] as the low-
level planner. The latter, called K-CBS, uses any sampling-
based planner and merges the search space of two robots
if the number of conflicts between the robots exceeds a
threshold. In the worst case, all robots may be merged but
probabilistic completeness is achieved. In Safe Multi-Agent
Motion Planning with Nonlinear Dynamics and Bounded
Disturbances (S2M2) [20], Mixed-Integer Linear Programs
(MILP) and control theory are combined by computing
piecewise linear paths that a controller should be able to
track within a safe region. These safe regions can be large,
which makes the method incomplete.

Db-CBS, also leverages CBS, but we use a different
single-robot planner and trajectory optimization, resulting in
an efficient algorithm with completeness guarantees.

III. PROBLEM DEFINITION

We consider N robots and denote the state of the i robot
with x() € X ¢ R%® , which is actuated by controlling
actions u® e YD c R%®. The workspace the robots
operate in is given as W C R (d,, € {2, 3}). The collision-
free space is Whoo C W.

We assume that each robot 7 € {1,..., N} has dynamics:

x(® — £@ (x(i), u(i)). (1)

The Jacobian of £() with respect to x(¥) and u(*) are assumed
to be available in order to use gradient-based optimization.
With zero-order hold discretization, (1) can be framed as

(@) (@) @)

Xpiq A step(xy”, uy) = Ef) + £ (x,(:),ul(f))At7 ()

where At is sufficiently small to ensure that the Euler
integration holds.

X x@ %O <O

We use Xo s Xy s Xphp) asoa se-
quence of states of the i robot sampled at times
0,At,..., KAt and UD = (u; () u?), .. (;()(,,)71> as

a sequence of actions applied to the i robot for times
[0, At), [At, 2A1), ..., [(K® —1)At, KW At). Our goal is
to move the team of N robots from their start states xgl) €
X to their goal states ng) € X as fast as possible
without collisions. This can be formulated as the following
optimization problem:

N
i K@
{X“)},{%l(l'}}}:{f((“}; )
x,(jﬂ)_l = step(x,g),u,(j)) Vi Vk,
u” u<7‘>, xex®  vivk,
s.t. <>( 1) € Whree Vi VEk,
BO(x) N B () =0 Vi # j VE,
) 50, 0 )
where B® : X 5 2W js a function that maps the

configuration of the i robot to a collision shape. The
objective is to minimize the sum of the arrival time of all
robots.

IV. APPROACH

A. Background

We first describe db-A* and CBS in more detail, since our
work generalizes them into a multi-robot case operating in
continuous space and time.

db-A* is a generalization of A* for kinodynamic motion
planning of a single robot that searches a graph of implicitly
defined motion primitives, i.e., precomputed motions respect-
ing the robot’s dynamics [16].

A single motion primitive can be defined as a tuple
(X, U, K), consisting of state sequences X = (xq, ..., Xx)
and control sequences U = (uo, ..., ux—1), which obey the
dynamics x;1 = step(xg, ug). These motion primitives are
used as graph edges to connect states, representing graph
nodes, with user-configurable discontinuity 9.

As in A*, db-A* explores nodes based on f(x) =
g(x) + h(x), where g(x) is the cost-to-come. The node with
the lowest f-value is expanded by applying valid motion
primitives. The output of db-A* is a §-discontinuity-bounded
solution as defined below.
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Definition 1: Sequences X = (Xg,...,Xg), U =
(ug, ..., ux_1) are d-discontinuity-bounded solutions iff the
following conditions hold:

d(xg+1, step(xg, ug)) < 0 Vk, 4)
u, €U, x € X, B(Xk) € Wfreer,

d(x0,%5) <6, d(xg,xy) <0,
where d is a metric d : X x X — R, which measures the
distance between two states.

To repair discontinuities in the trajectory, db-A* combines
discrete search with gradient-based trajectory optimization in
an iterative manner, decreasing § with each iteration.

CBS is an optimal MAPF solver which works in two
levels. The high-level search finds conflicts between single-
robot paths, while at the low-level individual paths are
updated to fulfill time-dependent constraints using a single-
robot planner. Each high-level node contains a set of con-
straints and, for each robot, a path which obeys the given
constraints. The cost of the high-level node is equal to the
sum of all single-robot path costs. When a high-level node P
is expanded, it is considered as the goal node, if its individual
robot paths have no conflicts. If the node P has no conflicts,
then its set of paths is returned as the solution. Otherwise,
two P; and P, child nodes are added. Both child nodes
inherit constraints of P and have an additional constraint
to resolve the last conflict. For example, if the collision
happened at vertex s at time ¢ between robots ¢ and j,
then the node P; has an additional constraint (7, s, t), which
prohibits the robot ¢ to occupy vertex s at time ¢. Likewise,
the constraint (j, s, t) is added to P,. Afterwards, given the
set of constraints for each node, the low-level planner is
executed for the affected robot, only.

B. db-CBS

Our planning approach, db-CBS, adapts CBS to the kin-
odynamic case. The structure of db-CBS consists of the
following steps: i) a single-robot motion with discontinuous
jumps is computed for each robot using db-A*, ii) collisions
between individual motions are resolved one-by-one, iii)
discontinuous motions are repaired into smooth and feasi-
ble trajectories with optimization. These steps are repeated
until a solution is found or the desired solution quality is
achieved. Although the two-level framework of CBS remains
unchanged in our approach, the definition of conflicts and
constraints need to be changed for the continuous domain.
We define a conflict as C = (i, j,x\”, x7)_ k) for a collision
between robot i with state xi) and robot j with state X(j )
identified at time k. The resulting constraint for robot i is
<i7x§;), k), which prevents it to be within a distance of ¢
to state xé) at time k. Similarly, the constraint for robot j

(j,x,(j ),k:). The notion of a discontinuity § defines the
constraint as an actual volume (around a point), which is
crucial for the efficiency and completeness guarantees.

The high-level search of db-CBS is shown in Alg. 1. Its
major changes compared to CBS are highlighted. Db-CBS
finds a solution in an iterative manner and decreases the

value of the discontinuity allowed in the final path with
each iteration (Line 5). AddPrimitives adds more motion
primitives from a pre-computed set of motions and from the
optimization output. In each iteration, the root node of the
constraint tree is initialized by running the low-level planner
for each individual robot separately with the given set of
motion primitives, current § and no constraints (Line 8).
Each single-robot motion consists of a concatenation of
motion primitives that avoid robot-obstacle collisions as
well as the specified constraints. If single-robot motions are
found successfully, they are validated for inter-robot collision
(Line 13) by checking sequentially at each timestep if a
collision between any two robots occurred. The checking
terminates when the earliest conflict is detected. This conflict
is resolved by creating constraints and computing trajecto-
ries with the low-level planner for each constrained robot
(Line 20-Line 24). Db-CBS uses an extension of db-A*
that can directly consider dynamic constraints efficiently for
the low-level search. If the motions have no conflicts, they
are used as an initial guess for the trajectory optimization
(Line 15). The trajectory optimization is performed in the
joint configuration space with:

N K-1
oy {Um} I G ) 5)
Xk ) (1) f(1)( () (1))
). ) |
S O0) I ] I PRI RA
8.t [uk ,uk ,e u,(CN)}T €U Vk,
{xfﬁl),x,(f), . ,x,(fN) ! € X Vi,
g <{x,§”,x§f), : (N)]T> >0 Vk
) =x®, X0, =xP i

Here, the cost is J(x\’ ul’) = At + BHU 2 with
a regularization 8, and U = x;UD, X = x; XD are
the joint action space and joint state space, respectively.
The optimization variables are state and control actions of
all robots, and the length of the time interval At. The
signed-distance function g() performs robot-robot and robot-
obstacle collision avoidance for each state. Since our ultimate
objective is to minimize the sum of arrival times, we add the
goal constraints at different timesteps K (?) for each robot
based on the discontinuity-bounded initial guess. The trajec-
tory optimization problem (5) can be solved with nonlinear,
constrained optimization. In our work we use differential
dynamic programming (DDP), adding the goal and collision
constraints with a squared penalty method.

C. db-A* For Dynamic Obstacles

In CBS and db-CBS, constraints arise directly from con-
flicts and represent states to be avoided during the low-level
search, which requires planning with dynamic obstacles. In
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Algorithm 1: db-CBS: Discontinuity-Bounded
Conflict-Based Search (High-Level Search)

/* Main changes compared to CBS are highlighted. *
tnput: {x{"}, {x}"}, Wiree, N
Result: {X(9} {U®}
1 M =0 vre{l,...,N}
2 forn=1,2,... do
3 |forr e N do
4 || MO M) UnddPrimitives(r)
primitives for each robot dynamics
5 | 0n  ComputeDelta()
6 | S « Node(solution : 0, constraints : 0)
foreach robot i € R do
8 S.solution[i] +—db-Ax (xg) , ng), Weree, M 8, None)
> Single-robot planner with no constraints
9 | S.cost + GetSolutionCost(S.solution) > Update cost
10 | O« {S} > Initialize open priority queue
1 | while |O| > 0do
12 | | P+ PriorityQueuePop(O)
13 | | C < GetEarliestConflict(P.solution)
collisions between individual motions
14 | | if C =0 then
15 {X®},{UD} « optimization (P.solution)
16 if {XHY {UDY} successfully computed then
17 LReport {X®1},{u®}) > New solution found
18 else
19 (i,7,xD x0) k) « C
20 foreach ¢ € {7,;} do

> Initial set of motion primitives

> Add motion

> Update discontinuity bound
> Root node

> Lowest solution cost
> Check for

> Extract conflict

21 P’ + Node(solution : P.solution, constraints :
P.constraints U {{c,x(¢) k)})
2 P’ .solution|c] +
db-Ax (xgc) , x;c), Wereo, M9 5, P! .constraints)
23 P’.cost = GetSolutionCost(P’.solution)
24 PriorityQueuelInsert (O, P’)

CBS, the most common approach is to use A* in a space-
time search space or SIPP [21]. Inspired by SIPP, we extend
db-A* in order to solve single-robot path planning which is
consistent with constraints. Our extended db-A* is given in
Alg. 2. The notation x @ m indicates that the motion m is
applied to state x. ‘

Recall that a constraint (i, x., k) enforces d(x,, x,(j)) > 0.
We handle all constraints during the expansion of neighbor-
ing states, where we only include motions that are at least
0 away from any constrained state (Line 13 - Line 16). In
addition, avoiding dynamic obstacles might require to reach a
state with a slower motion. Thus, we keep a list of safe arrival
time, parent node, and motion to reach this state from the
parent (Line 3). When a potentially better path is found, we
keep previous solution motions rather than removing them
(Line 26). Conceptually, this is similar to SIPP, except that
we do not store safe arrival intervals but potential arrival
time points, since not all robots are able to wait. Empirically,
storing the arrival times compared to always creating new
nodes is significantly faster in our experiments.

D. Properties and Extensions

CBS is a complete and optimal algorithm for MAPF, i.e., if
a solution exists it will find it and the first reported solution
has the lowest possible cost (sum of costs of all agents).

Algorithm 2: db-A* with Dynamic Obstacles

/* Main changes compared to db-A* are highlighted. *
Input: x5, x5, Whree, M, 6,C
Result: X, U, K or Infeasible
1 Tm < NearestNeighborInit(M)
motions (excl. position)
2 Ty < NearestNeighborInit({xs})
vertices (incl. position)
3 O« {Node(x:x5,9:0,h:h(xs),A:{(g:0,p: None,a:
None)})} > Initialize open priority queue
while |O| > 0 do
n < PriorityQueuePop(O)
if d(n.x,xy) <4 then
| return X, U, K
> Find applicable motion primitives with discontinuity up to ad
8 | M’ < NearestNeighborQuery(7Tm, n.x,ad)
9 | foreachm € M’ do
10 ifn.x ®m ¢ Weee then
n | | | continue

> Use start states of

> capture explored

> Lowest f-value

R T

> Traceback solution

> entire motion is not collision-free

12 | | gt ¢ n.g+ cost(m)
13 | | foreach c € C do

> tentative g-score for this action

14 W = mu%ﬂ > Motion primitive state for checking
15 if d(x’, c.x) < ¢ then
16 | continue loop Line 9 > m does not obey all constraints

17 | | > find already explored nodes within (1 — «)d
18 | | N/ <+ NearestNeighborQuery(Tn,n.x ® m, (1 — a)d)
1 | | if N/ = 0 then

20 PriorityQueuelInsert(O,Node(x:n.x P m,g:
gt,h:h(nx®m),A:{(g:9t,p:n,a:m)})

21 NearestNeighborAdd(Tn,n.x ® m)

22 else

23 foreach n’ € A do

24 if gt <n'/.g > Motion is better than a known motion then

25 n'.g =gt > Update cost

26 nA=n""AU{(g:gt,p:n,a:m)} > Add parent

27 PriorityQueueUpdate(O,n’)

28 return Infeasible

The proof [5] uses two arguments: i) for completeness, it is
shown that the search will visit all states that can contain
the solution, i.e., no potential solution paths are pruned, and
ii) for optimality, it is shown that CBS visits the solutions
in increasing order of costs (f-value) and can therefore not
have missed a lower-cost solution once it terminates.

The continuous time and continuous space renders the full
enumeration proof argument infeasible for MRMP problems.
Instead, we consider probabilistic completeness (PC; the
probability of finding a solution if one exists is 1 in the
limit over search effort) and asymptotic optimality (AO; the
cost difference between the reported solution and an optimal
solution approaches zero in the limit over search effort).
We assume that there exists a finite § > 0 such that the
trajectory with discontinuity is optimized successfully. We
now show that db-CBS is both probabilistically complete
and asymptotically optimal and therefore an anytime planner,
similar to sampling-based methods such as SST*.

Theorem 1: The db-CBS motion planner in Alg. 1 is
asymptotically optimal, i.e.

lim P({c, —c" >¢€}) =0, Ve >0, (6)

n—oo

where ¢, is the cost in iteration n and c¢* is the optimal cost.
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Proof Sketch: Each iteration in Line 2 operates on a
discrete search problem over the graph implicitly defined by
the finite set of motion primitives. We find an optimal solu-
tion, if one exists, within this discretization by [5, Theorem
1]. Subsequent iterations add more motion primitives and
reduce 4 as in [16]; therefore, a larger discrete search graph is
produced, for which the optimality proof of CBS still holds.
In the limit (M| — oo, 6 — 0), db-CBS will report the
optimal solution. This argument is the same as the detailed
version in [22, Theorem 1 and 2], for combining PRM and
CBS. A formal version of this proof, including bounding the
actual probability, is given in [16, Theorem 2]. [ ]

Theorem 2: The db-CBS motion planner in Alg. 1 is
probabilistically complete.

Proof: This directly follows from Theorem 1, since
asymptotic optimality implies probabilistic completeness. W

This result compares to the baseline algorithms as follows.
SST#* is probabilistically complete and asymptotically near-
optimal, where the near-optimality stems from a fixed hyper-
parameter similar to the time-varying § in db-CBS. K-CBS
is probabilistically complete and could achieve asymptotic
optimality by using an incremental cost bound similar to
AO-x [23]. S2M2 is neither probabilistically complete nor
asymptotically optimal, because it uses pessimistic approxi-
mations and priority-based search. We show concrete exam-
ples in which S2M?2 fails to find a solution in Sec. V.

We note that db-CBS can naturally plan for heterogeneous
teams of robots, where individual team members may have
unique dynamics or collision shapes. This does not require
any algorithmic changes, as the low-level planner can use
different motion primitives and constraints are defined for
each robot themselves, and conflicts can be detected using
arbitrary collision shapes. On the optimization side, we rely
on nonlinear optimization and stacked states which naturally
extends to varied state and action dimensions.

V. RESULTS

We compare our method with other multi-robot kino-
dynamic motion planners on the same problem instances.
We consider robots with three to five-dimensional states:
unicycle, ond order unicycle, double integrator, and car with
trailer, see [16] for dynamics and bounds. For the double
integrator, we use v € [—0.5,0.5] m/s, a € [—2.0,2.0] m/s?.

For testing scenarios we focus on cases where the
workspace has small dimensions, thus it is challenging for
robots to find collision-free motions in a time-optimal way.

In each environment, we compare our method with K-
CBS [19], S2M2 [20], and joint space SST* [11]. We analyze
success rate (p), computational time until the first solution
is found (t), and cost of the first solution (J). An instance
is not solved successfully if an incorrect solution is returned,
or no solution is found after Smin. To compare relative
improvements over baselines, we use a notion of regret, i.e.,
TsZmZ — (J52m2 _ Jdbcbs)/JsZmZ'

We use OMPL [24] and FCL [25] for K-CBS, SST* and
db-CBS. For fair comparison, we set the low-level planner of
K-CBS to SST*, and modify the collision checking in order

Fig. 2. Top row: S2M2, K-CBS, db-CBS with swap (left to right). Middle
row: SST*, S2M2, db-CBS with alcove. Last row shows instances where
only db-CBS is able to return a solution: 4 cars with trailer with swap, 4
unicycles with swap, and 8 unicycles with random start and goal states.

to support robots of any shape. For S2M2, we use the Euler
integration to propagate the robot state and bound control
actions. For K-CBS and S2M2 we use the respective publicly
available implementations from the authors. For K-CBS, we
disable merging. When comparing with S2M2, we use a
spherical first order unicycle model and quadrupled angular
velocity bounds w € [—2,2] rad/s, since the provided
code was unable to solve most of our very dense planning
problems otherwise. Moreover, there is a trade-off in setting
a parameter for bloated obstacles; a small gain leads to
collisions with the environment, while a large gain results
in infeasible solutions. We carefully tuned this and other hy-
perparameters to maximize the success rate of all algorithms
(see our code for exact values). For db-CBS Algs. 1 and 2 are
implemented in C++, and the benchmarking script is written
in Python. For optimization, we extend Dynoplan [26], which
uses the DDP solver Crocoddyl [27]. We use a workstation
(AMD Ryzen Threadripper PRO 5975WX @ 3.6 GHz, 64
GB RAM, Ubuntu 22.04). Code, benchmark, and video are
available on github, see first page.

A. Canonical Examples

We compare the algorithms on canonical examples often
seen in the literature, see rows 1-3 in Table I and Fig. 2.

1) Swap: the environment has no obstacles and two robots
have to swap their positions, i.e, each robot’s start position
is the goal position of the other robot. In this environment
all baselines succeed with SST* and S2M2 being the fastest
to find a solution. However, their solution costs are higher
compared to db-CBS, even though less than of K-CBS.

2) Alcove: the environment requires one robot to move
into an alcove temporarily in order to let the second robot
pass. All baselines and db-CBS are able to solve this prob-
lem, except K-CBS.
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TABLE I
CANONICAL EXAMPLES, SCALABILITY WITH VARYING ROBOT NUMBERS, AND HETEROGENEOUS SYSTEMS.

MEDIAN VALUES OVER 10 TRIALS PER ROW. BOLD ENTRIES ARE THE BEST FOR THE ROW, —NO SOLUTION FOUND, * NOT TESTED.

# Instance SST* S2M2 K-CBS db-CBS

p| tsl [ Jls] [ (%] || p | tls] | Jls] [ r[%] || p| ts]| Jls][r[%] || p| t[s]| Jls] | r[%]
1 swap 0.3 0.1 | 29.8 49 1.0 | 0.1 | 16.0 5 1.0 21.5 30.4 50 1.0 3.6 15.2 0
2 alcove 0.9 42 | 455 50 1.0 | 0.5 ] 29.2 22 || 0.0 — — — || 1.0 44.0 22.8 0
3 at goal 0.5 0.5 | 33.8 47 | 0.0 | — — — || 0.0 — — — || 1.0 | 58.9 17.6 0
4 rand (N=2) 0.1 0.3 | 18.7 58 0.7 | 0.1 | 27.5 8 1.0 2.0 65.0 63 1.0 6.0 25.6 0
5 rand (N=4) 0.0 — — — |1 03] 04 | 52.0 13 ]/ 0.6 | 619 | 1444 59 || 1.0 | 287 55.1 0
6 rand (N=8) 0.0 — — — || 00| — — — || 0.0 — — — || 0.1 | 256.6 | 146.9 0
7 rand hetero (N=2) 0.1 | 157.2 | 33.6 29 * * * || 0.5 17.2 50.9 62 1.0 2.2 14.2 0
8 || rand hetero (N=4) [| 0.0 — — — * * * || 0.2 | 145.6 89.9 65 || 0.8 7.5 37.1 0
9 || rand hetero (N=8) || 0.0 — — — * * * [| 0.0 — — — [ 0.3 | 271.8 86.4 0

TABLE II

RUNTIME OF SST* (%), K-CBS (}), AND DB-CBS(}) IN SECONDS ON
THE SWAP PROBLEM (MEDIAN OVER 10 TRIALS).

N unicycle 15t double int. || car with trailer || unicycle 24

ull I O | S O | O O | I3 O i A

102 1.0{1.2(/0.0]1.0]02(]03| 1.0| 25|/ 15]|146]| 7.0
2 (24| 2021 —|2.0/04| —|10.1| 53| —[39.3|11.3
3| —| 34641 —| —|05|| —| — 119 —| —|209
41 —[2141|80| —| —|L1|| —| —|86.0|| —| —|235

3) At Goal: similar to Alcove, but one robot is already at
its goal state and needs to move away temporarily to let the
second robot pass. Just SST* and db-CBS are able to find
a solution, but with high difference between their solution
cost. The failure of S2M2 is due to collision violation.

Both alcove and at goal should be solvable by K-CBS for
finite merge bounds (a feature that was not readily available
in the provided code). However, in this case the algorithm
essentially becomes joint space SST* and would produce
solutions with a high cost as seen in Table I.

B. Scalability

1) Robot Number: we generate obstacles, start and goal
states for up to eight robots, see rows 4—6 in Table I. S2M2
and K-CBS are able to solve this problem with up to four
robots, however inconsistently. In addition, both of them are
failing to return a solution for eight robot cases, while db-
CBS scales up successfully.

2) Heterogeneous Systems: we generate obstacles, start
and goal states for a team of up to eight heterogeneous
robots, see rows 7-9 in Table I. S2M2 is not tested, since it
does not support all robot dynamics considered here. While
SST#* solves instances with two robots with significantly
lower cost compared to K-CBS, it struggles to scale to more
robots. K-CBS is able to handle up to four heterogeneous
robots, but the solution cost is very high. The success rate
and solution cost are the best for db-CBS across all settings.

Note that in these random instances the shown median of
J is not directly comparable unless the success rate p = 1.
In the table the positive regret  for all baselines shows that
db-CBS consistently computes lower-cost solutions.

3) State Dimension: in Table II we report the solution
quality of swap problem instances with different dynamics

and varying robot numbers (1-4), while keeping the start and
goal states unchanged. None of the methods, except db-CBS,
succeed to solve the problem with more than two robots
across different dynamics. However, K-CBS is able to solve
up to four unicycles (1% order), while the success rate of
SST* is very low if the robot number is greater than one.
Note that all problem instances consider 5 X 5 environ-
ments, which is significantly smaller compared to scenarios
S2M2 and K-CBS were previously validated on. We verified
that db-CBS shows anytime behavior empirically; similar to
[16] the first solution already has a low cost and subsequent
improvements are small and not shown for brevity.

C. Real-Robot Demo

The real-world experiments are conducted inside a 3.5 X
3.5 x 2.75 m3 room. We use Bitcraze Crazyflie 2.1 drones
and control them using Crazyswarm2 [28]. We consider two
scenarios with four robots modeled with 2D double integrator
dynamics (and thus do not include S2M2 in the discussion).
We first test the swap example. K-CBS and SST* can not
solve this problem similar to results observed in Sec. V-B.3,
while db-CBS takes 12.1s to return a trajectory with 11.4s
cost. The second scenario has a wall with a small window
and two robots on each side of the wall. The robots have
to pass through the small window, see Fig. 1. Only db-CBS
finds a solution within 80s with 21.1s cost.

VI. CONCLUSION

In this paper, we present db-CBS, an efficient, probabilis-
tically complete and asymptotically optimal motion planner
for a heterogeneous team of robots that considers robot
dynamics and control bounds. Db-CBS solves the multi-robot
kinodynamic motion planning problem by finding collision-
free trajectories with a bounded discontinuity and optimizes
them in joint configuration space. Empirically, we show that
db-CBS finds solutions with a significantly higher success
rate and better solution cost compared to the existing state-
of-the-art. Finally, we validate our planner on two real-world
challenging problem instances on flying robots.

In the future, we will solve problems with more robots and
over longer time horizons, for example by combining db-A*
with a more advanced version of CBS, such as Enhanced
CBS (ECBS), and by repairing discontinuities locally.
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