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Abstract— Robotic swarms are distributed systems that ex-
hibit global behaviors arising from local interactions between
individual robots. Each robot can be programmed with several
local control laws that can be activated depending on an
operator’s choice of global swarm behavior. While some simple
behaviors (e.g. rendezvous) with guaranteed performance on
known objectives under strict assumptions have been studied in
the literature, real missions occur in uncontrolled environments
with dynamically arising objectives and require combinations
of behaviors. Given a library of swarm behaviors, a supervisory
operator commanding the swarm must choose a sequence
of behaviors to execute in order to accomplish a particular
task during a mission composed of many dynamically arising
tasks. In this paper, we formalize the problem of finding an
optimal behavior sequence to maximize swarm performance
on a complex task. Given the swarm behavior library, a set of
decision time points and a performance criterion, we present
an informed search algorithm that computes the maximum
performance behavior sequence. The algorithm is proven to
be optimal and complete. A relevant modification is presented
that generates bounded suboptimal solutions more quickly. We
apply the algorithm to a swarm navigation application and a
dynamic area coverage application, demonstrating the utility
of our algorithm even in situations where the behaviors in the
library have not been designed for the task at hand.

I. INTRODUCTION

Swarm robotics is characterized by using simple robots in
large numbers to accomplish complex tasks. The emergent
behaviors based on the local interactions among the robots
and their environment allows the swarm to accomplish tasks
even with the sensor and computation limitations necessary
to produce a large group of robots inexpensively. Unfor-
tunately, the algorithms producing the emergent behaviors
are often only guaranteed to succeed in very controlled
environments (e.g. obstacle-free environments), which is not
practical in real-world applications. Real-world applications
include area coverage, search and rescue operations, military
surveillance or even first responder assistance [1]–[5]. The
environments in which robotic swarms are used for these
applications are often cluttered and non-convex. One way to
achieve complex tasks with swarms is to synthesize local
control laws that would accomplish the task while satisfying
practical constraints like collision avoidance [6]. However,
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this is a hard problem in general and there are no known
solutions with guaranteed performance for tasks like area
coverage, search and rescue, and surveillance [7]. Alterna-
tively, one can use a library of simple swarm behaviors
(which may not necessarily be designed for the task at
hand) and compose them using a supervisory controller to
accomplish the task. In this paper, we study the problem of
swarm behavior composition to achieve complex tasks.

More formally, the problem of swarm behavior compo-
sition can be stated as follows: Given a library of swarm
behaviors, B, and an objective function or performance
criterion encoding the task at hand, find the sequence of
behaviors and the times at which the behaviors should be
switched to accomplish the desired task. Although behav-
ior composition for accomplishing complex tasks has been
widely studied for single robot systems [8], [9], it is not
well studied for swarm systems. The key features of the
swarm robotic systems that make the behavior composition
problem challenging are (a) the dimension of the joint
state space of the swarm is very high, (b) very often the
closed loop dynamics of the individual robots using the local
control laws are nonlinear and so it is hard to have an a
priori estimate of the state of the system at a future time,
(c) convergence guarantees for behaviors are available only
under restrictive assumptions like no collision avoidance and
hence the swarm may not converge to the desired behavior.
The above features makes it difficult to evaluate the effect
of executing a behavior for a prescribed time and hence
planning a sequence of behaviors becomes difficult.

In this paper, we solve a simpler version of the general
behavior composition problem where we assume that the
behaviors are selected at given discrete decision time points.
After formalizing the problem, we present an informed
search algorithm that computes the optimal behavior se-
quence that should be executed from a given initial state
to maximize swarm performance on the task. We then apply
our algorithm to a swarm navigation application in which
our library of behaviors is well-suited for the task objectives.
Conversely, we then apply our algorithm to a swarm dynamic
area coverage application, which is an application for which
none of the behaviors in our library has been originally
designed. This demonstrates the utility of our algorithm in
composing behaviors to accomplish tasks for which individ-
ual behaviors were not originally designed.

Finally, we note that in prior work, experiments on human
control of robotic swarms have identified challenges and
interesting phenomena such as Neglect Benevolence [10],



where delaying an input can actually increase overall sys-
tem performance. These discoveries led to the formaliza-
tion of the phenomenon, which resulted in an algorithm
for identifying the optimal input time [11]. Interestingly,
in returning to human-swarm interaction experiments, this
algorithm enabled the creation of a rigorous benchmark task
for evaluating human performance in estimating the optimal
input time [12], something that humans need to do in real-
world situations where automated algorithms may not be
sufficiently efficient. Existing experiments in human-swarm
interaction [7] have repeatedly identified the challenge hu-
man operators face in selecting appropriate swarm behaviors.
We believe the algorithm we present, which is proven to be
both optimal and complete for the given decision time points,
not only represents a contribution (a) to solving the problem
of choosing an optimal behavior sequence, but also (b) as an
enabling factor in the creation of additional benchmarks for
human-swarm interaction performance.

II. RELATED WORK

While many different types of collective behaviors for
swarms have been studied in the literature [7], [13], it is
somewhat difficult to find a consistent mathematical defi-
nition of swarm behavior within prior work. Simple local
control laws have been proposed to generate spatially coor-
dinated motion for groups of robots for swarm behaviors like
flocking [14], rendezvous [15], [16] and pattern formation
[17]. Many of these swarm behaviors are often parameterized
and small changes in parameters can drastically change
the overall system dynamics and the swarm’s ability to
accomplish a task. The tuning of these parameters for a
particular task — even in the rare event that the task can
be completed with only one behavior — is another signif-
icant challenge. To address these issues, we first provide
a consistent mathematical definition of a swarm behavior
that allows us to treat very different behaviors like flocking
and pattern formation in the same framework. In addition,
we differentiate between swarm meta-behaviors defined by
a set of control laws with open parameters (e.g. flocking
attraction radius), and concrete swarm behaviors, which are
instantiated from swarm meta-behaviors by specifying the
parameters resulting in fixed swarm dynamics. Thus, it is
possible to systematically generate a behavior library by
instantiating concrete swarm behaviors from swarm meta-
behaviors described by existing control laws in the literature.

III. FORMALIZATION OF THE SWARM BEHAVIOR
SEQUENCING PROBLEM

We begin by considering a remote robotic swarm that is
controlled by a supervisory operator (e.g. a human). There
are a variety of tasks (e.g. cohesive navigation through a
cluttered environment, area coverage) that the operator would
like to complete with the robots in the swarm, but the
supervisory operator cannot interact directly with individual
robots and instead can only control the swarm in aggregate.
The operation of individual robots is defined by local interac-
tions with other robots in their spatial neighborhood and the

global choice of swarm behavior. More accurately, the choice
of swarm behavior defines how each robot reacts to local
information (sensed or communicated) from neighboring
robots. There is a fixed library of swarm behaviors and
the operator interacts with the entire swarm by selecting a
particular behavior from the library. Note that each behavior
in the library is actually the result of every robot in the
swarm executing a particular local control law corresponding
to that behavior. The resulting local interactions give rise
to overall system dynamics, which we define as a swarm
behavior. A different local control law will give rise to a
different swarm behavior. In this way, each robot can be
programmed with a fixed number of local controllers and
the operator’s global choice of behavior selects which local
control law is executed by all of the robots. Once a behavior
has been selected, it is active over a certain time interval
after which a new behavior may be selected. The operator
may choose to execute the same behavior again if desired.
In such a system, the operator selects a sequence of swarm
behaviors to complete a task and it is desirable to select the
“best” sequence of swarm behaviors. However, in many real-
world scenarios, it is often unclear whether there even exists
a behavior sequence that enables the swarm to complete
the task. Thus, our goal is to automate this process for the
operator. More specifically, given a performance criterion for
a particular task the operator would like to complete, our
objective is to automatically choose the optimal sequence of
behaviors to complete the task and optimize the performance
criterion. In addition, if it is not possible to complete the task
using the behaviors in the library, we would like to identify
this situation and report it.

A. Mathematical Formulation
We treat the robotic swarm as a distributed dynamical

system where the swarm consists of M robots and the state
of an individual robot i at time t is given by x(i) (t) ∈ RN .
The joint state of the swarm at time t is given by x (t) ∈ Rd
where d =MN . There is a finite-sized, fixed library

B = {f1, f2, . . . , fB} (1)

of swarm behaviors, where each behavior is a piecewise
continuous map

fj : Rd → Rd (2)

representing the overall system dynamics that govern the
joint state evolution of the swarm. There is a time horizon
tf ∈ R+ over which we would like to use the swarm to
complete a particular task (e.g. move to an area). In order
to complete the task, we would like to select a sequence of
behaviors from the library. There is an ordered set

T = {t0, t1, t2, . . . , tn} (3)

of n decision time points tk ∈ R+ at which we can select a
new behavior to be executed by the robotic swarm. Without
loss of generality assume t0 = 0. For k ∈ {0, 1, . . . , n}, the
state evolution of the swarm over each time interval

Tk = [tk, tk+1) (4)



is governed by the choice of behavior

bk ∈ {1, 2, . . . , |B|} (5)

that is selected for that interval. Note that the final time
interval is from the last decision time point to the end of
the time horizon (i.e. Tn = [tn, tf )). Specifically, during
time interval Tk, the state of swarm evolves according to the
following differential equation

t ∈ [tk, tk+1) : ẋ (t) = fbk (x (t)) (6)

where ẋ (t) is the derivative of the joint state with respect
to time. The state of the swarm at the end of time interval
Tk is given by

x (tk+1) = x (tk) +

∫ tk+1

tk

fbk (x (τ)) dτ (7)

with x (t0) = x0. Given a performance criterion, our objec-
tive is to choose a behavior sequence S = (b0, b1, b2, . . . , bn)
that optimizes the performance criterion. Our perfor-
mance criterion can be expressed as a cost function
P (x0,Xg,B, T , S) we want to minimize with the following
properties, where Xg is a set of swarm goal states and SitSj
represents the concatenation of sequences Si and Sj .

∀S : x (tf ) 6∈ Xg =⇒ P (x0,Xg,B, T , S) =∞ (8)
P (x0,Xg,B, T , Si t Sj) =
P (x0,Xg,B, TSi , Si) + P

(
xSi ,Xg,B, TSj , Sj

) (9)

The first property, Equation (8), assigns an infinite cost to
all behavior sequences that do not cause the swarm to reach
some x ∈ Xg from x0. The second property, Equation (9),
states that the cost of any behavior sequence S executed from
x0 beginning with a particular prefix subsequence Si can be
computed in two parts: the cost of the sequence Si executed
from x0 plus the cost of the remaining sequence Sj executed
from xSi

(i.e. the state reached by executing Si from x0 at
times TSi

). Thus, if we can accurately estimate the cost of
Sj using a heuristic, we can estimate the cost of the entire
sequence S.

IV. ALGORITHM FOR BEHAVIOR SEQUENCING

Given the initial state x0, a set of goal states Xg , a library
of swarm behaviors B, time horizon tf , set of decision time
points T , a swarm behavior execution cost function C(·) and
heuristic cost-to-goal estimation function H(·), Algorithm 1
finds a sequence of swarm behaviors selected from B to
apply at times in T to ensure that the swarm is in one of
the goal states in Xg at the end of the time horizon tf . If
such a swarm behavior sequence does not exist, then the
algorithm simply returns an empty sequence (∅) to indicate
failure. Note that the set of goal states Xg does not need to be
specified explicitly, but given a particular state x it must be
possible to check whether x ∈ Xg or x 6∈ Xg . Algorithm 1
may be described as an informed search algorithm similar
in spirit to traditional search algorithms such as best-first
search and the many variants of A*. The algorithm searches
over the space of swarm behavior sequences by incrementally

building the sequence and choosing to evaluate sequences
with a lower estimated cost first.

Algorithm 1 Find the Best Behavior Sequence
1: function FINDBESTSEQUENCE(x0,Xg ,B, tf , T , C,H)
2: Q← ∅, Sbest ← ∅, cbest ←∞
3: p0 ← H

(
x0,Xg ,B, tf , T , 0

)
4: ENQUEUE(Q, p0, (x0,∅, 0))
5: while Q 6= ∅ do
6: ps, (xs, Ss, cs)← DEQUEUE(Q)
7: if cbest ≤ ps then
8: return Sbest
9: end if

10: k ← |Ss|
11: if k = |T | then
12: if (xs ∈ Xg) ∧ (cs < cbest) then
13: Sbest ← Ss, cbest ← cs
14: end if
15: else if k < |T | then
16: for all fj ∈ B do
17: xe ← xs +

∫ tk+1
tk

fj (x (τ)) dτ
18: Se ← Ss t (j)
19: ce ← cs + C (xs, fj , tk+1 − tk)
20: pe ← ce +H

(
xe,Xg ,B, tf , T , k + 1

)
21: if pe < cbest then
22: ENQUEUE(Q, pe, (xe, Se, ce))
23: end if
24: end for
25: end if
26: end while
27: return Sbest
28: end function

The algorithm begins on line 2 by initializing the empty
priority queue Q, setting the best known swarm behavior
sequence Sbest to ∅ and setting the cost cbest of the best
known sequence to ∞. The priority queue Q will contain
a set of 3-tuples with each tuple consisting of (a) a state
xs, (b) the swarm behavior sequence Ss used to reach state
xs from the initial state x0 and (c) the cost cs to reach
state xs by applying the partial swarm behavior sequence
Ss. In addition, all of the tuples in the queue are ordered
by a priority ps, which is the estimated minimum cost of
the complete behavior sequence to reach Xg from x0 if the
complete sequence must begin with the partial sequence Ss.
On line 3, this estimate of the minimum cost of the best
swarm behavior sequence from x0 to reach a state in Xg is
computed using the heuristic function H (·) and stored as
p0. On line 4, the search is initiated by enqueuing on Q
with priority p0 the 3-tuple containing the initial state x0, an
empty partial swarm behavior sequence (i.e. ∅) and initial
cost (i.e. zero). While the queue is not empty, lines 5–26 are
executed to expand each partial swarm behavior sequence in
the queue.

On line 6, the tuple with lowest priority (i.e. estimated
minimum cost to reach Xg) is dequeued from the queue.
Assuming that our heuristic function never overestimates the
minimum cost required to reach Xg (i.e. it is admissible),
then if the dequeued tuple has a higher estimated cost
ps than the cost cbest of the best sequence found so far
(line 7), it is clearly not possible for the search to produce
a better sequence, so we can terminate the search early and
return Sbest as the best swarm behavior sequence (line 8).



Otherwise, we proceed to evaluate more swarm behavior
sequences.

One line 10, we identify the length k of the current partial
swarm behavior sequence Ss. If the length of the sequence is
equal to the number of decision time points (line 11), then the
sequence is complete (i.e. no further expansion is possible
because we have reached the end of the time horizon) and we
can evaluate the sequence. The swarm behavior sequence is
feasible if the goal has been reached (i.e. xs ∈ Xg). If swarm
behavior sequence is feasible and has a lower cost than any
known sequence (line 12), then we store it as the best known
sequence Sbest and update the minimum cost cbest (line 13).

Conversely, if the length of the partial swarm behavior
sequence Ss is less than the number of decision time points
(line 15), then it can be expanded by selecting another
behavior for the next time interval [tk, tk+1). On lines 16–24,
the partial sequence Ss is expanded using each behavior in
the library B. On line 17, the successor state xe reached
by applying behavior fj over time interval [tk, tk+1) is
computed. While the definite integral may be evaluated
numerically, in some cases it is possible to compute the solu-
tion analytically (e.g. linear time-invariant system dynamics),
which can greatly speed up computation. On line 18, the
partial sequence Ss is concatenated with the swarm behavior
index j to generate the successor sequence Se. On line 19,
the cost of executing behavior fj for a time period of length
tk+1 − tk is computed using the provided cost function
C (·) and added to the cost cs of the current sequence to
give the cost of the successor sequence ce. Note that the
cost function C (·) also implicitly captures environmental
details and enables us to identify and handle situations where
selecting a behavior results in a potentially invalid trajectory
through state space for the robotic swarm. For example, if the
state trajectory from the current state xs to successor state xe
as result of behavior fj causes some robots in the swarm to
collide with an obstacle, then the cost function C (·) would
evaluate to ∞ indicating that Se is an invalid partial swarm
behavior sequence. That invalid sequence would then no
longer be expanded. For valid sequences, on line 20, the
estimated cost of reaching Xg from xe over time period
[tk+1, tf ) is computed and added to ce to generate a priority
pe for sequence Se. Finally, on line 22, the tuple containing
the successor state xe, sequence Se and cost ce is enqueued
with priority pe.

Since the algorithm is very similar in spirit to A* search,
the algorithm inherits many of its properties. These properties
include the fact that the algorithm is complete and optimal
with respect to the inputs (e.g. decision time points) when
(a) the cost function is monotonically non-decreasing with
respect to the length of the sequence (i.e. adding a behavior
to the sequence can never decrease the cost of the sequence)
and (b) the heuristic function is admissible (i.e. it never
overestimates the minimum cost to reach Xg).

Theorem 1: If the cost function is monotonically non-
decreasing, the heuristic is admissible and a feasible swarm
behavior sequence exists, then Algorithm 1 will find this
sequence. Otherwise, it will return an empty sequence ∅ to

indicate failure. That is, Algorithm 1 is complete.
Proof: First, note that if lines 7–9 are omitted, then

there is no method to exit the loop on lines 5–26 until
the queue is empty and thus the algorithm will necessarily
evaluate all possible swarm behavior sequences of length
|T |. Since it evaluates all possible behavior sequences, if
a feasible sequence exists, the algorithm must find it. In
addition, note that as the algorithm proceeds, since the
heuristic is admissible, the lowest priority in the queue is
also actually a lower bound on the minimum cost to reach
Xg via any possible partial sequence that can be expanded
from the queue. On line 7, cbest will be ∞ unless a feasible
solution has been found and all feasible solutions must have
cbest < ∞. Thus, if a feasible solution has not been found,
line 8 will only be reached if cbest = ps = ∞. In that
case, the algorithm will still terminate correctly on line 8
and Sbest = ∅ will be returned to indicate that no feasible
solution exists.

Theorem 2: If the cost function is monotonically non-
decreasing and the heuristic is admissible, then Algorithm 1
will find the optimal behavior sequence to minimize the
provided cost function.

Proof: As noted in the proof for Theorem 1, cbest is ∞
unless a feasible sequence has been found. From Theorem 1,
if a feasible sequence exists, it will be found. In addition,
since the lowest priority in the queue is a lower bound on the
minimum cost for any sequence expanded from the queue,
it is clear that line 8 will only be reached if the lowest
priority in the queue becomes larger than cbest. In this case,
no better solution can possibly exist, so the algorithm has
certainly found the optimal swarm behavior sequence with
the minimum cost.

Since Algorithm 1 can evaluate all possible swarm be-
havior sequences in the worst case, it has a worst-case
time complexity O

(
|B||T |

)
. As usual for most informed

search algorithms, the actual real-world performance of the
algorithm depends on how accurately the heuristic H (·)
estimates the minimum cost of the best swarm behavior
sequence.

Based on the above results, and similarly to Weighted A*,
we note that Algorithm 1 can also incorporate a multiplica-
tive weight on the admissible heuristic resulting in bounded
suboptimality (with respect to total cost) of the solution
swarm behavior sequence. Line 20 would be modified as
follows, where w ∈ R+ : w ≥ 1 is a chosen weight and the
swarm behavior sequence found by the algorithm will have
a cost at most w times the cost of the optimal sequence.

pe ← ce + wH (xe,Xg,B, tf , T , k + 1) (10)

In [18], a clever Multi-Heuristic variant of A* is given,
in which it is shown that multiple arbitrarily inadmissible
heuristics can be combined with a single admissible heuristic
to make the search more computationally efficient while
maintaining the properties of bounded suboptimality and
completeness. For applications where multiple heuristics are
available, Algorithm 1 could also be made more computa-
tionally efficient by incorporating the techniques from [18].



(a) Initial Robot Poses (b) Poses After of 1st Behavior
(Flock North) in Sequence over

1st Time Interval

(c) Poses After of 4th Behavior
(Flock East) in Sequence over 4th

Time Interval

(d) Trajectory of the Swarm

Fig. 1: Simulated Swarm of 20 Robots Executing a Behavior Sequence to Move to a Target Area

V. SIMULATED ROBOTIC SWARM

A. Robot Dynamic Model

Each robot in the swarm has the following dynamic model,
where xi, yi and θi are the state variables representing
the position and orientation of robot i. The control inputs
to the robot are given by uiv and uiω , which represent the
commanded linear velocity and commanded angular velocity.

ẋi = uiv cos
(
θi
)

ẏi = uiv sin
(
θi
)

θ̇i = uiω

(11)

For convenience, we define the position vector pi ∈ R2,
which is the xy-coordinates of the robot as given above, and
bearing vector bi ∈ R2 : ‖bi‖2 = 1, which is a unit vector
in the heading direction θi. The function φ(v1,v2) finds the
smallest angle required to rotate from v1 to v2. Assume v1

to v2 are augmented appropriately (with zeros) to compute
their cross product and that ê3 is the unit vector normal to
the x-y plane along the positive z-axis.

bij =
pj − pi

‖(pj − pi)‖2

φ(v1,v2) = sgn
(
(v1 × v2)

T ê3
)
cos−1

(
vT
1 v2

‖v1‖2‖v2‖2

) (12)

Within the simulation, our inputs are bounded (uiv ∈
[Uv,min, Uv,max], uiω ∈ [Uω,min, Uω,max]) and may saturate as
would be expected for a real robotic swarm. The chosen
saturation limits for our simulated swarm were Uv,max =
−Uv,min = 2 and Uω,max = −Uω,min = π

8 .

B. Swarm Meta-Behaviors

In this section, we introduce a set of meta-behaviors
for our robotic swarm. These meta-behaviors are param-
eterized and generate different dynamics for our robotic
swarm depending on the choice of parameters. Specifying the
parameters for these meta-behaviors allows us to instantiate
the meta-behaviors into concrete behaviors (see Section V-C)
that would be included in the behavior library B.

1) Biased Flocking: The following control law generates
flocking behavior for the swarm but with flocking biased
in the direction specified by the parameter q ∈ R2. Within
the equations below, Nr (i) specifies neighbors of robot i
within the repulsion radius Rr, Nh (i) specifies neighbors

outside of Rr but within the heading alignment radius Rh,
and Na (i) specifies neighbors outside of Rh but within the
attraction radius Ra. Finally, N (i) specifies robots within
any of the three regions. The minimum forward velocity for
all robots was Uv,default.

v(i) =
1

|N (i)|

 ∑
j∈Nr(i)

−bij∥∥p(j) − p(i)
∥∥2
2

+
∑

j∈Na(i)

(
p(j) − p(i)

)
γ(i) =

1

|N (i)|

 ∑
j∈Nr(i)

φ
(
bi,−bij

)

+
∑

j∈Nh(i)

φ
(
bi,bj

)
+

∑
j∈Na(i)

φ
(
bi,bij

)
uiv =max

(((
v(i) + q

)T
bi

)
, Uv,default

)
uiw =γ(i) + φ

(
bi,q

)
(13)

The chosen radii for our simulated swarm were Rr = 5,
Rh = 10, Ra = 20 and the chosen minimum forward
velocity was Uv,default = 1.

2) Rendezvous / Anti-Rendezvous: The following control
law can generate different dynamics depending on the choice
of parameter Kp. If Kp > 0, then each robot moves toward
neighboring robots. If Kp < 0, each robot moves away from
neighboring robots. If Kp = 0, then each robot stops moving.

ṗ(i) =
Kp

|N (i)|
∑

j∈N (i)

(
p(j) − p(i)

)
uiv =

(
bi
)T

ṗ(i)

uiw = φ
(
bi, ṗ(i)

) (14)

3) Formation Control: For formation control, we use the
following consensus-based control law from [11]. The forma-
tion itself is specified via the vector z ∈ R2M (note that this
was called K in [11]). The formation may be specified using
a set of positions in the vector z and the following consensus-
based control law will generate the desired formation around
the centroid of robots’ initial positions. Thus, the formation
can be specified independently of the robots’ actual positions
in the workspace. If the robot inputs don’t saturate, the
control law below preserves the centroid of the robots’ initial
positions as they move and also ensures that differences
between robot positions in their final configuration will



match the differences between their positions in the vector
z. Note that z is the only parameter to this meta-behavior.

ṗ(i) (t) =
1

|N (i)|

 ∑
j∈N (i)

(
p(j) − p(i)

)
−

∑
j∈N (i)

(
z(j) − z(i)

)
uiv =

(
bi
)T

ṗ(i)

uiw =φ
(
bi, ṗ(i)

)
(15)

C. Swarm Behaviors

In this section, we describe a set of concrete swarm
behaviors. These behaviors have no unspecified parameters,
so the dynamics that result from these control laws are fully
specified. These are behaviors that would be included in the
behavior library B for Algorithm 1.

1) Flock: All robots flock in a direction that is a result
of their initial positions and orientations. Use control law in
Section V-B.1 with bias q = 0.

2) Flock East: Robots flock in the positive x-direction.
Use control law in Section V-B.1 with bias q =

[
1 0

]T
.

3) Flock North: Robots flock in the positive y-direction.
Use control law in Section V-B.1 with bias q =

[
0 1

]T
.

4) Flock West: Robots flock in the negative x-direction.
Use control law in Section V-B.1 with bias q =

[
−1 0

]T
.

5) Flock South: Robots flock in the negative y-direction.
Use control law in Section V-B.1 with bias q =

[
0 −1

]T
.

6) Stop Moving: All robots stop moving. Use control law
in Section V-B.2 with Kp = 0.

7) Rendezvous: All robots move toward each other. Use
control law in Section V-B.2 with Kp = 1.

8) Anti-Rendezvous: All robots move away from each
other. Use control law in Section V-B.2 with Kp = −1.

9) Line X: Robots move into a line parallel to the x-axis.
The control law in Section V-B.3 is used with z(0) = 0 and
z(i+1) = z(i) +

[
2 0

]T
.

10) Line Y: Robots move into a line parallel to the y-axis.
The control law in Section V-B.3 is used with z(0) = 0 and
z(i+1) = z(i) +

[
0 2

]T
.

VI. APPLICATION TO SWARM NAVIGATION

In many real-world scenarios, a supervisory operator for a
robotic swarm would like to complete a mission composed of
many tasks. A very common task in many missions is for the
supervisory operator to navigate the robotic swarm from an
initial area to a target area through a region that may contain
obstacles. For example, consider a robotic swarm that is
transported on a larger carrier vehicle. It may not be possible
for the carrier vehicle to reach the region where the swarm
must operate for the remainder of the mission. The carrier
vehicle would drop off the swarm in the initial area and it
would be necessary for the supervisory operator to navigate
the swarm to the target area to complete the rest of the
mission. While there has been a tremendous amount of work
on both complex multi-robot motion planning and distributed
multi-robot control, here we explore a slightly different
approach where we use Algorithm 1 to select a sequence
of behaviors that moves the robots from the initial region to

the target region without colliding with obstacles. Note that
this approach has the benefit of only selecting from behaviors
corresponding to local control laws already programmed onto
the robots and it only requires the operator to transmit a
short sequence of behavior identifiers and time points (i.e. a
few integers and floating point numbers) to the robot swarm,
resulting in very little data transmission between the operator
and the swarm. Therefore, this approach is very useful for
applications in domains where the bandwidth between the
human supervisor and the swarm is very limited, for example
where there is a swarm of robots under water supervised by
a human on a ship.

For this scenario, we use the simulated robotic swarm
described in Section V. The state x is composed of positions
pi and orientations θi of all robots in the swarm. Given
a target region specified by center atarget ∈ R2 and radius
Rtarget ∈ R+, the set of goal states Xg is given as follows.

Xg =
{
x | ∀i :

∥∥pi − atarget
∥∥
2
< Rtarget

}
(16)

Our cost function C (·) penalizes the motion of each robot in
the swarm. This ensures that our optimal behavior sequence
navigates the swarm to the target area while minimizing the
motion of all robots. It is defined as

C (xs, f, t) =
∑
i

Lf

(
pi (0) ,pi (t)

)
(17)

where Lf computes the length of the curve from pi (0) to
pi (t) when each individual robot trajectory pi (t) is based
on the joint state trajectory x (t) = xs +

∫ t
0
f (x (τ)) dτ .

Note that we define Lf
(
pi (0) ,pi (t)

)
=∞ if the trajectory

from pi (0) to pi (t) intersects an obstacle or moves off
the map. Our heuristic estimates the cost of the optimal
behavior sequence using the traditional Euclidean distance
metric and sums the straight-line distances between each
robot and the target area. This is the minimum distance each
robot would need to travel if it were possible for the robot
to drive directly toward the target area, so the heuristic will
never overestimate the cost of a behavior sequence. Thus,
the heuristic is admissible.

H
(
xs,Xg ,B, tf , T , k

)
=
∑
i

max
((∥∥pi − atarget

∥∥
2
−Rtarget

)
, 0
)

(18)

Figure 1 shows a simulation where Algorithm 1 was
applied to move the swarm from the initial area in the
bottom left corner of the map to the target area shown by
the blue circle while avoiding the green obstacles over a
time horizon of tf = 150 seconds. There were 15 evenly
spaced decision time points 0 ≤ k ≤ 14 : tk = 10k seconds.
The map was a square area with X ∈ [−50, 50) meters
and Y ∈ [−50, 50) meters For this simulation, the heuristic
had a multiplicative weight of w = 2 leading to bounded
suboptimality (i.e. the solution sequence had no greater than
2 times the cost of the best sequence). The chosen swarm
behavior sequence was Flock North, Flock North, Flock
North, Flock East, Flock East, Flock East, Flock North, Flock
East, Flock North, Flock East, Flock North, Stop Moving,
Stop Moving, Stop Moving, Rendezvous. Since no cost was



placed on time-to-completion, there were several intervals
in the middle where the Stop Moving behavior was chosen
rather than having the swarm Stop Moving after reaching
the target area. In addition, since no cost was placed on
switching swarm behaviors across adjacent time intervals,
the chosen sequence alternates between Flock North and
Flock East more frequently than necessary. Adding a cost on
time-to-target and switching swarm behaviors can make the
behavior sequence match human intuition more closely. Most
other parts of the sequence match intuition: Flock North and
Flock East were selected to navigate to the target area that
was northeast of the robot start positions and Rendezvous
was selected at the end because the centroid (but not all
robots) of the swarm was within the target area. In that state,
Rendezvous clearly had a lower motion cost than Flock East.

Experiments were conducted on a desktop with an Intel
Core i5 750 (2.66 GHz, quad-core) processor and 12GB
of RAM. Across 10 trials with 20 robots in environments
with different arrangements of obstacles, the average time
to identify the behavior sequence with w = 2 was 27.92
seconds. When the environment was kept constant and w =
2, for 10, 15, 20 and 25 robots, it took 9.19, 15.98, 24.52
and 35.42 seconds respectively to find the best sequence. For
the w = 10, the corresponding times were slightly faster at
9.52, 15.62, 19.27 and 24.63 seconds.

VII. APPLICATION TO SWARM DYNAMIC AREA
COVERAGE

In this section, we explore the use of Algorithm 1 to find
the best sequence of swarm behaviors to complete a task that
the behaviors were not originally designed to accomplish. In
contrast to the swarm navigation task described in Section VI
where the goal of motion towards a target area mapped well
to swarm behaviors such as biased flocking that achieve
motion in a coherent direction, here we try to complete a
dynamic area coverage task over a given time horizon using
the same library of behaviors — none of which have been
designed in advance to maximize the area covered by the
swarm. Specifically, given an environment that has been
discretized into a number of grid cells, we try to find a
swarm behavior sequence that ensures a certain percentage
of grid cells have been visited by a robot in the swarm within
the given time horizon. This is in contrast to static area
coverage where robots with a certain sensing region (e.g.
disk, cone) try to move to fixed final poses that maximize
the area simultaneously viewed by all robots.

We use the simulated robotic swarm described in Sec-
tion V, but for this scenario, we augment our state x with the
state of the grid cells. Each grid cell gxy has a corresponding
binary variable in the state x where gxy is 1 if it has been
visited by a swarm robot and 0 if it has not. The set of goal
states Xg is given as follows. Assume the grid has dimensions
Gx ×Gy . Here Rtarget is the desired coverage ratio.

Xg =

x |
∑
x

∑
y

gxy ≥ RtargetGxGy

 (19)

Our cost function C (·) again penalizes the motion of each
robot in the swarm.

C (xs, f, t) =
∑
i

Lf

(
pi (0) ,pi (t)

)
(20)

This time our heuristic estimates the cost of the optimal
behavior sequence by the minimum distance the robots
would need to travel to cover the remaining cells that need
to be visited to achieve the desired coverage ratio if the cells
were arranged in the best possible configuration. Note that
M is the number of robots in the swarm.

H
(
xs,Xg ,B, tf , T , k

)
=

Gs

√
2

3
max

0, RtargetGxGy − 4M −
∑
x

∑
y

gxy

 (21)

Assume each grid cell is square with side length Gs. The
cost computed by the heuristic is the minimum distance each
robot would have to travel to cover enough cells to achieve
the desired coverage ratio if all the remaining cells to be
covered were divided (not necessarily evenly) among the
robots in the swarm and it was possible for each swarm
robot to cover its respective cells by driving diagonally in
an almost straight line by zig-zagging very slightly. In this
way, it would be possible for each robot to visit 3α+4 cells
for α ∈ N by travelling only (α+ ε)Gs

√
2 units, where

ε ∈ R+ can be made arbitrarily small. Thus, this heuristic is
admissible and will never overestimate the minimum cost to
visit the remaining cells.

Figure 2 shows a simulation where Algorithm 1 was ap-
plied to find a swarm behavior sequence that achieves at least
25% area coverage (i.e. Rtarget = 0.25) while minimizing
the distance travelled by the robots over a time horizon
of tf = 150 seconds. The map was a square area with
X ∈ [0, 100) meters and Y ∈ [0, 100) meters and square grid
cells with side length Gs = 1 meter. There were 15 evenly
spaced decision time points 0 ≤ k ≤ 14 : tk = 10k seconds.
For this simulation, the heuristic had a multiplicative weight
of w = 5 leading to bounded suboptimality (i.e. the solution
sequence had no greater than 5 times the cost of the best
sequence). The chosen swarm behavior sequence was Flock
West, Flock North, Flock South, Anti-rendezvous, Line X,
Rendezvous, Stop Moving, Stop Moving, Stop Moving,
Flock South, Flock South, Flock East, Line X, Flocking,
Flock West. We note that a wider variety of swarm behaviors
were chosen to accomplish this task than the navigation
task. Initially, the robots were very dispersed and could not
Rendezvous without colliding with the obstacle. While one
might expect a lawn mower pattern to emerge given the
flocking behaviors in the library, this is not the sequence
that was chosen. In retrospect, this is logical since all of the
flocking behaviors are somewhat wasteful of individual robot
motion with multiple robots revisiting the same grid cells
as they move in the same direction. Thus, a more diverse
combination of behaviors in the sequence led to a lower
overall motion cost to achieve the desired coverage ratio.

Experiments were conducted on the same computer used
for Section VI. Across 10 trials with 20 robots in environ-
ments with different arrangements of obstacles, the average



(a) Initial Robot Poses (b) Poses After 1st Behavior
(Flock West) in Sequence over

1st Time Interval

(c) Poses After 2nd Behavior
(Flock North) in Sequence over

2nd Time Interval

(d) Trajectory of the Swarm
Over Complete Time Horizon

Fig. 2: Simulated Swarm of 20 Robots Executing a Behavior Sequence to Achieve at Least 25% Area Coverage While Minimizing Robot Motion

time to identify the behavior sequence when w = 5 was
63.55 seconds. When the environment was held fixed and
the weights were w = 10, w = 30, w = 50 and w = 70 the
time required was 50.49, 29.43, 19.98 and 18.75 seconds
respectively verifying that higher bounds on suboptimality
enabled solutions to be found more quickly though the gains
eventually diminished. A comparison between sequences
varying the number of robots did not make sense for this
application because over the same time horizon, the area
covered was highly correlated with the number of robots.

VIII. CONCLUSION

We formalized the swarm behavior sequencing problem,
the solution of which enables a supervisory operator to select
the optimal behavior sequence for a swarm to complete
a given task. We presented an algorithm that performs an
informed search over sequences of behaviors to find the op-
timal swarm behavior sequence. The algorithm was shown to
be optimal and complete for the chosen decision time points.
We applied the algorithm to (a) swarm navigation, where the
swarm behaviors in the library mapped well to the required
task and (b) swarm area coverage, which none of the swarm
behaviors in the library were individually designed to accom-
plish. Simulation results in static environments with obstacles
showed that using an admissible weighted heuristic, our
algorithm successfully selected the best behavior sequences
with bounded suboptimality to accomplish the task. While
the execution times for the algorithm were too high for real-
time supervisory control of a real robot swarm, the optimality
(or bounded suboptimality) and completeness guarantees of
the algorithm validate its usefulness for creating benchmarks
for human performance. It can also be used to periodically
aid a human operator when required. Execution times can
be significantly improved in the future through the use of
parallel computing hardware such as GPUs.
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