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Swarm robotics is an active research area where large groups of simple robots are de-

veloped to perform complex tasks. It has various potential applications such as surveil-

lance, warehouse logistics, and collective construction, because of its large sensing ca-

pability, fault tolerance, and collaboration skills that are impossible to a single robot.

However, controlling swarm robots to perform high-level tasks automatically and veri-

fiably remains challenging due to the large state space. In this work, I present the ver-

ifiable control framework for swarm robots from high-level specifications in different

combinations of 4 dimensions: symbolic/continuous levels, centralized/decentralized

methods, navigation/formation-based specifications, and non-reactive/reactive tasks.

The first contribution of the work is a top-down control framework for non-reactive

navigation swarm tasks. At the symbolic level, I propose an integer programming-based

method for executing a centralized symbolic plan, and compare it with existing de-

centralized execution in terms of task efficiency, failure resilience, and computational

complexity. At the continuous level, I propose a control barrier function based method

which guarantees correct (satisfy all specifications) and safe (no collision) transitions

when robots execute the high-level tasks. The trade-offs between centralized and de-

centralized methods provide guidance to swarm controls to achieve different purposes

under different restrictions.

The second contribution is a novel abstraction and grammar for location and

formation-based swarm specifications. With the proposed abstractions, we developed

a centralized control synthesis approach which guarantees that the specified swarm be-



haviors will be satisfied if feasible. This contribution expands the task space of swarms,

and gives insights into controlling a large fleet of autonomous robots to perform complex

tasks which require composition of behaviors and coordination of different sub-swarms.

The third contribution is an extension to the second, which automatically synthesizes

controls for swarms to achieve reactive formation tasks in a decentralized manner. This

work utilizes an integer programming-based method to calculate constraints on sub-

swarm sizes given the reactive finite state machine, to ensure a priori feasibility of the

task. In addition, a decentralized auction-based algorithm is developed for executing

the reactive finite state machine, which satisfies the robot number constraints. Such

decentralized frameworks increase the scalability of control synthesis and can be applied

to swarm systems with a larger number of robots.

The last contribution of this thesis is an automatic approach to redistributing robots

according to user requests during the task execution while maintaining the original spec-

ifications. The approach includes creating symbolic plans, limiting robot numbers given

the constraints, and ensuring all robots to satisfy safety requirements of the given high-

level tasks. This work further enhance the flexibility and reactivity of swarms perform-

ing high-level tasks.
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CHAPTER 1

INTRODUCTION

Swarm robotics takes the inspiration from the self-organized social animals and stud-

ies the coordination and interaction of large numbers of simple robots, while achieving

robust, scalable, and complex collective behaviors [13]. Researchers have developed

various local interaction rules for individual robots to create the desired emergent be-

haviors, such as probabilistic aggregation [83], task division [46], and shape forma-

tion [87], etc. Such researches take the bottom-up design method, where local control

protocols are developed through iterations. Another direction of designing controls for

swarms is top-down, where high-level specifications are given and synthesis tools are

used to obtain controls automatically with correctness guarantees [41, 43, 54]. In the

thesis, I present my work on verifiable control from high-level specifications for swarm

tasks, which contains three different control frameworks and they are introduced in the

following three chapters.

First, in Chapter 2, I present a framework for creating provably-correct controllers

for swarm navigation tasks from high-level specifications, and investigate the trade-offs

between centralized and decentralized control. This part is based on my paper pub-

lished in the International Conference on Autonomous Agents and Multiagent Systems

in 2018 [17]. Specifically, I differentiate centralized and decentralized control at the

symbolic and continuous levels. At the symbolic level, centralized or decentralized in-

dicates whether robots share the same symbolic plan or each robot executes an individual

plan. At the continuous level, centralized or decentralized control refers to the global or

local information that the robots need. For the symbolic level, I first automatically syn-

thesize a centralized global symbolic plan from high-level task specifications expressed

in linear temporal logic (LTL). Then, I design an optimization-based dynamic assigning

1



method to execute the centralized symbolic plan directly. I compare the centralized op-

timal execution with the decentralized execution that we proposed in previous work in

terms of efficiency, failure resilience and computational complexity. At the continuous

level, I automatically compute control inputs using control barrier functions that exe-

cute the symbolic plans while ensuring collision avoidance, and describe methods for

mitigating deadlocks that might occur. I compare the computation of the control inputs

in centralized and decentralized control barrier functions in terms of computation com-

plexity and robustness to possible failures. I demonstrate our approaches in MATLAB

simulations and physical swarm platforms including Spheros and the Robotarium. I dis-

cuss the trade-offs between centralized and decentralized control at both the symbolic

and continuous levels.

In Chapter 3, I introduce an abstraction that captures high-level formation and

location-based swarm behaviors, and an automated control synthesis framework to gen-

erate correct-by-construction behaviors, which are based on my paper published in the

International Conference on Intelligent Robots and Systems in 2020 [19]. The abstrac-

tion includes symbols representing both possible formations and physical locations in

the workspace. Users can write linear temporal logic (LTL) specifications over the sym-

bols to specify high-level tasks for the swarm. To satisfy a specification, I automatically

synthesize a centralized symbolic plan, and environment and swarm-size-dependent mo-

tion controllers that are guaranteed to implement the symbolic transitions. In addition,

using integer programming (IP), I assign robots to different sub-swarms to execute the

synthesized symbolic plan. The framework gives insights into controlling a large fleet

of autonomous robots to achieve complex tasks which require composition of behaviors

at different locations and coordination among different groups of robots in a correct-by-

construction way.
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In Chapter 4, I present a distributed strategy for automatically synthesizing controls

for robotic swarms such that they achieve reactive, high-level formation tasks. This

work is based on my paper that will be published in the International Conference on

Automation Science and Engineering in 2021. In the framework, a user specifies for-

mation and location-based swarm tasks, which may include reactions to environmental

events, using linear temporal logic. Then, I synthesize a centralized finite automaton

that represents the symbolic behavior of the swarm. To execute the automaton, I de-

velop an auction-based decentralized algorithm that assigns robots to different locations

and formations using only information from neighboring robots. To guarantee that the

swarm can achieve the specified high-level tasks, I use integer programming to obtain

the maximum and minimum number of robots that need to be sent to different locations

during each symbolic transition, and I incorporate the constraints on sub-swarm sizes

into the auction-based assignment algorithm.

In chapter 5, I present a control framework for automatically redistributing robots

based on user requests, received during execution, such that the original specification

and the robot number constraints are satisfied, given a robot swarm performing a high-

level task given in linear temporal logic. The approach is based on creating symbolic

plans, limiting robot numbers given region constraints, and ensuring all robots main-

tain the safety requirements of the original task if possible; if not possible, we provide

feedback to the user. I demonstrate the framework with simulated swarm robots and

present quantitative analysis on the computation time. The approach increases the flex-

ibility and reactivity of swarms performing high-level tasks while still guaranteeing the

specification satisfaction. This is the first work to incorporate runtime changes to the

specification while maintaining the original high-level specifications, in the context of

robot swarms.
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CHAPTER 2

CENTRALIZED AND DECENTRALIZED CONTROL OF ROBOTIC

SWARMS FROM HIGH-LEVEL SPECIFICATIONS

2.1 Introduction

Swarm robotics is an active area of research due to their ability to distribute sensing and

action [9], their fault tolerance to individual failures [90], and ability to achieve tasks

that are difficult or impossible for a single robot [69]. Designing control schemes for

swarm robots to perform the desired collective behaviors and achieve high-level tasks

remains a challenging problem [14] due to the large state space. Research in control

of swarm robots can be divided into two approaches: centralized control, where the

full state of the robotic swarm is known and used in the control generation [53, 49],

and decentralized control, where each robot makes decisions and computes controllers

based on its local sensing and communication [32, 48].

In this chapter, we present and compare centralized and decentralized control

schemes for swarm robots to achieve high-level tasks. The tasks we address are swarm

robots visiting regions in a bounded workspace with the user-specified requirements

expressed in linear temporal logic (LTL). As a motivating example, we consider a

workspace consisting of rooms A−F connected by a central region G, as shown in Fig.

2.1. In this dynamic environment, there are people (green triangles) walking around and

static obstacle(s) (blue rectangles) which might block part of the entrance to a room.

Additionally, there are walls (solid black lines) that bound the workspace and rooms.

We assume that there is a group of robots of an unknown size (black circles) perform-

ing a high-level task which requires them to occupy A, B, and D simultaneously while

always avoiding entering region C. We can abstract the system by using Boolean vari-

4



Figure 2.1: A swarm performing a room occupying task. Black circles represent robots,
blue rectangles represent static obstacles, green triangles represent people (dynamic ob-
stacles), and solid black lines represent walls.

ables to define occupancy of regions, and encode the high-level tasks by formulas of

LTL [10]. In previous works [55] we developed methods to synthesize a symbolic plan

(i.e., sequence of symbols) to achieve such a high-level task. In order to continuously

execute the plan in a safe, correct and efficient manner, we must ensure that:

• robots do not collide with each other

• robots do not collide with obstacles, walls, or people

• robots do not enter another region when required to move between two regions

(e.g., when a robot moves from G to A in Fig. 2.1, it should not pass through any

regions other than A or G.)

• the resulting system is free of deadlocks, i.e., the robots must always be able to

make progress toward their goals

• robots perform the task efficiently
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• robots must be as resilient to unexpected failures as possible, e.g., if some robots

lose connection and fail to move, the other robots can still complete the task.

To address these challenges, we approach the execution of symbolic plans in two

ways, as shown in Fig. 2.2: centralized and decentralized. First, we synthesize a global

symbolic plan. One way to implement the symbolic plan is to dynamically assign robots

to different destinations during execution in a centralized manner. The other way is to

use the framework in [55] to partition the global plan and obtain a set of decentralized

symbolic plans associated with synchronization skeletons that send synchronization sig-

nals among sub-swarms (i.e., different sub-swarms need to wait for others at certain

states in the symbolic plan). For example, if the centralized plan requires a swarm to

occupy regions A, B, and D at the same time, robots need synchronization in the decen-

tralized plans to guarantee the whole swarm indeed occupy A, B, and D simultaneously.

To ensure safety (i.e. collision-free motion), we leverage control barrier functions

(CBFs) [89] to design control inputs for the robots at the continuous level. The control

barrier function can be formulated in both centralized and decentralized manners. The

centralized CBF considers the state space of the swarm system as the Cartesian product

of all individual robots’ state space, where the controller takes in the full state and returns

control inputs (e.g., velocities for first-order systems) of all robots. In contrast, in the

decentralized CBF, the computation is distributed and each robot takes in only local

information (i.e., its own states and the states of other robots in the sensing range) and

then computes the control input.

To validate the proposed swarm control framework, we synthesize controllers for

MATLAB simulations and different physical swarm robotic systems - Sphero SPRK

robots and Robotarium, a remotely accessible swarm testbed [65]. We automatically

generate a centralized symbolic plan from the high-level specifications offline. Then, we
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execute the centralized symbolic plan with a dynamic assigning method, and compare

the centralized execution with decentralized execution in [17]. In addition, we compare

the centralized and decentralized computation of CBF at the continuous level and dis-

cuss the trade-offs. In the following, we will use centralized and decentralized symbolic

plans to represent controllers at the symbolic level, and centralized and decentralized

CBFs to represent control at the continuous level.

This chapter is based on our previous work [17] on verifiable controller synthesis for

swarms from high-level specifications. The contributions of this work are threefold: 1)

an optimization-based dynamic assigning strategy that enables swarm robots to execute

a centralized symbolic plan; 2) a comparison of the centralized and decentralized con-

trol at both the symbolic and continuous levels; 3) demonstrations of high-level swarm

behaviors using both centralized and decentralized control on physical swarm systems

to illustrate the differences.

The remainder of this chapter is structured as follows: In section 2.2, we discuss re-

lated work. In section 2.3, we briefly introduce the backgrounds of linear temporal logic

(LTL) synthesis for swarm behaviors and control barrier functions for swarm control.

In section 2.4, we present continuous control synthesis for collision avoidance, region

invariance, and deadlock mitigation based on our previous work [17]. In section 2.5, we

compare centralized and decentralized continuous control in the presence of individual

robot failures. In section 2.6, we present an optimization-based dynamic assignment

method to execute the centralized symbolic plan, and compare different behaviors of

executing centralized and decentralized plans in both simulations and physical swarm

systems. In section 2.7, we present a summary of our work.
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Figure 2.2: Centralized and decentralized swarm control from high-level specifications.

2.2 Related Work

Synthesis for multi-agent systems: In [41, 59], the authors synthesize centralized con-

trol and plans based on temporal logic. However, unlike [41, 59], in our centralized

approach we minimize navigation distance rather than only satisfy the specifications. In

[43], authors present decentralized control with synchronization signals for multi-robot

systems. Such method must have strong synchronization during transition. However,

in our decentralized synthesis framework, we only need robots send synchronization
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signals when they have to.

Swarm control: To execute the synthesized plans, we can assign each individual robot

with a decentralized plan and design continuous controllers to make robots achieve cor-

responding goals, as is shown in [55]. In addition, controlling swarm robots to execute

the centralized plan can be considered as a task assignment problem, where robots are

assigned to different goals and coordinated to complete the global task, e.g., multi-

robot exploration in an unexpected environment [51], effective coordination and role as-

signment in formation control [84], and goal assignment for trajectory generation [61].

However, all these approaches only consider one specific goal and lacks the ability to

perform high-level behaviors. In our work, we design a dynamic assigning mechanism

during execution, which not only guarantees the correct high-level behaviors, but also

returns an optimal solution.

Collision-free control: For the controller in continuous level, there are many ap-

proaches to multi-agent collision-free motion design (e.g. [11, 37, 39]), most of which

consider collision avoidance as the primary goal. In this work, high-level symbolic plans

are transformed into continuous controllers that implement them, as well as guarantee-

ing collision avoidance, bounded transition and deadlock mitigation. In [89], by in-

tegrating control barrier functions (CBF) and quadratic programming (QP), continuous

controllers were designed to ensure collision avoidance. The proposed approach enables

robots to move towards their objectives and execute collision avoidance controllers only

when they have to, i.e., when some robots get too close to each other and might collide.

In addition, robots need to avoid collisions with obstacles in the environment for safety.

Similar ideas of barrier functions and calculating the safe and optimal control inputs are

used in [89, 3, 85]. We extend control barrier functions to handle irregular obstacles,

dynamic obstacles, and guarantee the correct transition at the symbolic level.
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2.3 Preliminaries

In this section, we first introduce the syntax and semantics of linear temporal logic

(LTL) [29], then we present the specifications and synthesis for swarm systems using

LTL [55, 57], and finally we review control barrier function formulations [89] for swarm

control that guarantee safety.

2.3.1 Linear Temporal Logic (LTL) and Specifications for Swarm

Robots

Let AP be a set of Boolean propositions. We define the syntax of LTL as follows:

ϕ ::= π |¬ϕ |ϕ ∨ϕ | ©ϕ |ϕ U ϕ

where π ∈ AP is a proposition, ¬ is negation, ∨ is disjunction,© is next and U is until.

Other logical operators such as conjunction (∧), implication (⇒) and temporal operators

such as always (�) and eventually (♦) can be derived from these basic operators. An

LTL formula over propositions AP is interpreted over infinite words w ∈ (2AP)
ω . The

language of an LTL formula ϕ , denoted by L (ϕ), is the set of infinite words that satisfy

ϕ , i.e., L (ϕ) = {w ∈ (2AP)
ω | w |= ϕ}. Intuitively, �π means proposition π has to be

true all the time, ♦π means proposition π will be true at some point, and ©π means

that proposition π has to be true in the next step. We refer the readers to [70] for more

details about LTL.

In [55], we use a fragment of LTL formula, GR(1) [12], to write specifications for

swarm robots at two levels: a macroscopic specification ϕM that describes how groups of

robots should behave, and a microscopic specification ϕµ that describes how individual
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robots must behave. We capture two kinds of properties allowed in the specifications:

safety properties which states that “something bad never happens”, and liveness require-

ments which indicate “something good eventually happens”. More formally, assume

R = {r1, · · · ,rk} is a set of regions partitioning the workspace. Let πr be a proposition

that is true iff at least one robot is currently in region r ∈ R. Moreover, to distinguish

between groups or individual robots, a parametric proposition is introduced for each

region. Let πa
r be a proposition that is true iff the robot a is in region r ∈R. The macro-

scopic specification ϕM is given as a temporal logic specification over region proposi-

tions Π = {πr1, · · · ,πrk}. The microscopic specification ϕµ is given as conjunction of

formulas ∀a. �♦(πa
ri
) and ∀a.�(πa

r j
), where ∀a. �♦(πa

ri
) means that all robots must re-

peatedly visit region ri but not necessarily at the same time, and ∀a.�(πa
r j
) means that

all robots must always be in region r j. Furthermore, in this work, we assume that the

geometry and topology of the workspace are given following [55].

2.3.2 Synthesis of Swarm Behaviors

In the framework proposed in [55, 57], we allow the user to input a region graph that

represents the connectivity of the workspace, and specifications that indicate the objec-

tives of the system. We first obtain a centralized symbolic plan. Then, we partition

the centralized symbolic plan into several decentralized plans and assign the decentral-

ized plans to robots, where robots with the same symbolic plan consist of a sub-swarm.

The synthesis process automatically determines the number of required sub-swarms and

those sub-swarms may have variable size. Finally, a synchronization skeleton for each

decentralized controller is constructed that indicates when each sub-swarm must syn-

chronize with other sub-swarms to satisfy the correct collective behaviors.
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Figure 2.3: (a) A centralized symbolic plan. (b) Partitioning of the centralized plan of
(a) into two decentralized plans. States qi, u j and vk (0 ≤ i, j,k ≤ 3) are labeled with
corresponding propositions that are true while other propositions false. For example,
u0 : π1

G,π
12
s represents πG∧π12

s ∧¬πA∧¬πB∧¬πC ∧¬πD∧¬πE ∧¬πF . Propositions
for synchronization can only appear in decentralized plans.

For example, given the workspace shown in Fig. 2.1, we can write a specification

�♦(πA∧πB∧¬πC ∧¬πG)∧�(¬(πC ∧ (πA∨πB)))∧∀a.�♦πa
C, where πri represents at

least one robot in region ri (ri ∈ {A,B,C,G}) and πa
C indicates robot a in region C. The

specification means:

• all robots should repeatedly only occupy regions A and B at the same time

• when there are robots in region C, no robot should be in region A or B, and vice

versa

• every individual robot should visit region C at some point.

We specify the initial condition as πG ∧¬πA ∧¬πB ∧¬πC ∧¬πD ∧¬πE ∧¬πF which

indicates that all robots initially locate in region G. Then, we can synthesize centralized

and decentralized symbolic plans in Fig. 2.3(a) and Fig. 2.3(b) respectively. The syn-

thesized plan in Fig. 2.3(a) indicates that the swarm robots, initially in G, move to A and

B, and then move towards C through G. Such behavior is repeated indefinitely. The de-

centralized plans in Fig. 2.3(b) show the behaviors of two sub-swarms after partitioning.

Two sub-swarms execute G→ A→G→C and G→ B→G→C respectively, where πkl
s

(k, l ∈ {1,2},k , l) indicates that sub-swarms k and l should synchronize at these states,

and πm
r (m ∈ {1,2},r ∈ {A,B,C,G}) indicates the propositions for sub-swarm m. Note
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that the overall behavior of the decentralized plans is the same as the centralized plan

although there is no communication between sub-swarms except the synchronization

signals.

2.3.3 Control Barrier Functions for Continuous Control Synthesis

In this section, we summarize formulation of control barrier functions [89] to guarantee

collision avoidance. We consider a swarm robotic system with N planar mobile robots,

which are indexed by M = {i | i = 1,2, ...,N}. Every robot is modeled as a first-order

system: ṗi = ui, where pi ∈ R2 represents the position and ui ∈ R2 represents the ve-

locity inputs of agent i. The velocity of agent i is bounded by ||ui||∞ ≤ αi, where αi is

the maximum speed of agent i. Note that although we choose the first-order system as

the model to fit kinematics of the physical robots in the demonstration, control barrier

function can also be easily applied to higher-order systems [89]. To ensure collision

avoidance, we require that any two robots keep a safety distance Ds away from each

other at all times. That yields

||∆pi j|| ≥ Ds (2.1)

where ∆pi j = pi−p j as shown in Fig. 2.4(a).

To execute a symbolic plan, we synthesize control inputs at the continuous level to

drive the robots to visit regions in sequence. We first represent the region by using its

centroid point, and then map the symbolic plan to a sequence of centroid points. A

simple continuous controller for every robot is a vector pointing to the target centroid

point and we define the controller as the nominal controller.

Consider the dynamics of the entire swarm system as ẋ = u, where x = [pT
1 , ...,p

T
N ]

T

is the 2N dimensional position vector for all robots, and u = [uT
1 , ...,u

T
N ]

T is the 2N
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dimensional control input (velocity vector). Following (2.1), we define a pairwise safe

set ζi j for every two robots

ζi j = {p ∈ R2 |hi j(p)≥ 0} ∀i , j,

hi j(p) = ||∆pi j||−Ds.

(2.2)

The safe set ζ for the swarm system is the intersection of all pair-wise safe set ζi j

ζ = ∏
i∈M
{
⋂
j∈M
j,i

ζi j} (2.3)

where the product is the Cartesian product of the state space of all robots, resulting in

2N dimensional ζ . When the state of the swarm is in ζ , the distance between any two

robots is at least Ds.

To guarantee safety of the system at all times, the safe set needs to be forward invari-

ant: if the system starts from the safe set, it always stays in the safe set, i.e., if x(0) ∈ ζ ,

then x(t)∈ ζ ,∀t ≥ 0. The control barrier function (CBF) is a function defined over state

and input such that when it satisfies a set of constraints, it ensures the safe set is forward

invariant [92]. Specifically, we define the pair-wise CBF as Bi j(x,u) =
dhi j(x)

dt + γh3
i j(x),

where γ is an arbitrary positive number. Note that hi j(x) = 0 is the boundary of the safe

set. Combined with (2.2), the pair-wise CBF can be calculated as

Bi j(x,u) =
∆pT

i j

||∆pi j||
∆ui j + γh3

i j (2.4)

where ∆ui j = ui−u j. As long as the control input u satisfies Bi j(x,u) ≥ 0, ∀i, j i , j,

the forward invariance of safe set ζ can be guaranteed. We refer readers to [89] for more

details and proofs.

We consider all the robots simultaneously to synthesize control inputs such that

all pair-wise inequality constraints in (2.1) are satisfied. Note that there are N(N−1)
2
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inequalities Bi j(x,u) ≥ 0, leading to a set of linear constraints Ai ju ≤ bi j, where

Ai j = [0, ...,−∆pT
i j, ...,∆pT

i j, ...,0], u = [uT
1 ,u

T
2 , ...,u

T
N ]

T is the joint control inputs for

all robots, and bi j = γh3
i j||∆pi j||. Given such constraints, we use quadratic program-

ming (QP) to modify nominal controllers as little as possible to ensure safety (collision

avoidance) and liveness (reaching the primary goal). We formulate the QP problem for

centralized control [89] as

u∗ = argmin
u∈R2N

J(u) =
N

∑
i=1
||ui− ûi||2

s.t. Ai ju≤ bi j, ∀i , j

||ui||∞ ≤ αi, ∀i ∈M ,

(2.5)

where ui is the actual control input and ûi is the nominal control input for agent i, re-

spectively. By minimizing the difference between the nominal and actual control inputs,

we can synthesize continuous control inputs to guarantee collision avoidance.

To decentralize the computation, we can find sufficient conditions for constraints in

(2.5) to obtain (2.6) and (2.7):

−∆pT
i jui ≤

αi

αi +α j
bi j (2.6)

∆pT
i ju j ≤

α j

αi +α j
bi j (2.7)

where i and j represent robot i and robot j, and αi and α j are control input limits of

robot i and robot j, respectively. Note that switching i and j in (2.6) gives the same

constraint as (2.7). Such inequalities distribute the collision avoidance control to each

robot according to their agility. Each robot can run its own QP solver:

u∗i = argmin
ui∈R2

J(ui) = ||ui− ûi||2

s.t. A′i jui ≤ b′i j, ∀ j , i

||ui||∞ ≤ αi

(2.8)
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where A′i j = −∆pT
i jui and b′i j =

αi
αi+α j

bi j. In this case, instead of solving a 2N-

dimensional QP, 2-dimensional QPs in terms of ui are solved for each robot i. Note

that a fixed sensing range is applied for each robot such that the robot only uses the

sensed positions of others robots, and the collision avoidance can still be guaranteed.

Detailed formulations for such QP can be found in [89].

2.4 Continuous Control Synthesis

When executing the symbolic plans on physical robots, the continuous controllers are

required to guarantee the following properties: (i) correct behavior: the robot trajecto-

ries are correct mapping from the synthesized symbolic plans to the continuous space,

(ii) collision avoidance: robots must avoid collision with each other and obstacles in

their environment, (iii) region invariance: if robots are moving from region ri to region

r j, they stay within the boundaries of regions ri and r j and do not enter any other region

r ∈ R\{ri,r j} until the transition is complete, thereby continuously implementing the

discrete abstraction regarding the motion, (iv) deadlock mitigation: robots should be

able to escape most deadlock situations. In this section, we extend CBFs and synthesize

continuous controls that guarantee collision free motions with polygonal or dynamic

obstacles in the environment. In addition, we briefly discuss a method to maintain re-

gion invariance and present a roadmap-based approach to mitigating one-robot-one-wall

deadlocks.
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Figure 2.4: (a) Relative positions between two robots. (b) Relative positions between
the robot and the line obstacle.

2.4.1 Static/dynamic circular obstacle avoidance

To ensure safety of the system, swarm robots must not only avoid collision with each

other, but also with static and dynamic obstacles in their environment. In [89], the

authors mentioned that circular obstacles can be avoided by regarding obstacles as vir-

tual robots with 0 control inputs. Here, for first-order systems, we extend the work to

collision avoidance with dynamic obstacles which are modeled as virtual robots with

bounded control inputs.

Let αi and β j be the velocity bound of robot i and dynamic obstacle j respectively

(αi,β j > 0). We assume that ∀i, j,β j ≤ αi, otherwise the obstacle can always move

toward robot i and cause a collision. Then, we revise the constraint in section 2.3.3 to

be

−∆pT
i jui ≤ bi j−||∆pi j||β j (2.9)

where we regard obstacle j as a virtual robot with position p j. We add all linear con-

straints (2.9) to the decentralized QP to synthesize collision-free continuous controllers
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for each robot.

Note that when considering two robots, both controllers actively avoid collisions;

however in the case of a dynamic obstacle and a robot, the obstacle could have an ar-

bitrary velocity within the bound β j. Equation (2.9) provides the most conservative

constraint for robot i and guarantees a non-negative CBF Bi j for robot i and obstacle j.

In addition, bi j−||∆pi j||β j ≥−||∆pi j||β j ≥−||∆pi j||αi, which ensures that there are al-

ways feasible solutions for (2.9). In the case of static obstacles, we apply β j = 0, which

models the static obstacle as a robot with zero control input as mentioned in [89].

2.4.2 Static polygonal obstacle avoidance and Region Invariance

Section 2.4.1 describes collision avoidance with circular obstacles. However, in most

cases, static obstacles such as walls cannot be approximated well by circles. Instead,

polygons are better suited to represent irregular obstacles. Hence, in realistic environ-

ments, we need to leverage the CBFs to make robots avoid collisions with polygons. In

this section we define safe sets and develop the appropriate barrier functions to ensure

no collisions with polygonal obstacles.

Definition 3.1: For a point obstacle C in the workspace, the safe set ζC of point C is

the set of robot positions such that the distance between the robot and point C is at least

the safety distance Ds, i.e., ζC = {p ∈ R2 | ||p−pC|| ≥ Ds}, where p is the position of

the robot, pC is the position of point C and Ds is the safety distance.

Definition 3.2: The safe set of a straight line AB is the union of the safe sets of all

points on that line, i.e., ζAB = ∪B
C′=AζC′ , where C′ is a point on the line segment AB.

Given a line segment ζAB and the closest point C on ζAB, the robot is guaranteed to
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be in the safe set of ζAB if the controller ensures that the robot is in the safe set ζC of C.

Proof: Consider a single robot, a line obstacle and a goal position for the robot, as

is shown in Fig. 2.4 (b). We draw a circle centered at the robot position with a radius of

the safety distance Ds. If the robot is in the safe set of the closest point, then the circle

has no intersection with the line, which means the robot is currently in the safe set of the

line. For the robot pose after applying the control, we consider the most ”dangerous”

case where the robot is distance Ds away from the line, which indicates that the circle is

tangential to the line. As the synthesized controller ensures that the robot is still in the

safety set of the closest point, the actual control input can only be in the blue (shaded)

region. Therefore, the robot cannot get any closer to the line no matter where the goal

position is, thereby ensuring that the robot is always in the safe set of the entire line.

Based on Proposition 2.4.2, we add constraints by dividing all the polygonal obsta-

cles into line segments, finding the closest point to each line segment, and considering

those points as virtual robots with no control inputs. Then, we formulate CBFs in terms

of virtual robots as well as real robots and add those constraints to the original QP (2.5)

to compute the control inputs for collision-free motion.

To guarantee the region invariance, when a sub-swarm is moving between two re-

gions, we construct virtual obstacles on the boundaries of the union of these two regions

and follow the procedure above to modify the QP with additional constraints. In the

example shown in Fig. 2.1, when sub-swarms are required to move from region G to

region A, we construct a virtual obstacle at the entrances of all regions other than G and

A, and use the CBF with line segments to ensure the robots do not enter B or any other

region.
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Figure 2.5: (a) Deadlock scenario when there is a line obstacle between the robot and
its goal. (b) Road map over the work space, where red circles represent nodes and blue
dashed lines represent edges.

2.4.3 Deadlock mitigation

Deadlock is defined as a situation where no progress can be made towards the goal.

Specifically, swarm robots might get into a deadlock situation when the effects of the

barrier functions counteract the nominal controller. Consistent perturbations are used in

[89] to solve the deadlock problem between the robots themselves, where signals that

are tangential to the nominal control are given to drive the robots around. However,

the same strategy might not work when dealing with polygonal obstacles. Figure 2.5(a)

shows a possible deadlock scenario: when the robot is at point P, the control input

drives the robot “closer” to the goal (towards the point Q). However, when the robot

reaches Q, it cannot make progress toward the goal position any more. Note that giving

a perturbation does not help the robot get out of the deadlock situation as the robot

always tends to move to Q if the wall is between the robot and the goal.

In a single-robot-single-wall deadlock scenario, the robot is exactly Ds away from

the wall and the line connecting the robot to the goal perpendicularly intersects the wall
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(a) Workspace for Example 2.4.1 (b) Workspace for Example 2.4.2 (c) Workspace for Example 2.6.3

Figure 2.6: Workspace for demonstrations with physical platforms.

(e.g. a robot at point Q in Fig. 2.5 (a) is in deadlock). We can add a waypoint to

make the robot go around the wall to reach the goal. Note that the robot will never go

into a deadlock if the line connecting the robot and the goal has no intersection with

the wall. Thus, we revise the nominal controller (replan the path) whenever we detect

a wall between the robot and its goal. To this end, with a priori knowledge of the

workspace, we build a roadmap [5] over the workspace as shown in Fig. 2.5(b), and use

any roadmap-based motion planning method [86] to revise temporal goals to guarantee

a deadlock-free path. Note that when applying this deadlock mitigation technique, we

ensure that the roadmap does not create paths that violate region invariance as we add

virtual walls to the environment before we search the path in the roadmap. Robots will

never get stuck in a deadlock caused by static polygonal obstacles with the roadmap.

In the multi-robot-multi-wall case, deadlocks can be mitigated by tangential pertur-

bation [89] together with the roadmap-based planning, although we cannot guarantee

deadlock avoidance in all situations.
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Figure 2.7: Experimental setup for demonstrations with physical platforms in Examples
2.4.1, 2.4.2, and 2.6.3.

2.4.4 Physical Demonstration with Spheros

Physical Setup: SPRK robots1 are rolling sphere robots with a diameter of 7.3 cm,

shown in Fig. 2.7(a). The robots communicate through Bluetooth and are programmed

using the Robot Operating System (ROS) [74]. The control inputs are linear velocities

in two perpendicular directions. Thus, the SPRK robots can be modeled as holonomic

first-order systems. We use the Vicon motion capture system to localize the robots, and

design rolling cages to enable placing markers on the robots as shown in Fig. 2.7(a).

Example 2.4.1. This example shows the ability of the swarm to execute decentralized

1https://www.sphero.com/sphero
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symbolic plans synthesized from high-level specifications. In this example, we focus on

the correct and safe behaviors at the continuous level with a dynamic obstacle randomly

moving in the workspace. We present the demonstration with 11 SPRK robots.

Consider a workspace divided into 7 regions (A−G) as shown in Fig. 2.6a. All

robots are initially positioned on the right side of region G. robots are required to:

repeatedly visit region C (could be at different times) (ϕµ

1 = ∀a.�♦πa
C), occupy regions

D, E, and F at the same time (φ11 = �♦(πD ∧ πE ∧ πF ∧
∧

r∈R\{D,E,F}¬πr)), occupy

regions A and B at the same time (φ12 = �♦(πA ∧ πB ∧
∧

r∈R\{A,B}¬πr)), and if any

robots are in A or B, there should not be any robots in D, E, or F and vice versa (φ13 =

�(¬((πA∨πB)∧ (πD∨πE ∨πF)))). The macroscopic specification is defined as ϕM
1 =

φ11∧φ12∧φ13. We synthesize three decentralized plans T11,T12,T13 with the following

runs and implement the plans on three groups of robots:

• T11: (π̇G→ πC→ πG→ π̇D→ πG→ π̇A)
ω ,

• T12: (π̇G→ πC→ πG→ π̇E → πG→ π̇A)
ω ,

• T13: (π̇G→ πC→ πG→ π̇F → πG→ π̇B)
ω .

The symbolic plans loop back to the initial state after visiting their last state and the

three groups synchronize at states denoted with a dot.

Results: Figure 2.8 demonstrates the implementation of Example 2.4.1. The SPRK

robots were divided into three groups, each assigned a decentralized plan and a color to

display (blue is T11, green is T12, and red is T13). Each group executed a decentralized

automaton and a synchronization skeleton in the continuous 2D space that guaranteed

the correct global behaviors. In addition, we manually controlled a separate SPRK

robot (circled yellow robot) to model a dynamic obstacle. The results show that all

robots guarantee the collision-free motion, region invariance as well as the deadlock
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Figure 2.8: Example 2.4.1. SPRKs are divided into three groups specified by green, blue
and red. Lines represent walls in the workspace and dashed arrows indicate the motion.
The dynamic obstacle is the circled yellow robot.

mitigation, with a dynamic obstacle moving in the workspace. More details are in the

submitted video.

2.5 Centralized and Decentralized CBF with Individual Failures

In this section, we compare the centralized and decentralized CBF in the presence of

individual robot failures. We present different behaviors in Robotarium [65] using the

centralized and decentralized versions of CBF for the continuous control.
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2.5.1 Centralized and Decentralized CBF during Individual Fail-

ures

In section 2.3, we describe the centralized and decentralized versions of CBF which

guarantee collision avoidance. However, when individual robots fail in a swarm, con-

straints in the QP might be violated. For example, the centralized CBF requires (2.4) to

be non-negative, which yields:

∆pT
jiui +∆pT

i ju j ≤ bi j. (2.10)

In the case that ∆pT
jiui is positive and ∆pT

i ju j is negative, the failure of robot j increases

the value of the left side of (2.10), and the constraint (2.10) may be violated.

In the decentralized CBF, individual failures do not lead to collision. Note that

bi j = γh3
i j||∆pi j|| is always positive. We first assume that robot j fails to execute control

input and stays static, which indicates that u′j = 0 and α ′j = 0, where u′j and α ′j are the

actual control inputs and limits. It is obvious that inequality (2.7) is satisfied as both

sides are 0. Furthermore, as

−∆pT
i jui ≤

αi

αi +α j
bi j ≤ bi j =

αi

αi +α ′j
bi j,

inequality (2.6) is also satisfied for the actual system. Additionally, it is obvious that

assuming a failure in robot i instead of robot j, or failures in both robot i and j, also

leads to satisfaction of both (2.6) and (2.7). Thus, the decentralized computation at the

continuous level is more tolerant (i.e., still guarantees collision avoidance with some

robots failing to move) to possible failures during actual execution of controllers.

Figure 2.9 illustrates the scenario more intuitively, where robot i is ”chasing” robot

j. If robot j encountered failure and stopped, robot i might collide with robot j as the

centralized CBF has a strong assumption that robot j must apply a velocity u j to avoid
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collision. However, decentralized CBF guarantees the collision-free motion even though

robot j stops to move.

Figure 2.9: A scenario where a transient failure of robot j may violate the centralized
CBF and cause collision but will not violate the decentralized CBF.

2.5.2 Demonstrations of Centralized and Decentralized CBFs in

Robotarium

Physical setup: Robotarium is a remotely accessible swarm testbed [65] where GRITS-

Bots serve as swarm robots shown in Fig. 2.7c. GRITSBots are 3× 3.1 cm wheeled

robots which can be modeled as unicycles. They are controlled through wireless com-

munication and are localized by web cameras [66].

Example 2.5.1. The example considers two working zones connected by two long cor-

ridors as shown in Fig. 2.6b. The swarm, initially distributed in region C, is required to

infinitely often navigate through corridors and visit regions G, H, and I simultaneously

(φ21 = �♦(πG∧πH ∧πI ∧
∧

r∈R\{H,G,I}¬πr)). The whole swarm must also repeatedly

be in region F (φ22 = �♦(πF ∧
∧

r∈R\{F}¬πr)), and infinitely often occupy regions A

and B at the same time (φ23 =�♦(πA∧πB
∧

r∈R\{A,B}¬πr)). Moreover, all the robots in

the swarm must pass through corridor E repeatedly (ϕ
µ

2 = ∀a. �♦(πa
E)) but they must

avoid occupying both corridors at any time (φ24 =�(¬(πE ∧πD))). Finally, if there is a

robot in any regions {G,H, I}, there must be no robots in regions {A,B} and vice versa
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Figure 2.10: Example 2.5.1. Robots are divided into three groups. Black lines represent
walls in the workspace. The continuous control uses centralized CBF. Failure happened
on t = 62s and collision happened before t = 201s. Robots successfully completed the
task after the failed robot recovered.

(φ25 =�(¬((πG∨πH ∨πI)∧ (πA∨πB)))). The macroscopic specification is defined as

ϕM
2 =

∧5
i=1 φ2i. We synthesize three decentralized symbolic plans T21,T22,T23 with

the following runs and implement the plans on three groups of robots:

• T21: (π̇A→ πC→ πE → πF → π̇I → π̇F → πE → πC)
ω ,

• T22: (π̇B→ πC→ πE → πF → π̇G→ π̇F → πE → πC)
ω ,

• T23: (π̇B→ πC→ πE → πF → π̇H → π̇F → πE → πC)
ω .

As before, the symbolic plans loop back to their initial state after visiting their last

state and they synchronize with each other in the regions marked with a dot.

Results: We implement this example in the Robotarium platform [65] with both cen-

tralized and decentralized CBFs. During task execution, one robot failed to execute

the given velocity command and stayed still. The failed robot blocked the motion of
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other robots and caused collision using centralized CBF while there was never a colli-

sion using decentralized CBF. Figure 2.10 shows the implementation of Example 2.5.1

on the Robotarium platform, where centralized and decentralized CBF are used in two

trials separately. Nine robots start from region C, first occupy regions A and B, then

move through region E to occupy regions G, H, and I, and move back to C. During the

demonstration with the centralized CBF, one robot failed to move due to network de-

lays or wheel slips at t = 62s. Such individual failure caused collisions of five robots as

the centralized barrier functions have been violated. After the robot recovered from the

failure and was able to execute the correct velocity command, the whole swarm made

progress again and completed the high-level task eventually. More details are in the

submitted video.

2.6 Dynamic Assignment for Centralized Symbolic Plans

The synthesized decentralized symbolic plans [55, 57] guarantee the correct behaviors

with respect to the high-level specifications. However, we can further improve the effi-

ciency of achieving high-level tasks by using the geometry information of the workspace

and rearranging the destination of each robot. In this section, we describe the central-

ized execution of symbolic plans in a correct and efficient way by dynamically assigning

robots to different parts of the symbolic plan. In addition, we compare the execution of

centralized and decentralized symbolic plans using MATLAB simulation and Robotar-

ium platform [65], and discuss the execution efficiency, failure resilience and computa-

tion complexity.
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2.6.1 Dynamic Goal Assignment

In the approach of synthesizing decentralized symbolic plans in section 2.4, we divide all

robots into sub-swarms of fixed sizes before execution with each robot executing its own

plan. The swarm only needs global coordination when there is a synchronization signal.

However, since we typically consider each robot as interchangeable in swarm systems,

robots could exchange their plans during transitions to conduct the task more efficiently

while achieving the same high-level goals. For example, in example 2.4.1, at t = 50s in

Fig. 2.8, robots in the red sub-swarm and green sub-swarm could have exchanged their

plans instead of crossing each other’s paths slowly due to collision avoidance. In addi-

tion, if some robots fail in a sub-swarm during execution of the decentralized symbolic

plans, the entire swarm might no longer complete the task as the remaining number of

robots could violate the minimal size of the sub-swarm. For example, if a sub-swarm

with only one robot fails, the entire swarm cannot make progress to the goal anymore.

In contrast, with centralized execution of the symbolic plan, the other robots can auto-

matically fill in the roles for the failing robots, since the plans are assigned dynamically

during execution. Motivated by efficiency and failure resilience, we propose a dynam-

ically assigning method to directly execute the centralized symbolic plan using integer

programming (IP).

We consider transitions in centralized symbolic plans and regard the two states in

each transition as the current state and the next state respectively. Each state is labeled

with a set of Boolean variables indicating whether there are robots in the corresponding

region or not. For example, given the workspace in Fig. 2.1 with regions A−G, the

state vector [1,1,0,0,0,0,0]T represents that robots only occupy regions A and B. We

formalize the centralized assigning problem as follows.

We assume that there are N robots executing a centralized symbolic plan in n regions.
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First, we define an assigning matrix M ∈ RN×n as

[M]i j =


1 (if robot i is assigned to

region j in the next state)

0 (otherwise).

(2.11)

The goal is to find an assigning matrix M such that the resulting assignment can guaran-

tee a correct and efficient transition. Let pi represent the current position of robot i and

pr
i j represent the closest point in region j to the current position of robot i (1 ≤ i ≤ N,

1 ≤ j ≤ n). We define Ci j = ||pi−pr
i j|| as the shortest distance for robot i moving to

region j. We formulate the problem as an integer program (IP):

M = argmin
[M]i j∈{0,1}

N

∑
i=1

n

∑
j=1

Mi jCi j (2.12a)

s.t.
n

∑
j=1

Mi j = 1 ∀1≤ i≤ N (2.12b)

N

∑
i=1

Mi j ≥ Nmin
j ∀1≤ j ≤ n (2.12c)

N

∑
i=1

Mi j ≤ Nmax
j ∀1≤ j ≤ n (2.12d)

Mi j = 0 (if the current region of

robot i is not connected to region j). (2.12e)

The IP formulation in (2.12) finds the assigning matrix M to minimize the cost while

guaranteeing the correct behaviour. The meaning of each equation is shown as follows:

• (2.12a): The cost for a transition is the sum of distances that all robots must travel

for entering the target regions.

• (2.12b): each robot must be assigned to only one region in the next state.

• (2.12c): the number of robots assigned to region j must be no-less than Nmin
j ,
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where Nmin
j is the user-specified minimum number of robots that can be in region

j.

• (2.12d): the number of robots assigned to region j must be no-greater than Nmax
j ,

where Nmax
j is the user-specified maximum number of robots that can be in region

j.

• (2.12e): robots cannot be assigned to a non-neighboring region.

Note that Nmin
j ≥ 1 if π j is true in the next state and that Nmax

j = 0 if π j is false in the

next state, where π j is the proposition that indicates whether region j is occupied by any

robot(s). In addition, the minimum number of swarm size Nmin
j can be automatically

obtained according to [57]. The way to determine whether Mi j is 0 is to find the region

i′ where robot i is currently located, and then determine whether region i′ and region j

are connected in the region graph.

By satisfying all the constraints in (2.12b-2.12e), the transition is guaranteed to be

completed correctly when there is no deadlock, and every robot will only be assigned

to either the current region or the neighboring region. In addition, as the solution gives

the robot assignment with the minimum travel distance, the robots can complete the

transition in an efficient way. Note that we use the Euclidean distance to represent the

cost function but the actual cost might differ from that since there can be obstacles in

the environment. However, such assigning method can still return a correct and near-

optimal solution which decreases the total traveling distance.
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2.6.2 Comparison of Execution of centralized and decentralized

symbolic plans in Simulation

We present two scenarios that compare the execution of the centralized and decentral-

ized symbolic plans. Specifically, we demonstrate the differences in execution efficiency

and computation complexity in the first scenario, and we present the difference in per-

formances in the presence of failures in the second scenario. In the simulation, all robots

are simulated as first-order systems. Note that we use the controller synthesis for colli-

sion avoidance, region invariance and deadlock mitigation mentioned in section 2.4 in

the MATLAB simulation to demonstrate that both centralized and decentralized sym-

bolic plans can be correctly executed.

Example 2.6.1. In this scenario, we compare the execution of the centralized and decen-

tralized symbolic plans in terms of efficiency and computation complexity. In particular,

we compare the distances that swarm robots move, the time they spend on completing

the task, and the computation time by using the same task specifications and initial po-

sitions.

We consider a workspace divided into 11 regions (A - K) which are shown in Fig.

2.11. There are 15 robots initially located in region A. The task is to make all robots

repeatedly visit regions B, F , I, repeatedly visit G, J, C, and repeatedly visit K, D, H

at the same time. In addition, all robots repeatedly visit region A. We encode such task
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descriptions in LTL:

φ31 =�♦(πB∧πF ∧πI ∧
∧

r∈R\{B,F,I}
¬πr)

φ32 =�♦(πG∧πJ ∧πC∧
∧

r∈R\{G,J,C}
¬πr)

φ33 =�♦(πK ∧πD∧πH ∧
∧

r∈R\{K,D,H}
¬πr)

φ34 =�♦(πA∧
∧

r∈R\{A}
¬πr)

The task specification is defined as φ3 = φ31∧ φ32∧ φ33∧ φ34. Using the synthesis

method mentioned in section 2.3, we first obtain a centralized symbolic plan T3: (πA→

πB ∧πF ∧πI → πA→ πG ∧πJ ∧πC → πA→ πK ∧πD ∧πH)
ω , where ω means that T3

loops back to the first state after reaching the last. In addition, we partition T3 and

obtain 3 decentralized symbolic plans:

• T31: (π̇A→ π̇B→ πA→ π̇G→ πA→ π̇K)
ω ,

• T32: (π̇A→ π̇F → πA→ π̇J → πA→ π̇D)
ω ,

• T33: (π̇A→ π̇I → πA→ π̇C→ πA→ π̇H)
ω .

Each symbolic plan loops back to the initial state after visiting the last state, and the

three groups synchronize at states denoted with a dot.

We execute the centralized plan T3 using the dynamic assigning method in section

2.6.1. In addition, we execute the decentralized plans by assigning the programs to

robots offline (5 robots for each decentralized plan). The continuous controllers are

synthesized using the method in section 2.4 to guarantee safe and correct execution.

The resulting trajectories of the execution of the centralized and decentralized symbolic

plans are both shown in Fig. 2.11. We use 10 different sets of initial positions and
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(a) Centralized execution (b) Decentralized execution

Figure 2.11: Trajectories of 15 simulated robots given the same high-level specifica-
tions, workspace, and set of initial conditions in example 2.6.1 by executing the central-
ized plan with dynamic assignment (a) and executing decentralized plans (b). Different
colors in (b) represents trajectories of different sub-swarms.

compare the average traveling distances, execution time, and computation time in table

2.1.

Example 2.6.2. In this example, we show the different performances in both cen-

tralized and decentralized execution when unexpected failure happens during execution.

We consider a workspace divided into 8 regions (A - H) shown in Fig. 2.12a and a team

of 8 robots. All robots start from region G. They must repeatedly visit F (could be at

different times), repeatedly visit C, D, and E at the same time, and repeatedly visit A

and H at the same time. Additionally, there is a safety requirement that no robots can be

in region B and G at the same time. We define the task in LTL as:

ϕ
µ

4 = ∀a. �♦π
a
F

φ41 =�♦(πC∧πD∧πE ∧
∧

r∈R\{C,D,E}
¬πr)

φ42 =�♦(πA∧πH ∧
∧

r∈R\{A,H}
¬πr)

φ43 =�(¬(πB∧πG))
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The task specification are expressed as φ4 = ϕ
µ

4 ∧φ41∧φ42∧φ43, where ϕ
µ

4 indicates

a microscopic specification. First, from all the specifications and the region graph, we

obtain a centralized symbolic plan T4: (πG → πG ∧πD → πC ∧πD ∧πE → πD ∧πE ∧

πF → πE ∧πF → πF → πG→ πH→ πA∧πH→ πG∧πH)
ω . We partition the centralized

symbolic plan T4 into 3 different decentralized plans that can be executed by individual

robots:

• T41: (π̇G→ πD→ π̇E → πF → πF → πF → πG→ πH → π̇H → πG)
ω ,

• T42: (π̇G→ πD→ π̇D→ πE → πF → πF → πG→ πH → π̇H → πG)
ω ,

• T43: (π̇G→ πD→ π̇C→ πG→ πE → πF → πG→ πH → π̇A→ πH)
ω .

The symbolic plans loop back to the initial state after visiting the last state and the three

groups synchronize at states denoted with a dot.

We implement both centralized and decentralized symbolic plans in MATLAB. We

assume robots stop moving if they fail to receive velocity commands. The system can

detect such failure and regard the static robots as obstacles. During the simulation,

we manually send 0 velocities to 2 robots to simulate the failure. The executions with

failures are shown in Fig. 2.12a and Fig. 2.12b.

We run all simulations in MatLab R2017b on a laptop with an Intel Core i7-6700HQ

CPU@2.60GHz and 16GB RAM. We set the simulated robots to update velocities every

0.2s. We record average computation time to obtain the velocities, as is shown in table

2.1, in each time period for both the centralized and decentralized execution. In the cen-

tralized execution, the computation time is the time to complete the dynamic assignment

and compute all velocities, while in the decentralized execution, the computation time is

only for computing the velocities. For continuous control synthesis, We use centralized
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(a) Centralized execution

(b) Decentralized execution

Figure 2.12: Screenshots for 8 simulated robots performing a task given the same spec-
ifications, workspace, and initial conditions by executing the (a) centralized and (b) de-
centralized symbolic plans in Example 2.6.2. Blue dots represent working robots while
red dots indicate robots that stop moving. The curved lines show the trajectories for all
robots.

CBF in the execution of centralized and decentralized symbolic plans, in both Example

2.6.1 and 2.6.2.

Results: Example 2.6.1 shows the difference in task efficiency between the centralized

and decentralized execution. The task requires swarm robots to occupy three regions

at a time, and the centralized symbolic plan is partitioned into three decentralized pro-

grams. As there is no geometrical information about regions in the region graph, the

synthesis and partition results in decentralized approach would make each sub-swarm

(robots with the same decentralized plan) travel an unnecessarily long distance in the

workspace. As is shown in Fig. 2.11b, one sub-swarm first visits region I, then goes

up to C, and finally moves down to H because regions C, H, and I are equivalent topo-
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logically. Similar transitions also happen in the other two sub-swarms where they travel

towards the farthest goal regions for reaching the temporal subgoals. However, to cre-

ate the required collective behaviors, the robots could choose a more efficient way by

centralized coordination. As is shown in Fig. 2.11a, the dynamic assignment leads to

swarm robots visiting neighboring regions in sequence, avoiding long-distance travel

and trajectory intersections but still satisfying the specifications. The results in table 2.1

show that for 10 sets of different initial positions in region A, the maximum distance

that one single robot travels and total distances of all robots decreases by 45% and 44%,

respectively, after switching from decentralized to centralized execution. The execution

time for one cycle of the task in the centralized execution is 46% less than that in de-

centralized execution, which means that the centralized coordination makes the system

complete the task faster. However, the execution of the decentralized symbolic plans

has an advantage of less computation time during each time step, as the symbolic plans

are distributed before the execution in the decentralized approach while in centralized

approach we solve an online IP during the execution.

Table 2.1: Comparison of the centralized and decentralized executions in Example 2.6.1.
We show the average values of 10 trials with different initial positions of 15 robots. Max
Distance is the maximum distance that a single robot travels. Total Distance is the sum
of distances that all robots travel. Execution Time is the total time for all robots to
complete one cycle of the specified task, where the period of updating control inputs is
0.2 s. Computation Time is the time to compute velocities of all robots in one period.

Ave. Centralized Decentralized

Max Distance (m) 22.34 40.95

Total Distance (m) 323.13 577.73

Execution Time (s) 111.72 207.68

Computation Time (s) 0.033 0.021

Example 2.6.2 presents the different behaviors given the same tasks and initial posi-

tions where an unexpected failure happens. The evolution of trajectories with different

plan execution are shown in Fig. 2.12. In the execution of centralized symbolic plans
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(Fig. 2.12a), when 4 robots go towards region D at t = 12s, two robots (red) fail to

receive any velocity commands and they stop to move. With the dynamic assignment,

the other working robots automatically ”take” the roles of the failed robots, occupy re-

gion C, D, and E, and then continue the task successfully. However, in the execution

of decentralized symbolic plans, when two robots fail and stop at t = 28s, two sub-

swarms synchronize in region E and D, but no robots can occupy C, as the program for

each robot is assigned before the execution. Thus, the whole system is unable to make

progress due to the individual failures and cannot complete the specified task. The re-

sults show that the centralized execution with dynamic assigning online is more resilient

to possible individual failures in swarm robotic systems, although it cannot guarantee

that the system would recover from any failure, for example, in an extreme case when

all robots fail to move. More details are in the submitted video.

2.6.3 Demonstration on Robotarium

Example 2.6.3. We show this example on the Robotarium platform, where we compare

different behaviors of executing the centralized and decentralized symbolic plans with

the same task specifications and initial conditions. Consider two working zones con-

nected by a long corridor shown in Fig. 2.6c. The swarm, initially located in region E,

is required to repeatedly only occupy region E (φ51 =�♦(πE ∧
∧

r∈R\{E}¬πr)), regions

G and I simultaneously (φ52 =�♦(πG∧πI∧
∧

r∈R\{G,I}¬πr)), and regions B, D, and H

simultaneously (φ53 = �♦(πB∧πD∧πH ∧
∧

r∈R\{B,D,H}¬πr)). The total specification

is defined as ϕ5 =
∧3

i=1 φ5i. We first synthesize a centralized symbolic plan:

• T5: (πE → πC∧πF → πB∧πD∧πH → πC∧πF → πE ∧πG→ πG∧πI → πF)
ω .

The symbolic plan loops back to the initial state after visiting the last state. Then, we
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synthesize three decentralized plans T51,T52,T53 with the following runs and imple-

ment the symbolic plans on three groups of robots:

• T51: (π̇E → πF → π̇H → πF → πG→ πG→ π̇G→ πF)
ω ,

• T52: (π̇E → πC→ π̇B→ πC→ πE → πF → π̇I → πF)
ω ,

• T53: (π̇E → πC→ π̇D→ πC→ πE → πF → π̇I → πF)
ω ,.

As before, the symbolic plans loop back to their initial state after visiting their last

state and they synchronize with each other in the regions marked with a dot. We use

decentralized CBF for velocity computation in the execution of both the centralized and

decentralized symbolic plans.

Results: Figure 2.13 shows the implementation of Example 2.6.3 on the Robotarium

platform. We compare the execution of the centralized and decentralized symbolic plans

using the same task specifications and initial conditions. We note that in the centralized

execution, robots spread out to occupy regions on the opposite side of the workspace in

a more efficient way, where the robots chose their nearest neighbors and they did not

have any crossing motion through another group of robots. In addition, the centralized

approach only sent 2 robots to the left side of the workspace because only 2 regions need

to be occupied simultaneously, which reduces the total distances that all robots travel.

However, during the execution of the decentralized symbolic plans, robots move slowly

to go across a group of other robots and most robots travel far distances to satisfy the

decentralized symbolic plans. The execution of the decentralized symbolic plans in the

same example needs 40% more time to complete one cycle of the repetitive task. More

details are in the submitted video.
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(a) Centralized execution

(b) Decentralized execution

Figure 2.13: Example 2.6.3. Robots are divided into three groups. Lines represent walls
in the workspace and arrows indicate the motion.

2.7 Conclusions

In this work, we study the centralized and decentralized control of swarm robotic sys-

tems at both the symbolic and continuous levels. At the continuous level, we compare

the centralized and decentralized versions of control barrier functions and demonstrate

different behaviors when individual failure happens. The results show that decentralized

control barrier functions guarantee collision-free motions even with individual failures

while centralized computation might cause collisions. At the symbolic level, we use

the synthesis framework in [55, 57] to obtain centralized and decentralized symbolic

plans, and we propose a dynamic assigning method to make swarm robots execute the
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centralized symbolic plans correctly. We present case studies in simulations and on

physical robots to show different behaviors in centralized and decentralized execution.

The results show that the execution of the centralized symbolic plan is more efficient

in completing the task and more resilient to possible failures as it provides optimal co-

ordination, while the execution of the decentralized symbolic plans is more efficient in

computation as all plans are already assigned to robots before the execution. Our future

work is to consider communications among robots in decentralized execution to en-

hance the coordination of swarm systems and improve the efficiency with decentralized

control.
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CHAPTER 3

AUTOMATIC CONTROL SYNTHESIS FOR SWARM ROBOTS FROM

FORMATION AND LOCATION-BASED HIGH-LEVEL SPECIFICATIONS

3.1 Introduction

Swarm and multi-robot systems can perform various tasks such as surveillance [78],

warehouse logistics [30], and object transport [20]. Such tasks might require robots to

achieve certain formations for communication and collaboration, or even for entertain-

ment [4].

Control laws that cause swarms to create a specific shape are referred to as formation

control [63]. Many aspects of formation control have been studied, such as stability [25]

and decentralized coordination [2]. However, work in formation control typically does

not consider how to create control that ensures a formation happens in a specific location

in the workspace, nor has past work enabled users to specify complex behaviors that

include multiple different shapes, for different subswarms, in different locations, and

automatically generate the appropriate control.

In this work, we create abstractions for formations and locations of swarms, and

utilize the abstractions to synthesize compositional and flexible behaviors in a provably-

correct way from user specifications. The framework we describe could impact a variety

of application domains from digital agriculture where a farmer may deploy a swarm of

UAVs for monitoring and spraying behaviors, to entertainment, where a robotics-novice

designer might create complex formations, to construction where a civil engineer may

deploy swarms as scaffolding for different structures.

This work leverages our previous work [57, 17], where [57] focuses on synthesizing
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decentralized symbolic plans given high-level specifications, and [17] creates contin-

uous control guaranteed to avoid collision, physically implement the symbolic plans,

and mitigate deadlocks. Expanding on [57, 17] that only consider region-based speci-

fications, in this work we create richer abstractions and specifications corresponding to

both swarm formation and location. In addition, we design continuous controllers that

are parametric in the specified formation and swarm size, and use a centralized assign-

ment mechanism to ensure the execution of the symbolic plan satisfies the user-provided

specification and avoids collisions.

We consider this work as addressing high-level behaviors for swarms even though

our solution is centralized and may be considered as multi-robot. This is because our

abstractions, specification formalism, and automatic control synthesis are agnostic to the

exact number of robots which may change during execution, a characteristic of swarms.

Assumptions: In this work, we assume the environment and robot poses are known.

Furthermore, we synthesize controls and provide guarantees for the robots assuming that

they are holonomic; when controlling physical, differential drive robots, we increase

the safety distance to mitigate the effects of the dynamic constraints, as described in

Section 3.8.

This work presents (i) a novel abstraction and grammar that allow a user to specify

location and formation-based swarm behaviors, (ii) automated correct-by-construction

control synthesis for the swarm robots that guarantees that the task will be satisfied,

if feasible, and (iii) demonstrations on simulated and physical swarm platforms that

showcase the generality of the approach.
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3.2 Related Work

Formation control has been studied extensively in swarm and multi-robot systems re-

search [60]. Some work develops continuous control laws based on different robot sens-

ing and interaction capabilities [60]: for example, a camera-based cooperative control

framework for nonholonomic robots [23] and a position-based method with dynamic

communication topology [76], while other works utilize graph theory to convert multi-

robot formation control to a discrete path planning problem [21], such as robots forming

lattice patterns [82] and switching formations on grids [38, 72]. Our work is different

in that we tackle high-level behaviors that include both the sequencing of formations

but also the automatic distributions of the robots into several sub-swarm formation, to

achieve the desired high-level task in the continuous space.

Recently, compositions of swarm behaviors have been studied [68, 67]. The work

in [68] focuses on continuous control for reaching certain spatial configurations and

switching between different behaviors to guarantee effective information flow. The

work in [67] focuses on selecting an optimal sequence of behaviors to achieve a cer-

tain task. In this work, we focus on creating abstractions and synthesizing controls from

user-defined formations and temporal logic specifications, which automates the mission

planning and sub-swarm assignment process compared to [68, 67].

Control synthesis from high-level specifications has been applied to multi-robot sys-

tems and swarms [75, 77, 91, 80, 31, 79]. For example, [75] deals with asynchronous

motions of robots in high-level mission planning to guarantee collision and deadlock

avoidance, and [77] composes motion primitives based on high-level specifications to

maintain spatial configurations on a grid. In [91], the authors develop specifications for

swarm robots and formally prove the system properties. Authors in [80] developed a
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framework to automatically generate optimal behaviors for heterogeneous multi-robot

teams to achieve missions specified in temporal logic, and [31] describes a method to

generate a sequence of multi-robot policies for task allocation and planning from LTL

specifications. In [79], the authors present a mechanism for a team of robots to co-

ordinate to fulfill tasks given in LTL under uncertainty. Our work also considers task

allocation and coordination during task execution, but different from [80, 31, 79] where

each robot has its own specification, we assign temporal goals to an arbitrary number

of robots under formation-dependent constraints and synthesize controls to achieve a

global task specified in LTL.

3.3 Preliminaries

3.3.1 Linear Temporal Logic

Linear temporal logic (LTL) [29] is a formal language consisting of propositions and

logical and temporal operators. Let AP be a set of atomic propositions. The syntax of

LTL is defined as follows:

ϕ ::= π |¬ϕ |ϕ ∨ϕ | ©ϕ |ϕ U ϕ

where π ∈ AP is a proposition, ¬ is negation, ∨ is disjunction,© is next and U is until.

Other logical operators such as conjunction (∧), implication (⇒) and temporal operators

such as always (�) and eventually (♦) can be derived from these basic operators. An

LTL formula over propositions AP is interpreted over infinite words w ∈ (2AP)
ω . The

language of an LTL formula ϕ , denoted by L (ϕ), is the set of infinite words that satisfy

ϕ , i.e., L (ϕ) = {w ∈ (2AP)
ω | w |= ϕ}. Intuitively, �π means proposition π has to be

true at all times, ♦π means proposition π will be true at some point, and ©π means
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that proposition π has to be true in the next step. We refer the readers to [29] for more

details about LTL.

3.3.2 Abstractions and Specifications for Swarms

In [54, 17, 57] we propose a region based abstraction for swarm behaviors. We par-

tition a 2D workspace into a set of regions R = {r1, ...,rm}, and use a region graph

GR = (R,E) to represent the connectivity of the regions, where E ⊆ R×R represents

possible transitions between regions, i.e., (ri,r j) ∈ E indicates robots can move directly

from region ri to r j without going through any other region. We define πr ∈ AP as an

atomic proposition which is true iff at least one robot is in region r ∈ R. By using these

propositions, a user can write location-based specifications in the following format:

ϕ = φ
i∧
∧

j

φ
s
j ∧
∧
k

φ
g
k , (3.1)

where φ i is a Boolean formula over AP representing the initial condition, φ s
j = �ϕs

j

are safety constraints where ϕs
j is a Boolean formula over AP

⋃
©AP representing con-

ditions that must always hold, and φ
g
k = �♦ϕ

g
k are system livenesses where ϕ

g
k is a

Boolean formula over AP representing goals that must eventually be reached. For ex-

ample, a formula ϕ = r1∧�¬r2∧�♦rm specifies that the swarm initially starts at region

r1, should repeatably visit rm, and never enter r2. Formula (3.1) has similar structure to

generalized reactivity (1) (GR(1)) [12] which is a fragment of LTL that has polynomial

time complexity in synthesis. However, different from GR(1), formula (3.1) does not

contain environment propositions as the environment is assumed static and known.
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3.3.3 Control Synthesis for Swarms

In our previous work [54, 17, 57], we proposed a control synthesis framework to sat-

isfy specifications of swarm navigation tasks. We first apply LTL synthesis to obtain a

symbolic plan given the high-level specifications. The symbolic plan S = {q0q1q2...}

can be represented as a sequence of states qi such that each state qi is labeled with a

set of propositions L(qi)⊆ AP that are true in state qi. Then, we partition the symbolic

plan into decentralized plans and execute the plans on different sub-swarms. By using

control barrier functions (CBF) [89], we generate continuous controls that drive robots

to reach the goal in collision-free paths. The synthesis framework guarantees that the

swarm executes the task while avoiding collisions and satisfies the specifications, when

possible, although there may be instances of deadlock which we mitigate.

3.4 Problem Formulation and Approach

This chapter solves the following problem: Given a workspace that is partitioned into a

set of regions, a set of 2D/3D shapes, a robot swarm and formation (shapes) and location

(regions) based high-level tasks, we automatically synthesize controls for all individual

robots such that the robots correctly and safely satisfy the task. We assume the robots

have full state information, i.e., their pose is known, and that they are velocity controlled.

To solve this problem we first create abstractions for formation and location-based

robot behaviors, and then allow users to specify tasks over those abstractions using the

LTL formulas in Eq. (3.1). We automatically synthesize a symbolic plan by leveraging

the work in [57], and we use integer programming (IP) to assign robots to sub-swarms

for achieving the symbolic plan. We automatically create continuous control for individ-
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ual robots that implements the symbolic plan while guaranteeing collision avoidance.

3.5 High-level Specifications and Symbolic Synthesis

In this section we define the abstractions over which we create propositions that we use

for the task specifications, and describe the specifications and the symbolic synthesis.

3.5.1 Abstractions: symbols and their physical grounding

Our abstraction contains three types of symbols; location, target, and formation, that

allow a user to capture formation and location-based swarm behaviors.

Location symbols

As done in [54, 17], we partition the continuous workspace into regions and create a

symbol for each region R = {r1, ...,rm}. These symbols are grounded to the physical

space and when used as propositions (Section 3.5.2), the proposition are true only if

there is at least one robot in the corresponding region. The physical space and regions

can be either 2D or 3D, as shown in the following.

Target symbol

We define the symbol T that represents existence of a target in a region. In section 3.5.2

we use this symbol in conjunction with formation symbols to create propositions whose

truth values depend on whether the formation surrounds the target.
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Formation symbols

We define formation symbols as a set F = {C,F1, ...,Fk} where C represents coverage

(robots distribute in a region according to a given coverage metric as described in Sec-

tion 3.6.3 ), and Fi(i ∈ {1, ...,k}) is a shape formation.

We allow two types of shape formation in this paper: i) forming a perimeter of a 2D

polygon or ii) surface/curve coverage of a 3D shape. For 2D shapes, a formation symbol

Fi represents a polygon (a list of vertices) s ∈ S where

S = {[(x1,y1), ...,(xp,yp)]|xi,yi ∈ R, p≥ 3}.

For example, we can use ssqr = [(0,0),(1,0),(1,1),(0,1)] and stri = [(1,0),(0,
√

3),(−1,0)]

to represent a square and an equilateral triangle respectively. Note that the coordinates

are only used to determine the shape rather than the actual formation size which is scaled

based on the region.

For 3D shapes, the formation symbol Fi corresponds to a parametric function p :R→

R3 representing a 3D shape/curve. For example, p(t) = [rcos(t),rsin(t),ct] (0≤ t ≤ 6π)

represents a helix with a radius of r and height of 6cπ . In this paper, we use the set

of formation symbols F = {C,sqr, tri,dia,hex,oct, pen,helix,sph}, where the symbols

represent coverage, a square, a triangle, a diamond, a hexagon, an octagon, a five-point

star, a helix (3D), and a sphere (3D) respectively.

3.5.2 Proposition Creation

Given the symbols defined in section 3.5.1, we define the set of atomic proposition over

which the specifications will be created, as Prop = (F∪{ /0})×R×{T, /0}, where × is

the Cartesian product. We use the notation Fj ri T for the tuple (Fj,ri,T ), C ri for both
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(C,ri, /0) and (C,ri,T ) (same semantics), Fj ri for (Fj,R, /0), and ri for both ( /0,ri, /0) and

( /0,ri,T ) (same semantics), where Fj ∈ F and ri ∈ R. The semantics of the propositions

are defined as:

• ri = true indicates that at least one robot is in region ri, regardless of formation.

• C ri = true indicates that at least one robot spreads out to cover the region repre-

sented by ri. We note that “at least one robot” is the semantic definition due to ri,

but in practice a sub-swarm will cover the whole region.

• Fj ri T = true indicates that robots form the shape Fj around the target in region

ri with the target inside the shape, and Fj ri = true indicates that robots form the

shape Fj in region ri disregarding the location of the target, even if one exists.

Note that the proposition Fj ri T = true requires that there exists a target in region ri,

which might not be the case. Thus, we relax the semantics by assigning Fj ri T = true

when robots form shape Fj anywhere in ri if there is no target in region ri. Figure 3.1

depicts possible physical representations of different atomic propositions.

(a) A swarm satisfying ri. (b) A swarm satisfying C ri (c) A swarm satisfying rect ri T

Figure 3.1: Proposition satisfying formations for seven robots in a pentagonal region.
Blue dots represent locations of robots. The yellow star represents the target in the
region.
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3.5.3 Specifications

Given a set of propositions, Prop, users can write specification of the form (3.1). Given

such a formula, we automatically reduce the number of propositions for synthesis and

add formulas representing the swarm motion constraints, as described below.

Minimizing the set of propositions

Given the set of propositions that appear in the user’s specifications, Propspec, we create

the set Prop′ = Propspec
⋃

R ⊆ Prop, that will be used in the synthesis process. Cal-

culating Prop′ can reduce the number of propositions, which makes the synthesis faster

as synthesis time grows exponentially with the number of propositions in the worst case

[57].

Encoding motion constraints

In addition to the user specification, we automatically create formulas that represent

motion constraints due to the topology and the formations.

For each region r∈R, we first define sets of outgoing and incoming neighbors of r as

out(r) = {r′ ∈R|(r,r′)∈E} and in(r) = {r′ ∈R|(r′,r)∈E}, respectively. Then, we add

for each r two safety formulas to the specifications: φG1 =�(r→©r∨
∨

r′∈out(r)©r′)

and φG2 =�(
∧

r′∈in(r)¬r′∧¬r→©¬r). The formula φG1 indicates that robots in region

r can only move to the outgoing neighbors of r or stay in r at the next step, and φG2

indicates that robots cannot be in r at the next step if currently there is no robot located

in r or any of its incoming neighbors.

To ensure formations in specific regions, we specify a safety formula φp =
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∧
F r T∈Prop′,F∈F�(F r T → (r∧©r))∧

∧
F r∈Prop′,F∈F�(F r→ (r∧©r)) which en-

codes that if a sub-swarm achieves a formation in region r, there exist at least one robot

in region r currently and at the next step. Intuitively, the safety formula connects forma-

tion and location to ensure that transition between formations is reachable in physical

space given the environment topology.

Example: Given the workspace in Fig. 3.4 and the formation set F in section 3.5.1,

the task is to: 1) repeatedly and visit r1 and form a triangle in r2 at the same time; 2)

repeatedly form diamonds in r1 and r2 around the targets, and cover r3 at the same time;

and 3) never enter r4. Using the symbols, the user can write the LTL formulas as:

• φu1 =�♦(r1∧ tri r2)

• φu2 =�♦(dia r1 T ∧dia r2 T ∧C r3)

• φu3 =�¬r4

Based on the task, Prop′ = {r0,r1,r2,r3,r4, tri r2, dia r1 T,dia r2 T,C r3}. The

added motion constraints are φp =
∧

j=1,...,4 φp j:

• φp1 =�(tri r2→ (r2∧©r2))

• φp2 =�(dia r1 T → (r1∧©r1))

• φp3 =�(dia r2 T → (r2∧©r2))

• φp4 =�(C r3→ (r3∧©r3)).

The full specifications is

Φ =
∧

i=1,2,3

φui∧
∧

i=1,2

φGi∧φp.
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Expressiveness: Given the abstractions, we can specify tasks that: 1) require robots to

visit or avoid regions, and 2) require robots to form shapes in certain regions (at most

one shape in each region), potentially around a target, or cover regions. Our abstractions

currently do not allow multiple formations in one region or a formation that is created

across multiple regions, however, we note that the choice or workspace partition and

formation shapes are up to the user.

3.5.4 Synthesis

Given a specification, we use Slugs [27] to generate the symbolic plan S and we lever-

age the work in [57] to verify that the swarm will exhibit correct continuous behavior

when continuously implementing the symbolic plan. For the example in Section 3.5.3,

synthesizing the symbolic plan took 0.655s and the plan included 6 states.

3.6 Continuous Control Synthesis and Execution

In this section we first briefly explain the continuous execution from a given a synthe-

sized symbolic plan. Then, we formalize the integer programming (IP) based approach

to dynamically assign robots to sub-swarms. Finally, we define the continuous control

synthesis for each individual robot.

3.6.1 Continuous Execution

Given a synthesized symbolic plan S from Section 3.3.3, we describe the continuous

execution of a transition from state qi to qi+1:
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First, we obtain the desired formations (including region visit and coverage) and

the goal regions from L(qi+1). Then, we calculate the minimum and maximum num-

ber of robots needed to achieve each desired formation, and use an IP based approach

(Section 3.6.2) to assign robots to sub-swarms. Finally we apply the continuous con-

trol (Section 3.6.3) with control barrier functions [89] to each sub-swarm to achieve the

desired formations with no collisions.

3.6.2 Sub-swarm Assignment

For correct continuous implementation of the symbolic plan, we must assign robots to

sub-swarms based on the required symbolic transitions. Our method is based on lin-

ear assignment [15], which deals with optimally assigning n items (robots) to n places

(goals). The main difference with respect to [15] is that we add constraints to the IP

formulation to ensure the correct execution of the symbolic plan and enforces the topo-

logical constraints of the space, i.e. robots can only move to their neighboring regions

or stay in the same region.

For N robots in a workspace partitioned into n regions, we define an assignment

matrix M ∈ RN×n as

[M]i j =

 1 if robot i is assigned to region j

0 otherwise.

For each symbolic transition (qi,qi+1), and for each region appearing in L(qi+1), we

define Nmin
L(qi+1), j

and Nmax
L(qi+1), j

as the minimum and maximum number of robots required

to be in r j in state qi+1 for the desired formation. In the following we will use Nmin
j and

Nmax
j to denote Nmin

L(qi+1), j
and Nmax

L(qi+1), j
for simplicity. Furthermore, we define Ci j as the

cost of robot i moving into region j. We can obtain an optimal assignment strategy by
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solving the following IP:

M = argmin
[M]i j∈{0,1}

N

∑
i=1

n

∑
j=1

Mi jCi j

s.t.
n

∑
j=1

Mi j = 1 ∀1≤ i≤ N

N

∑
i=1

Mi j ≥ Nmin
j ∀1≤ j ≤ n

N

∑
i=1

Mi j ≤ Nmax
j ∀1≤ j ≤ n

Mi j = 0 if (rki,r j) < E,

(3.2)

where rki is the region where robot i is currently located. We use the estimated travel

distance for robot i to enter region j as the cost Ci j, thus we are optimizing the sum of

the distances the robot travel. The cost function can be easily changed to capture other

metrics such as minimum time.

The resulting assignment from (3.2) ensures that robots only move to their neigh-

boring regions and the sub-swarm size fits the corresponding behaviors as long as Nmin
j

and Nmax
j are well defined.

Given Ds, the inter-robot safety distance, we automatically determine Nmin
j and Nmax

j

as follows:

Visit and Coverage. For 2D region visit and coverage, we set Nmin
j = 1. For computing

Nmax
j , we first estimate the maximum number as Nmax

j e =
A(r j)
βAR

, where A(r j) is the area

of r j, AR is the area covered by a single robot, and β > 1 is a parameter. Nmax
j e is an

initial guess of Nmax
j based on the ratio of the region area and the robot dimensions,

and β can be defined based on the safety distance between robots. We verify the result

Nmax
j e by finding the goals given Nmax

j e and r j using the method in Section 3.6.3, and

let Nmax
j = Nmax

j e if there exists a solution, otherwise we replace Nmax
j e by Nmax

j e − 1 and

repeat the process until a solution for the goals is found. For 3D regions, we choose the
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central plane of the region to calculate Nmin
j and Nmax

j as the controller we use for region

visit and coverage is the same as in 2D.

Shape formation. For 2D polygon forming, we let Nmin
j = p where p is the number

of vertices of the specified shape as defined in Section 3.5.1. We enforce robots to at

least occupy all the vertices of a given shape. For the maximum number, we make

Nmax
j = ∑[li/Ds] where li is the length of each edge and [x] = max{m ∈ Z|m≤ x}. The

intuition is to ensure that the distances between goal points are at least Ds.

The edge length li is determined based on the formation S defined in 3.5.1 and the

actual region size once the user has created the formation symbols. We assume min(li)>

Ds to avoid unsafe occupancy at the vertices. For 3D curve/surface forming, we have

the user specify Nmin
j and Nmax

j as there are no vertices that robots have to occupy, and

we verify that minimum distance between generated goal points is larger than the safety

distance given Nmax
j .

Optimality and feasibility: The robot assignment happens once for each transition in

the symbolic plan S , thus the assignment optimizes one transition; the assignment is

not necessarily optimal for the whole task. In addition, when the number of robots

cannot satisfy the constraints in Eq. 3.2, the execution will terminate as the task cannot

be correctly executed even though the high-level specifications are realizable. In [57] we

discussed an IP-based method to calculate ahead of time the minimum number of robots

for each region in each state of the symbolic plan, needed to guarantee the execution of

location-based tasks. In the future we will apply the method to formation-based tasks to

provide Nmin
j and Nmax

j as the assignment constraints.

Computation complexity: Integer programming is generally NP-complete [62]. How-

ever, when the constraints and objective functions are linear, the IP becomes an integer
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linear programming and it can be solved in polynomial time. In the IP formulation

(3.2), all the equality constraints can be converted to a combination of two inequalities

constraints, and all the constraints as well as the objective function are linear. Thus, the

assignment can be calculated in polynomial time with respect to the number of robots.

Our formulation can easily optimizes other metrics, such as minimum time, at the ex-

pense of longer computation times.

3.6.3 Continuous Control

Given the symbolic plan and the assignment of robots to sub-swarms, we present the ap-

proach to automatically synthesizing continuous controls that ensure robots to achieve

the specified behavior while avoiding collisions. Control barrier functions (CBF) with

nonlinear dynamics constraints are presented in [6, 93] for collision avoidance. How-

ever, in this work we use a simple version of CBF [89, 17] for multi-robot systems as-

suming holonomic robots, and mitigate the effect of the robots’ dynamics by increasing

the safety distance Ds in the physical demonstrations.

For all symbolic transitions, we divide the control synthesis into two sub-problems:

1) determine goal points for robots in the sub-swarms, and 2) create controls that drive

robots to the goals with no collision.

Region visit and coverage. To determine the goal points in any region r j for the visit

behavior, we first pick as a starting point the region centroid, and then increase the

number of points around the centroid in a hexagonal lattice pattern (Fig. 3.1a). The

growing distance is d = βDs, where β > 1, to ensure collision-avoidance. We choose a

hexagonal lattice as this pattern guarantees the same distance between any two neighbor

points as shown in Fig. 3.1a. For region coverage, we first find line segments that
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Figure 3.2: Screenshots from a demonstration of 16 UAVs and 8 rovers performing
a high-level formation and location-based task in the AirSim simulation. Four target
buildings are located in regions ri (i ∈ {0, ...,3}) respectively. The rounded squares and
triangles represent the UAV and the rover locations respectively. The numbers 1-4 show
the time sequence of the screenshots. A side view is provided for better visualization of
a 3D helix.

connect the centroid with the vertices or the edge midpoints (2p in total where p is

the number of vertices), and divide these line segments evenly by N such that (N −

2)p+ 1 ≤ NR ≤ (N− 1)p+ 1 where NR is the number of robots. Then we choose the

centroid and NR−1 points at the equidistant points on the line segments from the edges

to the centroid. We check the distances d between points. If there exists a distance

d < Ds, we replace N by N+1, thus creating more points to choose from, and repeat the

checking process. If N becomes large enough such that distances between neighboring

equidistant points are all less than Ds, the algorithm returns no solution. We note that

here we assume convex regions; we can easily substitute any other coverage algorithm

that would also work for non-convex regions.

To solve sub-problem 2), we run a linear assignment [15] to distribute goal points to

individual robots, then design a PID controller for each single robot, and finally apply

the CBF [89] to ensure that robots reach their goals with no collisions. CBFs are used

to modify control inputs (velocities) such that robots are guaranteed to move with no

collisions and reach their goals if there is no deadlock. For 3D regions, we choose the
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vertically central 2D plane to execute region visit and coverage motions although we

could also choose a 3D coverage metric.

Shape formation. Given the sub-swarm size N, we solve sub-problem 1) for a 2D

polygon by making p robots occupy the shape vertices, and N− p distribute evenly on

the edges. For sub-problem 2), we design a two-step process for obtaining continuous

controls, which first drives robots to surround the centroid of the desired formation or

the target, depending on the required behavior, and then assign them to different goals to

complete the desired shape. In the surrounding step, we compute the velocities based on

robot poses with the objective of evenly distributing robots around the polygon centroid

or target. After completion of the surrounding step, we assign goals to robots and apply a

PID controller with the CBF to make the robots form the shape while avoiding collisions.

Once all sub-swarms finish forming the shapes, they proceed to the next state in the

symbolic plan. When forming 3D shapes, we use the parametric function to generate

a list of goal points given N, the number of robots, to solve sub-problem 1). For sub-

problem 2), instead of the two-step control process for 2D polygons, we assign robots

to goal points and drive them towards their goals to achieve the 3D shape.

Deadlocks:. In multi-robot systems, deadlocks are situations where robots cannot make

progress towards their goals. In [17] we discussed different deadlock scenarios and

provided perturbation and roadmap-based method to mitigate deadlocks. In general,

in environments with obstacles, we cannot guarantee deadlock avoidance; however, in

practice, such techniques often result in deadlocks being resolved.
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3.7 simulations

We first demonstrate the control framework on 16 UAVs and 8 ground vehicles in

AirSim[81]. The simulation environment is a space with four target buildings. We

partition the 3D workspace into ri j (i ∈ {0,1,2,3}, j ∈ {0,1,2}) such that the target

buildings are in regions ri 0, i ∈ {0, ...,3}. The index j represents the height of the re-

gions: j = 0 represents the ground-plane 2D regions, j = 1 represents 3D regions at 10

to 20 meters above ground, and j = 2 represents 20 to 30 meters above ground.

3.7.1 Specifications

Initially, the UAVs and the rovers are located in regions r1 1 and r2 0 respectively. We

require the swarm to accomplish three goals: repeatedly form hexagons around the tar-

gets in r1 1 and r2 0, repeatedly form a square around the target in r3 0 and a helix in

r1 1, and repeatedly form a square around the target in r3 0 and a sphere in r1 2. Note

that we assume the UAVs only fly in the air and rovers only move on the ground, which

is encoded in the region graph. Formally, the specifications are expressed in LTL and

include:

• �♦(hex r2 0 T ∧hex r1 1 T ∧
∧

k,2 0,1 1¬rk),

• �♦(sqr r3 0 T ∧helix r1 1∧
∧

k,3 0,1 1¬rk),

• �♦(sqr r3 0 T ∧ sph r1 2∧
∧

k,3 0,1 2¬rk).

The negation of propositions in the formulas indicates that no robots should be in those

regions, thus robots should only appear in the regions that have the specified formations.
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Figure 3.3: Symbolic plan for the example of Section 3.7

These specifications simulate tasks where UAVs and ground vehicles collaboratively

guard some target buildings.

3.7.2 Results

From the given specifications in Section 3.7.1, we use the approach in Section 3.5 to

synthesize a symbolic plan shown in Fig. 3.3, where states qi (i ∈ {0, ...,6}) are labeled

with propositions that are true in that state.

We execute the synthesized symbolic plan on 16 UAVs and 8 rovers using the ap-

proaches in Section 3.6. The result shows that the swarm achieves the high-level task

correctly and safely (Fig. 3.2). For executing two cycles of the symbolic plan, the av-

erage computation time for sub-swarm assignment is 0.08s, and the average time for

computing the velocity commands during execution is 0.12s. The time for synthesizing

the symbolic plan in this demonstration is 0.97s. The simulation was run on a desktop

machine with an Intel Core i7-7700 CPU@3.6GHz and 16GB RAM.
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3.8 Physical Demonstrations

In this section we demonstrate our approach on physical robots, using 20 Coachbot V2.0

robots [88] (customized differential-drive ground robots) in an environment partitioned

into five regions. We use the formation symbols F (Section 3.5.1) for creating proposi-

tions and specifications.

3.8.1 Specifications

The swarm is initially in r0. We require the swarm to achieve three goals: repeatedly

form an octagon around the target in r1 and cover the space of r2 at the same time while

avoiding all other regions, repeatedly form a diamond in r3 and a five-point star in r4 at

the same time while avoiding all other regions, and repeatedly gather in r0. We add a

safety specification that prevents the swarm from being in r1 and r4 simultaneously at

any time. The specifications is formally expressed in LTL (part of the full formula is

shown here):

• �♦(oct r1 T ∧C r2∧¬r0∧¬r3∧¬r4)

• �♦(dia r3∧ pen r4∧¬r0∧¬r1∧¬r2)

• �♦(r0∧¬r1∧¬r2∧¬r3∧¬r4)

• �¬(r1∧ r4).
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3.8.2 Results

We synthesize a symbolic plan from the given specifications in Section 3.8.1 and show

the execution in Fig. 3.4. The robots start from r0, first form an octagon in r1 and cover

r2, then form a diamond and a five-point star in r3 and r4 respectively, and go back to

gather in r0, as shown in Fig. 3.4. All the objectives and constraints are satisfied using

the symbolic and continuous control synthesis. Note that the robots gather in r2 and r3

before entering r4 because robots are not allowed in r1 and r4 at the same time and the

unsafe transitions between r1,r2 and r3,r4 are ruled out during the synthesis process.

3.8.3 Discussion

Controlling a swarm of physical robots correctly and safely is challenging. We address

the problems that we have encountered during the implementation on physical robots

and discuss the possible solutions that might improve the physical swarm ability to per-

form high-level tasks.

In contrast to the simulation, where the behavior of the swarm satisfied the desired

behaviors and no collisions occurred, during the physical demonstrations, collisions did

happen when too many robots were in a narrow space, e.g., when forming the five-point

star in r4 in Fig. 3.4. This is due to the mismatch between our assumptions of full

state information and idealized kinematic robots and the reality of the physical platform

where we have 1) imperfect localization, 2) nonlinear robot dynamics, and 3) a tight

workspace. Specifically, we assume a honolomic kinematic model for each robot to

design collision-free control, and then map the robot velocity in the global frame to

the wheel speeds for coachbots. However, the mapping is not fully accurate as the

differential-drive robots cannot move sideways, which might violate some constraints
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in the CBF when robots get too close in a tight environment. Usually increasing the

safety distance can improve the robustness for collision avoidance. In this work, we

set the safety distance Ds = 1.2Dr where Dr is the robot diameter, for the purpose of

fitting 20 robots in one region to achieve the synthesized symbolic plan. Such tight

safety margins, together with the nonlinear dynamics and sensing error, lead to some

collisions in the physical demonstration. Our future work is to consider robot dynamics

in the CBF formulation thus guaranteeing collision avoidance [28, 6, 93].

3.9 Conclusion and Future Work

In this work we propose a novel abstraction for robot swarms that allows a user to specify

tasks regarding the swarm’s formations and locations. We describe a framework for

automatically creating control for the swarm robots such that the swarm is guaranteed

to achieve its tasks while avoiding collisions with the environment and between the

robots. We demonstrate the approach both in simulation and on physical robots.

In future work we will robustify the approach with respect to constrained physical

systems. Specifically, we will create continuous controls by adding robot dynamics to

the CBF constraints. In addition, we will study the amount of information that individual

robots need, and design communication and synchronization frameworks for swarms to

achieve such high-level tasks in a distributed manner to increase the scalability of the

approach.
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Figure 3.4: A demonstration of 20 coachbots performing a high-level task. Two targets
(labeled with ”T”) are located in r1 and r3. The arrows indicate the motion of nearby
robots.
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CHAPTER 4

DISTRIBUTED CONTROL OF ROBOTIC SWARMS FROM REACTIVE

HIGH-LEVEL SPECIFICATIONS

4.1 Introduction

Research in swarm robotics studies the coordination and interaction of large numbers

of simple robots in terms of robustness, flexibility, and scalability [13]. Robot swarms

have various potential applications such as surveillance [78], warehouse logistics [30],

and collective construction [64]. While one direction of research on robot swarms fo-

cuses on creating simple single robot behaviors and analyzing the emergent behavior

of the swarm [83, 46, 8] , recently researchers have been developing control schemes

to achieve high-level swarm tasks in a top-down manner [42, 56, 34, 26]. These ap-

proaches use formal languages to specify global high-level tasks, and synthesize controls

for individual robots such that the resulting swarm behaviors satisfy the specifications.

However, these approaches either require centralized control for the robots [42, 56], or

they lack reactivity to possible environment events [34, 26]. In this work, we propose a

distributed control scheme for swarms to achieve reactive high-level tasks.

As a motivating example, consider the workspace partitioned into 5 rooms ri, i ∈

{0, ...,4} shown in Fig. 5.1. There are two static targets in room r3 and r4. We assume

that there is an environmental event “danger” that the swarm must react to; when there

is no danger, the robots should form triangles in r0, r1, and r2 at the same time but when

danger is detected, the robots should form a square and a hexagon around the targets in

r3 and r4.

Given such a reactive, globally-specified formation task, our objective is to auto-
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matically synthesize controls for each individual robot such that the swarm completes

the task correctly. Our previous work [16] proposed an abstraction for formations and

presented a centralized control synthesis approach for accomplishing non-reactive high-

level tasks given as linear temporal logic (LTL) formulas over the abstraction. However,

in swarm applications, due to the scalability and communication costs, one prefers de-

centralized control, where robots only use their local information to make decisions, to

achieve the global specifications. In this work, we present a novel control scheme, where

we only synthesize a centralized symbolic plan offline based on the LTL specifications,

but execute the symbolic plan in a decentralized manner by applying an auction-based

algorithm to task assignment during transitions in the symbolic plan.

Assumptions. In this work, our abstraction allows at most one formation in a region at

one time, as in [16]. Furthermore, we assume that the reactivity is non-instantaneous—

swarms only detect and react to an environmental event after completing a transition in

the symbolic plan. This means that the swarm will not change its behavior in the middle

of a transition. We also assume that the map of the workspace is known and all robots

can detect the environment events.

Contributions. This chapter presents (i) a distributed control method for executing

a reactive finite automaton for swarm tasks, which satisfies robot number constraints.

(ii) an IP-based approach for calculating constraints on swarm size, to ensure a priori

feasibility of reactive high-level tasks. (iii) demonstrations of simulated and physical

swarms to illustrate our approach.
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Figure 4.1: Part of a finite automaton representing a formation-based reactive task where
d is the environment event.

4.2 Related work

Decentralized task assignment. There is a large body of work on decentralized task

assignment for teams of robots (e.g. [22, 79, 73, 52]). Some researchers focus on the

communication mechanism that enables the robots to satisfy task constraints: in [22],

the authors propose an algorithm that guarantees the satisfaction of hard constraints and

incorporates soft constraints into task allocation. Our work similarly uses auction-based

methods, but we use our offline computation of sub-swarm size constraints to influence

the online decentralized assignment. Other work focuses on dynamic assignment and

planning during execution: [79] proposes a decentralized framework for multi-robot task

assignment to satisfy LTL specifications under sensing uncertainties, and [73] shows a

method using redundant robots for efficient task assignment with uncertain travel time.

Unlike [79] that focuses on task allocation during single transitions in the policies, or

[73] that requires redundant robots for a goal, our work creates strict sub-swarm size

constraints that take into account the entire symbolic plan and applies them to online

task allocation. Our work has offline planning using linear temporal logic synthesis, and
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uses online task assignment that extends the auction-based algorithm in [52]. The main

difference of the assignment algorithm is that [52] requires a fixed number of robots for

each task while our algorithm allows a flexible number for each task and also provides

guarantees of satisfying sub-swarm size constraints.

Reactive synthesis. Reactive synthesis [71] is the problem of generating a strategy

such that for every environment behavior, the system has a behavior that will ensure a

specification is satisfied. We leverage the work in [12] which presents reactive synthesis

algorithms for a computationally more efficient fragment of LTL (GR(1)). Reactive syn-

thesis has been applied to various robotics systems (e.g., humanoid robots [50] and ma-

nipulators [35]). Recently, reactive synthesis has been studied in the context of robotic

swarms [56] in a centralized manner. In this work we create a decentralized execution

of the symbolic plans generated by reactive synthesis.

Top-down control synthesis for swarms. The authors in [42] develop a hierarchical

framework to create velocity commands for robots in a swarm from high-level spec-

ifications. Then, they construct the abstractions for individual robots and propose an

algorithm to reduce inter-robot communication from the global specifications in [43].

Recently, [54, 58] presented a formal synthesis approach for creating decentralized sym-

bolic plans from global LTL specifications for non-reactive swarm navigation problems,

and we applied the synthesized symbolic plans to physical robots and studied the col-

lision avoidance and deadlock mitigation during the continuous execution [17]. Then,

in [16], we propose an abstraction and control synthesis framework that coordinates

swarms to achieve non-reactive formation-based tasks in a centralized manner. Based

on those synthesis approaches, this work focuses on decentralized execution of a finite

automaton for reactive formation-based tasks. Our method is different from [54, 58] in

that we address reactive tasks.

69



4.3 Prelimelaries

4.3.1 Abstractions for formation-based swarm tasks

In our previous work [16], we proposed abstractions that capture location and forma-

tion based swarm behaviors and created LTL specifications for desired swarm tasks.

Intuitively, locations indicate regions of interest in the workspace, and formations are

requirements on the relative distances between the robots. In [16], swarm formations

create polygonal shapes where robots are distributed on the perimeters. The abstractions

we defined contain three sets of symbols: location symbols R = {r1, ...,rm}, formation

symbols F = {F1, ...,Fk}, and a target symbol {G} which indicates whether a point of

interest exists in a region. We use these symbols to create an atomic proposition set

Prop = (F∪{ /0})×R×{G, /0}, with the following semantics:

• ri = true indicates that at least one robot is in region ri.

• Fj ri G= true indicates that robots form the shape Fj around the target G in region

ri, and Fj ri = true indicates that robots form the shape Fj in region ri irrespective

of the location or existence of the target,

where Fj is grounded to a 2D polygon (a list of vertices). For example, for the task

partially depicted in Fig. 5.1, R = {ri|i ∈ {0, ...,4}} and F = {T,S,H} where T is a

triangle, S is a square, and H is a hexagon. The propositions, T r0, T r1, and T r2

indicate robots forming triangles in r0, r1, and r2, and S r3 G, H r4 G indicate robots

forming a square and a hexagon around targets in r3 and r4 respectively.
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4.3.2 LTL Synthesis and Finite Automata

Given the propositions in Sec. 4.3.1, we specify a high-level task as a linear temporal

logic (LTL) formula ϕ , and use the algorithm in [12] to create a (not necessarily unique)

control automaton which, if executed, guarantees that the robots will satisfy ϕ . The

generated automaton is a tuple A = (Q,Q0,X ,Y,δ ,L), where Q is a finite set of states,

Q0 ⊆ Q is the set of initial states, X is the set of environment propositions, Y is the

set of robot propositions, δ ⊆ Q×Q is a transition relation, and L : Q→ 2X∪Y is a

labeling function which maps a state to a set of propositions that are true in that state.

Revisiting the example in section 4.1, we synthesize an automaton A shown in Fig. 4.3a

that satisfies the specification.

4.3.3 Market-based task assignment

Market-based approaches have been applied to decentralized task assignment for multi-

robot systems [40]. The auction assigning method in this work is built on [52], where

given n robots and m tasks, the authors proposed a distributed bidding framework to split

the robots into groups of size nk (k ∈ {1, ...,m}), where each task k requires exactly nk

robots, and n = ∑
m
k=1 nk. In their framework, each robot i (i ∈ {1, ...,n}) has a selection

function fs(T ) to select a task ki and create a bid bi ≥ 0. In addition, each robot i has

an estimation of the availability α
[i]
k (α [i]

k ∈ {0, ...,nk}) of task k which represents the

number of robots that can still be assigned to task k. Robots communicate with their

neighbors, and the robot with the highest bid finalizes the task selection, while other

robots repeat the process until all robots are assigned to tasks. The proposed auction

method guarantees that exactly nk robots are assigned to task k, and the final assignment

can be reached after exploring at most n(n+1)/2 assignments.
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4.4 Problem formulation and approach

Figure 4.2: Flowchart of our control synthesis approach for high-level reactive swarm
tasks. The contributions of this work are in the boxes with the thick border.

This work solves the following problem: Given n robots, a finite automaton A =

(Q,Q0,X ,Y,δ ,L) synthesized from a high-level reactive swarm task ϕ , a 2D workspace

consisting of polygonal regions R and targets, a set of possible 2D formations F, and

minimum and maximum numbers of robots needed for a formation Fi or a region r j,

we find, in a distributed manner, controls for the individual robots such that the swarm

accomplishes the high-level task ϕ .

Our approach to the control synthesis problem is shown in Fig. 4.2. Before execu-

tion, users specify reactive, high-level tasks, from which we synthesize a finite automa-

ton A [12]. We calculate constraints on the sub-swarm size for each transition in A,

based on the physical size of the regions and robots, and on the transitions in A; these

constraints are used during execution.

When executing the task, each robot has a copy of A, and for every transition, it

communicates with its neighbors to determine an assignment in a decentralized way.

The assignment has two phases: assigning robots to sub-swarms, i.e. deciding which
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region they should go to and in which formation, and assigning them to goal points.

Both phases use the same auction process described in Algorithm 2. Once every robot

has a goal point, it synthesizes continuous control to reach the goal while avoiding

collisions, as in [17]. Once all robots reach their goals, the process repeats; based on the

environment state (the value of the propositions in X), the robots determine the required

transition and proceed to determining sub-swarms and goal assignments followed by

motion to the goal. We assume the swarm observes the environment state only once

a transition has been completed, and the swarm contains enough robots to satisfy all

constraints on the sub-swarm sizes—the total number of robots needed is known before

execution after computing the constraints.

4.4.1 Computing sub-swarm size constraints

The LTL synthesis algorithm does not take into account the actual sub-swarm size be-

cause the specifications only capture the symbolic abstraction of the swarm motions.

However, to physically execute the synthesized finite automaton, when distributing the

robots into sub-swarms, we must make sure that sub-swarm size can satisfy the require-

ment of the corresponding behaviors. For example, we should assign at least 4 robots to

form a square, or we cannot assign more robots than can safely move in a region.

Our previous work [16] myopically considered such constraints for the current tran-

sition; this might result in assignment failures when sub-swarm sizes cannot satisfy con-

straints on future transitions. For example, consider a transition that requires the swarm

to be divided into two sub-swarms a and b. If the next transition requires sub-swarm

a to be divided into three sub-swarms, then in the current swarm assignment, we must

require that a contain at least three robots. In [16] we had no such constraints. In this
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work, to eliminate future failures due to sub-swarm size, we calculate, before execution,

constraints on sub-swarm size for all the transitions using integer-programming (IP).

The proposed method builds on the quantitative analysis of swarm size in [58] which

computes the minimum number of robots for non-reactive location-based tasks.

(a) Automaton A that satisfies the specifications in section 4.1

(b) A simplified automaton A′ obtained from A

Figure 4.3: (a) An automaton that implements the specifications in Section 4.1. (b) the
simplified automaton A′ used to calculate the robot number constraints for the transitions
in A.

Abstracting A. For reactive tasks, the synthesized automaton A, which is deterministic,

usually contains many states and transitions, since for any environment behavior, there

needs to be an appropriate reaction (system action). This may result in intractability

of computing sub-swarm size constraints for each transition. However, we observe that

only the robot propositions Y , i.e. the regions and formations, and not the environmental

events, influence the constraints on sub-swarm size. Thus, to calculate the constraints on
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the number of robots per transition, we first abstract A by a nondeterministic automaton

A′ = (Q′,Y,δ ′,L′) where Q′ is a set of states, Y is the same as in A, δ ′ is the state

transition function and L′ is the labeling function such that L′(q′)⊆Y is the set of robot

propositions that are true in state q′ ∈ Q′. We create A′, which has fewer transitions

than A, by grouping states in A with the same robot propositions Y and maintaining a

mapping f between transitions in A′ and transitions in A. We then calculate bounds on

the number of robots for transitions in A′. When executing A, we use the corresponding

transitions in A′ to determine the constraints on the robot sub-swarm size.

Algorithm 1: Abstracting A
Input: A := (Q,Q0,X ,Y,δ ,L)
Output: A′ := (Q′,Y,δ ′,L′), f

1: Q′ := /0,δ ′ := /0, f := /0, h := /0
2: for q ∈ Q do
3: y := L(q)∩Y
4: if ∃u′ ∈ Q′ s.t. L′(u′) = y then
5: q′ := u′

6: else
7: q′ := createNewState(y)
8: Q′ := Q′∪{q′}
9: L′(q′) := y

10: end if
11: h := h∪{(q,q′)}
12: end for
13: for (q, p) ∈ δ do
14: f := f ∪{((q, p),(q′, p′))|(q,q′) ∈ h∧ (p, p′) ∈ h}
15: if (q′, p′) < δ ′ then
16: δ ′ := δ ′∪{(q′, p′)}
17: end if
18: end for

We present the procedure for obtaining A′ = (Q′,Y,δ ′,L′) from A =

(Q,Q0,X ,Y,δ ,L) in Algorithm 1. We first group states (Lines 2-12), and then map

the transitions (Lines 13-18). To group states, we create a state q′ for every unique set of

system propositions Y that appear in Q (Lines 4-10). We create the mapping h to keep
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track of which state in A′ corresponds to states in A′ (Line 11). To create f , that maps

transitions in A to transitions in A′, we find the corresponding states q′, p′ ∈Q′ for each

(q, p) in δ (Line 14). Finally, we create the transition set δ ′ (Lines 15-17). Since (q′, p′)

have the same robot propositions (sub-swarm partition and formations) as (q, p), the

calculation of the bounds on the sub-swarm size is equivalent to the direct computation

on A. For example, the automaton A synthesized from the specifications in section 4.1,

shown in Fig. 4.3a, has eight states and 16 transitions. Using algorithm 1 to abstract A

we get A′ which only has four states and six transitions (Fig. 4.3b). Each transition in

A′ is mapped to some transition(s) in A, e.g., (q′0,q
′
1) in A′ is mapped to (q1,q3). We

calculate the bounds on sub-swarm size for transitions in A′, and map them back to A

during execution. This reduces the number of variables and constraints in the IP, which

increases the scalability of our approach.

IP formulation. Given the simplified automaton A′ = (Q′,Y,δ ′,L′), for any state q′ ∈

Q′, we define the sets of previous and post states of q′ as pre(q′) = {u′ ∈Q′|(u′,q′)∈ δ ′}

and post(q′) = {v′ ∈ Q′|(q′,v′) ∈ δ ′}. For each transition (q′, p′) ∈ δ ′, we define a set

of non-negative integer variables xq′,p′
rq′ ,rp′

where rq′ and rp′ represent the regions that are

in the labels of state q′ and p′ respectively, such that they are adjacent in the workspace,

i.e. robots can move from rq′ to rp′ . For example, in Fig. 4.3b, xq′1,q
′
3

r0,r3 represents the

number of robots that are sent from r0 to r3 during the transition from q′1 to q′3. Then,

we define two integers, Nq′,min
ri and Nq′,max

ri , to represent the minimum and maximum

numbers of robots that are allowed in region ri in state q′. For example, in Fig. 4.3b,

Nq′1,min
r0 = 1 since r0 is true if at least one robot is in region r0, and Nq′0,min

r0 = 3 because

there should be at least three robots to make proposition T r0 become true in state q′0

(form a triangle). In this work we determine Nq′,min
ri and Nq′,max

ri based on the procedure

in [16].
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We create three sets of linear constraints to ensure the sub-swarm sizes satisfy all

the transitions in A′. First, for any transition (q′, p′), the sum of outgoing robots from a

region ri must fall in the range [Nq′,min
ri ,Nq′,max

ri ]:

Nq′,min
ri

≤∑
rp′

xq′,p′
ri,rp′
≤ Nq′,max

ri
, (4.1)

where rp′ is the set of neighboring regions of ri in state p′. Second, for every transition

(q′, p′), the sum of incoming robots to a region ri must fall in the range [N p′,min
ri ,N p′,max

ri ]:

N p′,min
ri

≤∑
rq′

xq′,p′
rq′ ,ri ≤ N p′,max

ri
, (4.2)

where r′q is the set of neighboring regions of ri in state q′. Finally, ∀q′ ∈ Q′, ∀u′ ∈

pre(q′), and ∀v′ ∈ post(q′), the sum of robots entering or staying in region ri during

the transition (u′,q′), is equal to the sum of robots leaving or staying in region ri during

(q′,v′).

∑
ru′

xu′,q′
ru′ ,ri = ∑

rv′

xq′,v′
ri,rv′

, (4.3)

where ru′ and rv′ are neighboring regions of ri in states u′ and v′ respectively. In the end,

we formulate two integer programs:

min ∑
(q′,p′)∈δ ′

xq′,p′
rq′ ,rp′

subject to Eq.(5.1),(5.2),and(5.3) (4.4)

max ∑
(q′,p′)∈δ ′

xq′,p′
rq′ ,rp′

subject to Eq.(5.1),(5.2),and(5.3) (4.5)

to obtain the upper and lower bounds of number of robots for each pair of neighboring

regions in each transition. We use the resulting numbers in the decentralized assignment

(section 4.4.2) to make sure that the execution can satisfy all the physical constraints.

These constraints might not be the most permissive if we were only considering single

transitions (See the example in Sec. 4.5.2).
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4.4.2 Auction-based decentralized assignment

Inspired by decentralized auction-based task assignment, we present our swarm assign-

ment algorithm that, based on A and the robot number constraints (Sec. 4.4.1), assigns

robots to different sub-swarms and goals. We execute the assignment algorithm twice for

each transition in A, as shown in Fig. 4.2; the first time robots choose their sub-swarm,

i.e. their region and formation, and the second time, given the sub-swarm, robots choose

goal points to travel to.

Algorithm 2, which builds on [52], describes the distributed assignment algorithm.

We consider a set of tasks T ; these tasks are region and formation pairs for the first

assignment, and goal points to reach for the second. For each task t ∈ T we assign

Nmin
t and Nmax

t , the minimum and maximum number of robots that can be assigned to

task t. For the sub-swarm assignment, these numbers are given by the IP discussed in

Section 4.4.1; for the goal assignments, Nmin
t = Nmax

t = 1 since we are assigning each

robot to exactly one point in the workspace. We assume the communication graph is

connected (the same assumption as in [52]) to ensure the convergence of the assignment

algorithm.

Notation: We define T ∗ ⊆ T as the set of tasks the robot can be assigned to. This set is

determined before the assignment algorithm is performed, based on the current position

of the robot, the physical connectivity of regions, and the next state in the automaton.

For example, for the transition between q1 and q3 in the automaton in Fig. 4.3a, if the

robot was in region r0 in q1, T ∗= {r0,r1} due to the environment connectivity (it cannot

magically transport to r2).

During the assignment algorithm, for each t ∈ T ∗, we update each robot’s estimate of

the minimum number of robots still needed for the task, nmin
t , and the maximum number
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of robots that can still be assigned to the task, nmax
t (task availabilities). We denote the

set of current minimum and maximum numbers for the set of tasks as nmin
T ∗ and nmax

T ∗

respectively. Furthermore, we define T need and T avail such that T need = {t ∈ T ∗|nmin
t >

0} is the set of tasks that must have robots assigned, i.e. the task has not yet been

assigned its minimum number of robots, and T avail = {t ∈ T ∗|nmax
t > 0} is the set of

tasks which may still be assigned to robots, i.e. their maximum constraint has not been

exceeded. We denote the robot’s set of neighbors, the robots within communication

range, as N .

Algorithm: At the beginning of each assignment, we initialize nmin
T ∗ and nmax

T ∗ as noted

above. Following the initialization, the assignment is done in bidding rounds (Lines 4-

22) until the robot finalizes its task. At each round, the robot first updates the availability

of the tasks based on the information it receives from its neighbors N (Lines 4-5). If

it is the first round of bidding or the task t the robot has chosen in a previous round is

no longer available, the robot chooses a new task t and an associated bid b as described

below (Line 7). Then, the robot determines which of its neighbors are competing for the

same task and what their bids are. If there are no neighbors or all their bids are lower,

the robot finalizes its task selection and updates the task availability (Lines 14-15). If

there is an identical bid, the robot increases its bid (Line 18), and if the robot bid is lower

than a competing bid, the robot selects a task again. (Line 21).

Choosing t and b: The function chooseTask (Line 7) chooses a task t from T need and

T avail . Specifically, in this paper, we selects t from T need if T need , /0 and from T avail if

T need = /0 such that the traveling distance from robot i to task t is minimal. We choose

the bid b as the reciprocal of the distance to the formation center/goal point. We increase

bids by multiplying them by 2 in cases when they are the same (Line 18), but due to our

choice of bid, robots almost never have identical bids since the distances are unlikely to
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be exactly the same.
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Algorithm 2: Distributed Auction for Task Assignment
Input: T ∗, Nmin

t , Nmax
t ∀t ∈ T ∗, N

Output: The robot assignment t

1: nmin
t := Nmin

t , nmax
t := Nmax

t ∀t ∈ T ∗

2: finalized := False

3: while !finalized do

4: (nmin
T ∗ ,n

max
T ∗ ) := updateAvailabilities(N )

5: (T need,T avail) := updateTaskSet(nmin
T ∗ ,n

max
T ∗ ,T ∗)

6: if first time bidding or t < T avail then

7: t := chooseTask(T need,T avail), b := createBid(t)

8: continue

9: end if

10: (Nt ,B) := f indNeighborBids(t,N )

11: if Nt = /0 or (Nt , /0 and b > maxi∈Nt (bi ∈ B)) then

12: //No other robots are bidding on t,

13: //or b is the highest bid

14: finalized := True

15: nmin
t := nmin

t −1, nmax
t := nmax

t −1

16: else if bi = maxi∈Nt (bi ∈ B) then

17: // Another robot has the same bid for task t

18: b := increaseBid(b)

19: else

20: // Another robot has a higher bid for task t

21: t := chooseTask(T need,T avail), b := createBid(t)

22: end if

23: end while
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Correctness and Completeness: In each bidding round in Algorithm 2, a robot se-

lects a task from T need until all tasks have reached Nmin
t , and it always selects a task

from T avail , thus the auction is guaranteed to satisfy the sub-swarm size constraints. In

each auction round, except the first one, at least one robot finalizes their selection and

updates the availability, which is then communicated to the other robots. Therefore,

such decentralized auction process ends within a bounded time (n(n+1)/2 auctions as

in [52]).

4.5 Demonstration and Evaluation

Figure 4.4: Workspace of examples in Sec 4.5. From left to right: small environment,
complex task, physical demonstration.

4.5.1 Simulation - small environment

Task description

In the workspace shown in Fig. 4.4 (left), robots are initially located in the charging base

r0. There is an environment signal e such that robots should repeatedly form a square
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in r5 and a hexagon in r6 when e is true, and stay in r0 when e is false. We enforce that

there should be no robots in r0 when there are robots in r3, r4, r5, or r6, and vice versa.

High-level synthesis

We synthesize an automaton A, using the approach in section 4.3.2, which contains

15 states and 30 transitions, and abstract it to A′ with 5 states and 12 transitions. The

automaton A contains transitions where the swarm is split into two sub-swarms, one

going to r5 and the other to r6 when e is true. Using the approach in section 4.4.1, we

calculate the bounds on the number of robots for these two sub-swarms as [4,36] and

[6,36] respectively.

Evaluation

We evaluate our approach along two dimensions: the effect of choosing a decentralized

approach on the average distance traveled by the robots, and the effect of the swarm size

on the average number of bids per transition. Fig. 4.5 summarizes the results.

The centralized approach is formulated as an IP that centrally assigns robots to sub-

swarms with the objective of minimizing the sum of estimated travel distances towards

the target formations [16]. For the evaluation, we vary the swarm size from 10 to 70

(based on the constraint calculation, the swarm size should be between 10 and 72 inclu-

sively), and evaluate average distance traveled by the robots and the number of bids per

transition. For each swarm size, we collect data for 20 runs; we randomly sample 20 sets

of initial poses, and we use the same initial poses for the centralized and decentralized

approaches.
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The average travel distance is the accumulated distances of all robots averaged by

the number of robots. The number of bids per transition is the accumulated number of

auctions from the last robot finalizing the task averaged by the number of transitions for

the entire execution of the automaton A. To create the behaviors of the swarm, we set e

to be true when all robots are in r0, and false when robots finish forming a square and a

hexagon in r5 and r6. We stop the simulation when all robots gather in r0 again. We set

the communication range as 16.0 units in the simulation environment to make sure that

two sub-swarms always stay connected.

Figure 4.5: Comparison between centralized and decentralized assignment on travel
distances (red) and average number of bids needed for robots per transition for the de-
centralized approach (blue) with respect to the swarm size.

Travel distance: The red lines in Fig. 4.5 present the differences in the average travel

distances between the centralized and decentralized approaches. As expected, for all

the swarm sizes from 10 to 70, the decentralized approach results in larger average

travel distances than the centralized approach, since the decentralized assignment has

no guarantees on optimality while the centralized method does. The two approaches

have the largest difference in average travel distance when the swarm size is 40. This

is due to the asymmetry in the environment; the distance from points in r0 to r1 is, on
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Figure 4.6: Different sizes of simulated swarms performing the same transition (both e1
and e2 are true) in A (Sec. 4.5.2). Swarm sizes are 24, 40, 56, and 72 from left to right.
Robots are purple circles, intended formations are displayed in red.

average, smaller than the distance to r2. This asymmetry causes the optimal (centralized)

assignment to assign as many robots as possible to the sub-swarm moving to r5 , while

satisfying Nmin
r2

= 6 and Nmax
r1

= 36. However, in the decentralized approach, some robots

are assigned to r2 even though they could have been assigned to r1 with shorter travel

distances, because some robots closer to r1 might first regard r2 as T need , and after

they are assigned to r2, there are other robots closer to r2 that choose r2 from T avail .

However, for swarm sizes at the extremes (10 and 70), the difference in travel distance

is less noticeable because both approaches will result in almost exactly the same sub-

swarm assignment. For a swarm of size 40, the difference is larger because a greater

portion of robots are assigned, by the decentralized approach, to r2.

Average number of bids: The blue lines in Fig. 4.5 present the number of bids needed

for robots per transition; each line represents one type of assignment—sub-swarm and

goal points. The number of bids grows almost linearly with the number of robots,

which shows the scalability of the distributed approach. Therefore, even though the

distributed approach cannot guarantee optimality, it is more realistic for applications of

large swarms since the computation on each robot scales linearly with the swarm size.
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4.5.2 Simulation - complex task

Task description

In the workspace shown in Fig. 4.4 (middle), there are two environment events e1 and

e2. We require a swarm of robots, initially located in r0, to form squares in r1, r2, and r3

simultaneously when e1 is true, and to form hexagons in r5 and r8 simultaneously when

e2 is true. We assume that e1 and e2 can both be true at the same time, and that once an

environment event becomes true, it stays true until the goal is achieved. (E.g., e1 stays

true until the swarm completes forming squares in r1, r2, and r3.)

Synthesis and Demonstration

We synthesize the automaton A which has 48 states and 125 transitions and abstract it

to A′ which has 18 states and 52 transitions. We compute the sub-swarm size during

each transition based on A′, which shows that when e1 is true, the minimum number of

robots sent from r0 to r3 is 10 (constrained by the minimum number required to form a

square in r3 and a hexagon in r8), and the minimum number from r0 to r1 and r2 are both

seven (constrained by the minimum number required to form squares in r1 and r2 and a

hexagon in r5). Similarly, the maximum sub-swarm size from r0 to r3 is 36 (constrained

by the square in r3), and the maximum sub-swarm sizes from r0 to r1 and r2 are both

18 (constrained by the hexagon in r5). From these constraints we know that the swarm

should be composed of at least 24 robots and at most 72. If we only allow e1 or e2 to be

true at a time, the minimum swarm size becomes 14; the maximum swarm size remains

72 due to the maximum number allowed in a square and a hexagon. Fig. 4.6 shows a

snapshot of the accompanying video where the swarm distributes into sub-swarms for

different swarm sizes (24, 40, 56, and 72) when e1 and e2 are both true.
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4.5.3 Physical demonstration

Task description

We demonstrate our approach using 10 Anki-Vector robots [1] and a motion capture

system. This demonstration simulates a scenario in which robots monitor areas of inter-

est when there is potential danger in the environment. Specifically, robots are initially

located in three rooms, r0, r1, and r2 shown in Fig. 4.4 (right). The environment signal d

represents danger. Robots are required to go to open spaces r3 and r4, and form a square

and a hexagon respectively around the targets when d is true, and repeatedly gather and

form triangles in the three rooms when d is false. Robots should not be in r0 and r4 at

the same time.

High-level Synthesis

The synthesized automaton A contains 18 states and 36 transitions, and A′ has 6 states

and 14 transitions. Based on our robot number constraint calculation, We determine that

the minimum number of robots required to accomplish the task is 10.

Demonstration

Snapshots of the demonstration are shown in Fig. 4.7. We set the communication range

to be 2.8m to make sure that the communication graph stays connected when robots

are distributed in r2 and r3. We control the environmental event “danger” d by clicking

a button in a graphical user interface. Initially, d is false and the swarm forms three

triangles in r0, r1, and r2. After the completion of the triangles, we change d to be true

and the swarm proceeds to form a square and a hexagon around the targets.
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We illustrate the bidding process in Fig. 4.7 before each transition in the high-level

task. Initially, three robots choose r3 and seven robots choose r2 based on the distance to

the target regions. Then, before forming the triangles, seven robots bid for staying in the

same region at first, but four robots switch the target region to r1 in order to satisfy the

minimum number constraint for each formation. In addition, when moving from r3∧ r4

to r2 ∧ r3, three robots change the target regions from r2 to r3 based on the estimated

distances.

Figure 4.7: Snapshots of 10 Anki Vectors accomplishing a high-level task. The plots
represent the region selections of robots over time during the assignment. Each line
represents the region selection of one robot over the number of auctions.

4.6 Conclusion ans Discussion

In this work, we develop and demonstrate decentralized execution of high-level reactive

swarm tasks. This decentralized approach to executing globally specified tasks retains

the formal guarantees of correctness we have shown in the past and enables the algo-

rithms to scale to larger swarm sizes, at the expense of optimality.
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Our approach makes several assumptions that may cause limitations in wide scale

deployment: First, we assume that all robots bidding for the same task can form a con-

nected communication graph, which might be an obstacle to outdoor applications for

real swarms. In our demonstrations, we set a fairly large communication range to sat-

isfy the assumptions, which resulted in a dense communication graph. Thus the bidding

process converged quickly. It would be interesting to explore what information needs to

be passed and how a restricted communication graph affects the correct execution of the

task (see multi-robot exploration tasks [7]).

In addition, the reactivity in this work is non-instantaneous, meaning that the swarm

has to finish the current transition before reacting to an environment change. If we allow

instantaneous reaction to environment signals, the constraints on sub-swarm size may

no longer be satisfied because the environment can choose a behavior where the robots

must keep switching sub-swarm, causing livelock. It would be interesting to further

explore how to trade-off the instantaneous reaction with the non-instantaneous motion

for a specific number of robots.

Finally, when implementing the algorithm on swarm robots, we observe that the

robots closer to goal points have higher priority to make the decisions, and they usually

reach the goals quickly while other robots have to go around them to reach the goals,

which results in two disadvantages: 1) swarms might get congested and have deadlocks

in a narrow workspace, and 2) it might take a long time to complete the tasks. Although

our approach is decentralized, we can still improve it by incorporating ideas of swap-

ping goals [87] to speed up the execution and avoid deadlocks since each robot plays a

cooperative role in the swarm to achieve the task.
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CHAPTER 5

HIGH-LEVEL TASKS FOR SWARMS: AUTOMATIC, CORRECT

REDISTRIBUTION OF ROBOTS TO SATISFY ON-THE-FLY USER

REQUESTS

5.1 Introduction

Swarm robotics studies the robust, scalable, and flexible collective behaviors of large

numbers of simple robots with different interaction rules [13]. While traditionally re-

search in swarm robotics has considered bottom-up approaches where researchers de-

signed rules for individual robots and then analyzed the emergent behavior [13], recently

there has been interest in developing top-down control schemes [42, 34, 26, 54, 19]

which make use of formal languages to capture and generate desired behaviors. In all

these approaches, the task specification is given before swarm execution; while these

techniques provide guarantees for overall swarm behavior, they cannot adjust, during

execution, to a change in the specification. In this paper, we propose an approach that

allows users to redistribute robots during execution of high-level tasks, given in linear

temporal logic, while guaranteeing satisfaction of the task specifications, if possible.

As a motivating example, presented in Fig. 5.1, we consider a swarm of robots ex-

ecuting a high-level task. The swarm may move in the environment, may split into

sub-swarms and recombine to larger sub-swarms. We assume the swarm is responsive

to an environmental event e which is abstracted as a Boolean variable. The specification

for the swarm is:

• Repeatedly visit regions r5 and r6 when e is True.

• Repeatedly visit region r0 when e is False.
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For the physical space, there is an upper bound of robot numbers for every region.

For example, at most three robots are allowed in r1 at the same time, while ten robots in

all the other regions.

In prior work, we have shown how one can automatically synthesize a symbolic

plan and individual robot controls to satisfy such a task [54, 18]. For this example, the

approach divides the swarm into two sub-swarms of two and six robots moving towards

r5 and r6 respectively when e is true, while making all the robots gather in r0 when e

is false. Now, in this work, we consider that during task execution, a user requests a

change to the robot numbers in the different sub-swarms, and the swarm should react

to the user’s request accordingly. For example, in Fig. 5.1, when two sub-swarms are

in r3 and r4 with e being True, the user requests that the sub-swarm going to r5 contain

five robots instead of two. How should the swarm react to this request and achieve the

desired redistribution?

There are two main challenges for accommodating the user’s request while main-

taining task correctness: i) choosing which robots to move and planning their paths, and

ii) ensuring that the original high-level task is not violated during the redistribution. In

this paper, we propose a framework that iteratively applies reactive synthesis [12] and

integer programming to create a set of tentative symbolic plans, which represent the

paths to target regions, and then generates a synchronization skeleton on those tenta-

tive plans, which captures when different sub-swarms must synchronize, to ensure that

the collective behaviors satisfy both the original specifications and new requests. We

demonstrate our approach on simulated swarms and present the computation time of

generating synchronization skeletons with respect to region sizes, sub-swarm numbers,

transition lengths, and safety specification numbers.

Contribution. In this work we consider high-level swarm tasks and provide a frame-
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work that responds to user requests for robot redistribution given during execution. In

the framework, we use a method to create tentative symbolic plans, which can be exe-

cuted by sub-swarms, to satisfy robot number constraints in regions. Then, we develop

an algorithm to create synchronization skeletons on the symbolic plans to ensure task

specifications are satisfied.

Figure 5.1: A swarm is executing a high-level task, where it is divided into two sub-
swarms moving towards r5 and r6. During the task execution, a user requests three
robots from the sub-swarm on the right to the left. The region r1 only allows at most
three robots at a time.

5.2 Related work

Reactive synthesis for robot swarms. Reactive synthesis [71], and synthesis from

tasks specified in different temporal logics, has been applied to robotic systems (see

references in [45]). These systems include mobile robots, manipulators, multi-robots

systems and swarms. In the context of swarms, [42] presents a hierarchical frame-

work for swarm robots to achieve high-level specifications, where individual velocity

commands are synthesized with limited inter-robot communications. Authors in [56]
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develop a reactive synthesis approach to solve the swarm navigation problem with guar-

antees of satisfying linear temporal logic specifications. In [19], we propose a control

synthesis framework for non-reactive swarm formation tasks, and further in [18], we

develop a decentralized assigning algorithm for swarms to achieve reactive tasks, where

the swarm behavior depends on abstracted, uncontrolled environment events. In this

paper, we extend the swarm reactivity of [18], allowing the swarms to be responsive to

a user’s requests regarding robot numbers during the task execution, and generate robot

control satisfying all specifications, if possible.

Online path planning for swarm robots. There are many approaches to swarm

path planning in the literature. A widely-used approach is particle swarm optimization,

where the planning problem is translated into a multi-objective constrained program

[47, 24, 36]. The optimal paths are synthesized by formulating the constraints, which

consist of spacial and velocity boundaries of each robot, and the objective, which is

normally considered as the distance between the robot and its goal. Another way of

solving the path planning problem is through search [44, 33], where [44] constructs a

probabilistic framework and searches for paths over a Petri Net to satisfy complex speci-

fications, and [33] develops a searching algorithm to achieve optimal task assignment for

non-cooperative swarm tasks. In this work, we utilize reactive synthesis [12] to obtain

tentative plans by automatically generating linear temporal logic specifications, and ap-

plying integer programming and algorithms for constructing synchronization skeletons

to those tentative plans to satisfy high-level specifications as well as physical constraints.
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5.3 Preliminaries

5.3.1 Integer programming (IP) for swarm size

Using the LTL that we introduce in section 3.3.1, we can use propositions to represent

robots in a region. For example, ri indicates that there are robots currently in ri, while

¬ri means no robot is in ri. By using the conjunction of all the propositions, we can

represent the ”state” q of the swarm. For example, r3∧ r4∧
∧

i,3,4¬ri (or simplified as

r3∧ r4) indicates that there are two sub-swarms in regions r3 and r4 in Fig. 5.1. Also,

the workspace can be represented symbolicly as a region graph Gr = (R,E), where R is

the set of all regions, and E is the set of all pairs of neighboring regions which connects

in the phyiscal space. A symbolic plan is a a list of transitions that the swarm makes

to go from one state to another state, where two connecting (neighboring) states should

satisfy the robot motion in the physical space, i.e., sub-swarms only move to neighboring

regions from one state to its neighboring state. For a transition (q, p), we call q as the

previous state of p, and p as the post state of q.

In [18], we present an IP-based algorithm to determine, before the task execution,

the swarm size given a synthesized symbolic plan for the swarm behavior, and physi-

cal restrictions on the number of robots allowed in different parts of the environment.

We use Nq,min
ri and Nq,max

ri to represent the minimum and maximum number of robots

required in region ri when the swarm is in state q respectively.

We use xq,p
ri,r j to represent the number of robots moving from ri to r j in the transition

(q, p). There are three types of linear constraints. First, for any transition (q, p) in the

symbolic plan where q and p are neighboring states, the sum of outgoing robots from a
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region ri must be in the range [Nq,min
ri ,Nq,max

ri ]:

Nq,min
ri

≤∑
rp

xq,p
ri,rp ≤ Nq,max

ri
, (5.1)

where rp is the set of neighboring regions of ri in state p that have robots. Then, for

any transition (q, p), the sum of incoming robots to a region ri must fall in the range

[N p,min
ri ,N p,max

ri ]:

N p,min
ri

≤∑
rq

xq,p
rq,ri ≤ N p,max

ri
, (5.2)

where rq is the set of neighboring regions of ri in state q that have robots. Finally,

∀u ∈ pre(q), and ∀v ∈ post(q), where pre(q) and post(q) are previous and post states

of q, the sum of robots entering or staying in region ri during the transition (u,q), is

equal to the sum of robots leaving or staying in region ri during (q,v):

∑
ru

xu,q
ru,ri = ∑

rv

xq,v
ri,rv , (5.3)

where ru and rv are neighboring regions of ri in states u and v respectively. Considering

all these three constraints in the IP, we can obtain the lower and upper bounds of region-

wise robot numbers for each transition before the execution, which can be later used as

the constraints when assigning robots to regions.

5.3.2 Synchronization skeletons of sub-swarms to satisfy specifica-

tions

To ensure correct execution of high-level swarm tasks, with safety constraints and goals,

[58] presents a method for creating a synchronization skeleton, essentially constraints

on when robots in the swarm must synchronize, such that the overall behavior of the

decentralized system is correct. For each sub-swarm, we have a symbolic plan Pi which

represents the sequence of regions it should visit, and limits on robot numbers Ni, that
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constrain the number of robots in the sub-swarm, which is the lower bound of Nq,max
r j

where q is any state in Pi and r j is the location of the sub-swarm in q. Then, given a set

of decentralized symbolic plans Pi, where Pi = q0q1...ql , a synchronization skeleton is

defined as F= f0 f1... fk where 0≤ fi ≤ l represents sub-swarms should synchronize at

state q fi .

5.4 Problem formulation

We consider the following problem: Given a region graph Gr, n robots, the number of

robots distributed in m regions N0 = [N1
0 , ...,N

m
0 ] where n = ∑

m
i=1 Ni

0, high-level specifi-

cations ϕ = ϕi∧ϕs∧ϕg where ϕi, ϕs, and ϕg are initial condition, safety and liveness,

the maximum robot numbers allowed in regions Nmax = [N1
max, ...,N

m
max], a user-defined

request regarding the number of robots in regions Ng = [N1
g , ...,N

m
g ], we synthesize a

motion plan P that re-distributes the robots to satisfy the user requests while satisfying

ϕ and Nmax, or provide feedback to the user if correct re-distribution is not feasible.

5.5 Approach

We describe our approach in Fig. 5.2. First, we synthesize the automaton before task

execution using the method in [18]. Then, during the execution, a user gives requests on

sub-swarm sizes, and we iteratively synthesize temporal symbolic plans by converting

number constraints to LTL specifications. For each symbolic plan that we have synthe-

sized, we check whether the sub-swarm sizes satisfy the robot number constraints for

each region: if satisfied, we execute the synthesized plans, and if not, we take the re-

maining robot numbers and synthesize again. In the end, we execute symbolic plans for
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Figure 5.2: Flowchart of our control framework for high-level swarm tasks reactive to
user requests.

different sub-swarms and create a synchronization skeleton to guarantee the emergent

behaviors satisfy the specifications by leveraging the method in [54].

5.5.1 LTL Specification Generation

We regard the temporal swarm planning as the synthesis problem and generate the LTL

specifications automatically. We divide the LTL specifications into 3 parts: region graph,

robot number safety, and objectives. For the region graph, we encode how the robots

are allowed to move between regions given the physical connectivity in the workspace.

Specifically, for every region ri and all its neighboring regions Rri , we encode ri →

©ri∨
∨

r j∈Rri
©r j which means a robot must stay in the same region or only move to the

neighboring region, and ¬ri∧
∧

r j∈Rri
¬r j →©¬ri which indicates that a robot cannot

enter a region from a non-neighboring region. In addition, we add a safety condition

¬ri in every iteration if robot number has reached the upper bound from the results in

section 5.5.2. For the objectives, we first define N f = [N1
f , ...,N

m
f ] as the number flow,

where Ni
f = Ni

g−Ni
0. We note that a positive Ni

f means region ri needs more robots and
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a negative Ni
f means ri needs to send out robots. Then, we create initial condition as

∧
ri

where ri are the regions with negative Ni
f , and liveness condition as �♦(

∧
r j) where

r j has positive Ni
f . Given the specifications consisting of the above three components,

we use slugs [27] to synthesize a temporal symbolic plan. Note that we consider the

environment proposition remains the same as we execute the transition reacting the user

request, and the temporal symbolic plan that we synthesize here is simply a trace (a list

of transitions).

5.5.2 Integer Programming with Slack Variables

Given the symbolic plan Pi (a sequence of states q) that we get from section 5.5.1, the

transition of any two consecutive states qk,qk+1 ∈ Pi is the tuple (qk,qk+1). Then, simi-

lar to section 5.3.1 we define a set of non-negative integer variables xqk,qk+1
rqk ,rqk+1

, where rqk

and rqk+1 represent the regions that are in the labels of state qk and qk+1 respectively,

such that they are adjacent in the workspace. The variable xqk,qk+1
ri,r j ∈ xqk,qk+1

rqk ,rqk+1
means

the number of robots that we actually need to move from ri to r j during the transition,

to satisfy the robot number constraints, where ri ∈ rqk and r j ∈ rqk+1 are neighboring

regions. Different from [18], we introduce non-negative slack variables to this IP to al-

low soft constraints. We define sqk,qk+1
rqk

as the slack variables for outgoing constraints of

region rqk , and uqk,qk+1
rqk+1

as the slack variables for incoming constraints of region rqk+1 . A

positive slack variable indicates how many robots the swarm exceeds the corresponding

constraint, which means we need to plan another path for that amount of robots. Note

that the number of robots satisfy all the constraints with the given symbolic plan Pi if

all slack variables are 0. At this point, we create three sets of linear constraints: outgo-

ing, incoming, and conservation. For the outgoing constraints, the sum of robots from a
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region r should satisfy:

∑
rqk+1

xqk,qk+1
r,rqk+1

≤ Nqk,max
r + sqk,qk+1

rqk
, (5.4)

which means the number of robots moving out from region r should be less than the

maximum number of robots allowed in r plus a buffer with the amount sqk,qk+1
rqk

, and

∑
rqk+1

xqk,qk+1
r,rqk+1

≥ 1, (5.5)

where ∑rqk+1
xqk,qk+1

r,rqk+1
is the sum of robots moving out from region r to all possible neigh-

boring regions during the transition (qk,qk+1). For the incoming constraints, the sum of

robots moving into a region r should satisfy:

∑
rqk

xqk,qk+1
r,rqk

≤ Nqk+1,max
r +uqk,qk+1

rqk+1
, (5.6)

which means the number of robots moving into the region r should be less than the

maximum number of robots allowed in r plus a buffer with the amount uqk,qk+1
rqk+1

, and

∑
rqk

xqk,qk+1
r,rqk

≥ 1, (5.7)

where ∑rqk
xqk,qk+1

r,rqk
is the sum of robots moving into r from all neighboring regions

during the transition (qk,qk+1). For the conservation constraints, the defined variables

should satisfy for every transition:

∑
rqk−1

xqk−1,qk
r,rqk

= ∑
rqk+1

xqk,qk+1
r,rqk

, (5.8)

which means the number of robots moving into r during the transition (qk−1,qk) show

be equal to the number of robots moving out from r during the transition (qk,qk+1).

Then, we formulate the IP as:

min ∑
rqk ,rqk+1

xqk,qk+1
rqk ,rqk+1

+C1 ∑
rqk

sqk,qk+1
rqk

+C2 ∑
rqk

uqk,qk+1
rqk

, (5.9)
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where C1 and C2 are two large enough constants, since our goal is to minimize the

number of robots in each transition and check if they can satisfy the robot number con-

straints.

Once we solve the IP (5.9), if all the slack variables are 0, we the slack variables

uqk,qk+1
rqk

indicate the robots that should not move into the regions rqk , which we use as

the robot numbers to create another symbolic plans.

5.5.3 Iteration to Obtain the Correct Plan

Using the method in section 5.5.2, we get the maximum sub-swarm size Ni that can

be applied to the synthesized symbolic plan in section 5.5.1. If Ni = ∑rq0 ,rq1
xq0,q1

rq0 ,rq1

(we pick one of the transitions to get the total number of robots) is less than remain-

ing the number of robots that we need to transfer to satisfy the user’s request, we use

the tentative symbolic plans to create synchronization framework and execute the plan.

Otherwise, we pick the region ri that matches the upper bound of the sub-swarm size,

and add a safety specification �¬ri to the specifications in section 5.5.1, and rerun syn-

thesis to obtain another symbolic plan. We iteratively execute the IP and safety addition

until no more robots need to be transferred. Such process creates a set of symbolic plans

associated with robot numbers, which satisfies the sub-swarm size limits.

5.5.4 Obtain optimal plans for sub-swarms

We iteratively generate temporal symbolic plans using the method in section 5.5.1, and

in each iteration, we use the approach described in section 5.5.2 to evaluate whether the

remaining number of robots can satisfy the constraints.
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Sub-swarm redistribution. The result from previous steps is a set of unique sym-

bolic plans, Pset = {P1, ...,Pn}, where Pi is a symbolic plan consist of a finite sequence of

states qi
0qi

1qi
2... We assume a constant cost to execute a single transition from one state

to its neighboring states. The overall cost to complete the redistribution task depends

on the plan with the largest number of states in Pset . Algorithm 1 describes the redis-

tribution process to minimize the cost for the entire group to complete the task, where

the process is to assign robots to different symbolic plans. We iteratively assign robots

to plan with the least cost in Pset while updating the selected plan by adding two initial

states to itself, e.g. Pi = qi
0qi

1qi
2...→ qi

0qi
0qi

0qi
1qi

2..., So that we could assign sub-swarms

to the ”same” plan but execute in series. Adding two initial states instead of one reliefs

the issue with the intermediate states during execution, i.e., two sub-swarms running the

same route in series could violate the number constraints in a region when robots from

both sub-swarms present in the same region. During each assignment, we determine

the size of the sub-swarm to be the least of the number of unassigned robots and the

maximum sub-swarm size Ni of the symbolic plan.

Safety guarantee of symbolic plans. We first enforce a feasible fully-synchronous

skeleton, where each plan synchronizes with others at every state, then reduce the syn-

chronization steps to obtain the final skeleton, compared to [54] which first obtains

asynchronized symbolic plan and then enforces a synchronization skeleton. We adjust

the redistribution plans by extending the plan with their last states so that every plan has

same number of steps. We enforce the fully-synchronous skeleton by finding synchro-

nization states at every step, e.g. S j =
{

q1
j ,q

2
j , ...q

k
j

}
is the set of synchronous states at

step j. Given the safety specification ϕs, a set of states S satisfies ϕs, when ϕs evaluate

to be True over all the states in the set. We define a set of plans P = {P1, ...Pk} |= ϕs,

when all synchronous states in the plans satisfy ϕs. To avoid the issue of intermediate

states during execution that may violate the safety specification, we iteratively examine
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Algorithm 3: Sub-swarm redistribution symbolic plans
Require: Pset = {P1, ...,Pn}, where Pi = qi

1qi
2...q

i
m, is a symbolic plan.

N lim =
{
N lim

1 , ...,N lim
n
}

, where N lim
i is the maximum number of robots that

can be assigned to Pi.
N, number of unassigned robots

Ensure: P, a set of assigned symbolic plans.
N, number of robots assigned to each plan.

1: while N > 0 do
2: find Pi in Pset with minimum length
3: P⇐ P∪Pi
4: if N >= Nlim

i then
5: N⇐ N∪Nlim

i
6: else
7: N⇐ N∪N
8: end if
9: N⇐ N−N lim

i
// extend the selected plan by repeat initial state twice at the beginning

10: Pi⇐ qi
1qi

1qi
1qi

2...q
i
m

11: end while

the set of synchronous states from two continuous time steps to determine if the fully-

synchronous plans satisfy ϕs; for example, with two symbolic plans P1 = q1
0q1

1q1
2..., and

P2 = q2
0q2

1q2
2..., the first set of states we check is

{
q1

0,q
1
1,q

2
0,q

2
1
}

, and so on. If there is a

violation, we search for the plan that is causing the problem, and add standby states to

it to ensure the overall plans satisfies ϕs, as descried in Algorithm 2.

Reduce synchronization steps. After we obtain the updated plans with fully-

synchronous skeleton, we follow the procedures in algorithm 3 to find the necessary

synchronization steps. Reachable states are all the possible interleaving states of the

plans if not synchronized. We reinforce synchronization steps if removing one step will

create reachable states that violate ϕs, and assemble such steps to the synchronization

skeleton. To execute the synchronization skeleton, sub-swarms will execute their plans

asynchronously until reaching the next synchronization step in the skeleton, then each

group must wait for all others to reach the synchronous states to continue moving.
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Algorithm 4: Ensure safety of symbolic plans
Require: P= {P1, ...Pk} : symbolic plans for k subswarms, where Pm = qm

0 qm
1 ...q

m
n

ϕs: safety specification
Ensure: Ps : synchronized symbolic plans

1: initialization: Ps⇐ P
2: while Ps 6|= ϕs do
3: for step t ∈ [1,n−1] do
4: St ⇐

{
q1

t ,q
2
t , ...q

k
t
}

5: St+1⇐
{

q1
t+1,q

2
t+1, ...q

k
t+1
}

6: if (St , St+1) 6|= ϕs then
7: for subswarm index i ∈ [1,k] do
8: Stemp⇐ remove qi

t and qi
t+1 from (St ,St+1)

9: if Stemp |= ϕs then
10: end if
11: end for // insert standby states to the ith subswarm before // step t
12: Pi⇐ qi

1...q
i
t−1qi

t−1qi
t−1qi

t , ...q
i
n

// match the length of other P with Pi

13: Pj⇐ q j
1q j

2...q
j
nqj

nqj
n,∀ j ∈ [1,k], j , i

14: end if
15: end for
16: end while

Algorithm 5: Reduce synchronization steps
Require: Ps, synchronized symbolic plans.

ϕs, safety specification.

Ensure: F, synchronization skeleton.

1: tprev⇐ 0

2: for step t in Ps do

3: for all reachable states from tprev to t +1 do

4: if any combination violates ϕs then

5: F⇐ F∪ t

6: tprev⇐ t

7: end if

8: end for

9: end for
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5.6 Demonstrations

5.6.1 Simualted demonstration

Figure 5.3: The workspace of a simulated example. Robots are required to occupy r8
and r10 simultaneously when e is True, while all robots gather in r0 when e is False. The
regions r4 and r9 allows three robots at most, r0 allows 140, and all the other regions
allows 36.

Task description

In the workspace shown in Fig. 5.3, 40 simulated robots are in region r0 and there is an

environmental signal e initially False. The task requires all robots to eventually gather

in region r0 if e is False, and eventually form a square in regions r8 and a hexagon in r10

if e is True. In addition, the task requires that if there are robots in r6, there should be no

robots in r4 or r9 and vice versa. We require the regions r4 and r9 to have at most three

robots at a time for safety. During the task, the robots are divided into two sub-swarms

to move towards r8 and r10 respectively. We allow the users to redistribute robots into
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the sub-swarms during the execution while not violating the task specifications and the

robot number constraints for each region.

Synthesis

As in [18], we synthesize a symbolic plan that makes the robots divide into two sub-

swarms and move from r0 to r8 and r10 when e is true, while gather in r0 when e is

false. The swarm automatically assigns 19 robots to r8 and 21 robots to r10 shown

in Fig. 5.4. When the two sub-swarms are entering r8 and r10, the user requests that

33 and 7 robots should be in r8 and r10 respectively. Such request triggers the process

described in section 5.5, where we iteratively synthesize temporal symbolic plans online

and check whether the upper limit of robot numbers for each plan satisfies the constraints

on regions. In addition, after getting a list of symbolic plans, we use the approach in

section 5.5.4 to refine the plans and add synchronization signals to ensure that the sub-

swarm behaviors satisfy all the specifications.

Simulation results

The motion of the sub-swrams are shown in Fig. 5.4. After the user sends the command

to change robot numbers, the swarm reacts and synthesizes plans after completing the

formations in r8 and r10. First, three robots move towards r8 through r9, and two sub-

swarms move down to r5 and split (Fig. 5.4.3). Note that after the first three robots reach

r8, there is another sub-swarm moving from r10 to r8 through r9 (Fig. 5.4.4), which

speeds up the whole process since the route has the least number of region transitions.

Then, after the sub-swarm moving through r4 has entered r8, another sub-swarm goes

through r9 again, and two robots wait in r3 until the sub-swarm reaches r8 (Fig. 5.4.6).
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Those sub-swarms synchronize to satisfy the specification that disallows robots in r6

and r4 or r9 at the same time.

Figure 5.4: Screenshots of the simulated scenario. A user sends a request on robot
numbers in (2), and the swarm reacts to the request from (3) to (7). Then, the swarm
continues the high-level task in (8).

5.6.2 Comparison between two methods to obtain the synchroniza-

tion skeletons

Table 5.1: Computation time to create synchronization frames.

R. size Num. Trans length Num. safety Sync time (Ave/Min/Max)
6 2 5 1 0.00058/0.00012/0.00072

11 3 9 1 0.104/0.1/0.108
11 3 9 2 0.109/0.104/0.113
16 4 13 1 4.237/4.0/4.62
16 4 13 2 4.437/4.01/4.78
16 4 13 3 4.527/4.03/4.84
21 5 17 1 34.235/30.44/37.25
21 5 17 2 34.866/30.07/37.8
21 5 17 3 32.945/29.8/36.5
21 5 17 4 33.637/29.04/37.67

To evaluate the efficiency of our method on the synchronization frame generation,
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we collect the computation time with respect to the region sizes, number of sub-swarms,

transition length, and the number of safety specifications, where the transition length is

represented by the maximum number of states in sub-swarm transitions to complete

the user’s requirement. We show the results in table 5.1, where the synchronization

time is averaged by 10 runs. We note that increasing the number of sub-swarms and

transition length will increase the computation time. However, adding the number of

safety specifications barely affects the computation, since we evaluate all the safety

specifications by creating one conjunction formula.

5.7 Discussion

Automatic control synthesis for robotic swarms is challenging, and making the swarms

reactive to human’s requests is an important feature in swarm engineering. In this pa-

per, we solve the problem that a synthesis method is applied to create sub-swarm sym-

bolic plans during the task execution to change robot numbers in different regions while

satisfying all specifications. Such approach combines the symbolic constraints in the

specifications and the physical constraints on robot numbers to synthesize feasible sub-

swarm plans, which has the potential in swarm applications where reactivity to human

commands are required. However, to further increase the reactivity and optimality of

the task execution, we can still make improvements in the future. First, we respond to

human’s commands at the end of each symbolic transition in this work, which avoiding

considering the intermediate states when initializing the temporal sub-swarm plans. In

the future, we could check whether starting from the intermediate states will satisfy the

specifications, and if so, we can start from the intermediate states to increase the reac-

tivity. In addition, when generating the synchronization skeletons, we first apply fully

synchronized plans, and then reducing the synchronized frames to check if the plans
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will violate the specifications. Such process can decrease the synchronized numbers,

but with no guarantee of optimality. In the future, we could develop a formal method

to construct a synchronization skeleton in a bottom-up manner with the least number of

synchronized times.
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CHAPTER 6

CONCLUSION

The top-down control synthesis approach for swarm robots can adapt to various high-

level tasks, such as navigation and shape formation. The control frameworks that I

propose provide guarantees on the correctness of the tasks and they remain fully au-

tonomous given the specifications. More importantly, we demonstrate the possibility

that the top-down frameworks are also suitable for reactive tasks with in a decentralized

manner.

First in Chapter 2, I study the centralized and decentralized control of swarm robotic

systems at both the symbolic and continuous levels. At the continuous level, I compare

the centralized and decentralized versions of control barrier functions and demonstrate

different behaviors when individual failure happens. The results show that decentralized

control barrier functions guarantee collision-free motions even with individual failures

while centralized computation might cause collisions. At the symbolic level, I use the

synthesis framework in [55, 57] to obtain centralized and decentralized symbolic plans,

and propose a dynamic assigning method to make swarm robots execute the centralized

symbolic plans correctly. I present case studies in simulations and on physical robots to

show different behaviors in centralized and decentralized execution. The results show

that the execution of the centralized symbolic plan is more efficient in completing the

task and more resilient to possible failures as it provides optimal coordination, while

the execution of the decentralized symbolic plans is more efficient in computation as all

plans are already assigned to robots before the execution.

In Chapter 3, I propose a novel abstraction for robot swarms that allows a user to

specify tasks regarding the swarm’s formations and locations. I describe a framework for

automatically creating control for the swarm robots such that the swarm is guaranteed to
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achieve its tasks while avoiding collisions with the environment and between the robots.

In Chapter 4, I develop and demonstrate decentralized execution of high-level re-

active swarm tasks. This decentralized approach to executing globally specified tasks

retains the formal guarantees of correctness I have shown in the past and enables the

algorithms to scale to larger swarm sizes, at the expense of optimality.

In chapter 5, I develop a control framework to automatically redistribute robots to

different regions according to users’ on-the-fly requests on robot numbers while the

swarm is executing high-level tasks. This work incorporate runtime changes to the

specifications while maintaining the original high-level specifications in the context of

swarms.
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