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Temporal logics serve as a framework for expressing complex, temporally-

extended specifications in a mathematical precise manner. Using formal syn-

thesis techniques, these specifications can be automatically translated into high-

level, correct-by-construction controllers for robots to execute. This enables the

provision of robust guarantees regarding robot behavior and task feasibility.

The diverse expressivity of different logics enables them to be used in a wide

variety of robotic systems.

This dissertation focuses on synthesizing high-level controllers for heteroge-

neous robots accomplishing a global task. First, we formulate the autonomous

participation problem for multi-robot systems. Using Linear Temporal Logic

(LTL), robots autonomously distribute new sub-tasks while still ensuring the

satisfaction of their current tasks. Each robot evaluates its ability to satisfy both

its current task and the new sub-tasks, then resynthesizes its behavior accord-

ingly. We then present a novel task grammar that extends LTL to increase its

expressivity for formulating collaborative tasks in a multi-robot context. Cur-

rent approaches often require users to specify the numbers and types of robots

for the tasks; in contrast, our task grammar focuses on the actions required and

how those relate to the robot executing them (e.g. ”the same robot that picked

up the package must drop it off”). We also provide a synthesis framework and

synchronization policies for the robots to collaborate with each other when re-



quired. The work in this dissertation provides approaches for both discrete and

continuous actions.

To increase robustness, this dissertation also includes a method for robots

to replan and resynthesize their behavior in response to modifications in indi-

vidual robot capabilities during execution. The replanning approach maintains

task satisfaction while minimizing changes at both the global team assignment

and local behavior levels.

Finally, the dissertation presents a decentralized, context-based, on-board

planning algorithm for Earth-Observation (EO) satellite systems. Each satellite

first decides whether it can participate, then if it should participate, and finally

either formally verifies a potential team, or synthesizes an optimal team for the

mission.
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D.3 Prior work - Robot Model and Büchi Automaton . . . . . . . . . . 126

D.3.1 Robot Model . . . . . . . . . . . . . . . . . . . . . . . . . . 126
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Heterogeneous multi-robot systems consist of robots with different capabilities

often working together to achieve a common goal. This can be useful in a wide

variety of applications, including warehouse automation and disaster relief. As

new emergencies arise, the user may need to assign new tasks while the robots

are already executing existing tasks. Robots interleaving these tasks rather than

performing them sequentially can allow for more efficient execution. In ad-

dition, these tasks may also require collaboration across robots depending on

what the tasks require and each robot’s respective capabilities.

There is a wealth of literature for multi-agent task allocation and coalition

formation [38, 44, 52]. Some common approaches involve optimization meth-

ods, where the system is represented using mathematical models, such as the

vehicle routing problem [6,87] or constraint programming [5,46,49]. To increase

efficiency, researchers have also proposed metaheuristic algorithms [67,81,113],

such as genetic algorithms [79] and particle swarm optimization [115], which it-

eratively search to find an approximate solution. Game-theoretic models model

systems as stochastic games through the use of Markov Decision Processes

(MDPs) [82, 84, 97, 109]. Although these approaches demonstrate convergence

to a locally optimal policy, they face scalability challenges when dealing with a

large number of agents due to the exponential growth of the state space as more

agents are added. The research presented in [82] tackles scalability issues in the

multi-agent MDP problem by leveraging specific dependence structures among

1



robots.

Distributed approaches have also been proposed, such as contract net pro-

tocols [47,122] and auction-based algorithms [24,114], which typically require a

set of robots to be designated as auctioneers that act as mediators for the group.

Other methods with a flat hierarchy include token-passing [118] and swarm ap-

proaches for collective robot behavior [2, 93, 95], such as aggregation or shape

formation.

Recently, researchers have been interested in using formal method tech-

niques, such as correct-by-construction synthesis and temporal logics, to encode

and solve multi-agent tasks [18,51,56,57,101]. Tasks written in temporal logics,

including Linear Temporal Logic (LTL) and Signal Temporal Logic (STL), allow

users to write tasks that may require complex action sequences or temporally

extended constraints in a mathematically rigorous way.

This dissertation proposes frameworks to synthesize high-level controllers

that allow a heterogeneous team of robots to satisfy interleaving tasks and ac-

tions written in temporal logic. We outline a distributed approach for robots

to satisfy new tasks as they currently execute an existing task, resulting in the

satisfaction of both tasks. The framework allows for the interleaving of the two

tasks, increasing the efficiency of the robot behavior. Robots determine the cost

associated with accomplishing each new sub-task, and pass around a task token

to assign themselves to the tasks in a near-optimal way. All of these tasks are

encoded in LTL.

To increase task expressivity, we also propose a task grammar that is an ex-

tension of LTL, called LTLψ, that can capture information about collaborative

2



tasks for multi-robot systems. It enables the interleaving of robot actions, allevi-

ating the need for explicit task decomposition in order to assign agents to parts

of the task. This task grammar is inspired by [73] and its concept of induced

propositions, in which each proposition includes information about the num-

ber and type of agents, as well as a connector term that binds together the truth

values of specific atomic propositions. Our task grammar LTLψ also includes in-

formation about how the atomic propositions are related to one another, which

represents the overall relationship between agents and task requirements. How-

ever, unlike [73], which considers navigation tasks where the same agents of a

certain type may need to visit different regions, we generalize these tasks to any

type of abstract action an robot may be able to perform. Another key assump-

tion we relax is that agents do not need to only be categorized as one type, i.e.

agents may have overlapping capabilities.

The task grammar eliminates the need to predetermine the number of robots

required for a task. Using the concept of bindings, the task provides constraints

on the relationship between robot assignments and team behavior; we can re-

quire certain parts of the task to be satisfied by the same agent without assign-

ing the exact robot or type of robot a priori. (e.g. ”the same robot(s) that picks

up the package must also scan it”). In this way, we can treat this similar to a

task allocation problem, where the goal is to assign robots to bindings. How-

ever, we remove the need of decomposed independent sub-tasks, which allows

the user to express a richer set of tasks, particularly ones that need collabora-

tion. Given these types of tasks and their capabilities, robots autonomously

form teams based on the respective parts of the task they can execute such that

the team can collectively satisfy the task. This work also considers automatically

abstracting continuous actions and synthesizing high-level controllers that are
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already correct-by-construction for continuous execution.

Multi-robot tasks often necessitate synchronized collaboration among

robots. Similar to approaches in [19, 57, 100], our framework ensures that ac-

tions are executed in the correct sequence by incorporating synchronization

constraints while the robots are executing their behavior. This involves robots

waiting before executing actions concurrently. In our work, the execution of

synchronous behavior for each agent is decentralized; robots independently ex-

ecute their plans and only communicate with each other when synchronization

is required. We also describe an approach for robots to react to changes in their

capabilities, specifically when transitions in a capability are modified. Robots

resynthesize during execution such that they maintain satisfaction of the over-

all task.

All the aforementioned work can be applied to a variety of multi-agent sys-

tems; our work done with satellite teaming for EO missions illustrates one

such application. The proposed method allows satellites to autonomously form

teams to satisfy Earth Observation (EO) missions (e.g. monitor a volcano) based

on contextual information and their probability of success. This alleviates the

need for ground-based planning, which can be slow and require expert input.

1.2 Thesis Outline

Chapter 2 provides a brief background for this dissertation, which includes

an overview of Linear Temporal Logic, the system abstraction, and automata-

based synthesis. Chapter 3 provides summaries of the papers included in this

dissertation. The first paper addresses the problem of how to automatically syn-
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thesize high-level controllers when new tasks are introduced during execution

of existing tasks. The subsequent three papers provide a framework for encod-

ing and synthesizing controllers for collaborative tasks. These papers introduce

LTLψ, our novel task grammar for encoding collaborative tasks, provide a syn-

thesis framework to satisfy an LTLψ task for both discrete actions and ones that

take varying duration, and a resynthesis approach when a robot’s capability is

modified during execution. The last paper explores context-aware teaming, in

which satellites receive a task and autonomously decide whether or not they

can and should participate in such a mission based on their current state and

contextual information. Chapter 4 discusses the conclusions, limitations, and

potential future work that can be done based on the work presented in this dis-

sertation. The appendix includes the fully published papers, which provide

details regarding definitions, algorithms, and analysis for all the work in this

dissertation.

5



CHAPTER 2

BACKGROUND

This chapter reviews the background material necessary for this dissertation,

including the abstraction of the system and the general approach of automata-

based synthesis for LTL specifications.

2.1 Formal Synthesis for Multi-Robot Systems

High-level planning problem for homogeneous multi-robot teams or large

swarms often address formation and navigation tasks [14, 18, 59]. For hetero-

geneous robots satisfying temporal logic specifications, a common approach is

either to or assigned to agents a priori [34, 104], or to decompose them into in-

dependent sub-tasks before automatically allocating them to the robots. For in-

stance, [33, 89] first automatically decompose a global automaton representing

the task into independent sub-tasks. Then, to mitigate the challenges posed by

state-space explosion, the authors synthesize parallel plans, then sequentially

interconnect the individual automata using switch transitions.

Other methods extend existing temporal logics in order to provide a more

expressive way to encode tasks that require multiple robots. These new gram-

mars often enforce explicit constraints on the number or types of robots for each

part of the task. For instance, [86] provides constraints on the number of robots

necessary in regions using counting LTL. The authors of [64] use Capability

Temporal Logic, an extension of STL, to encode both the number and capabil-

ities necessary at specified locations, then finds an optimal teaming strategy

by formulating the system as a Mixed-Integer Linear Program (MILP). In [73],

6



the authors introduce the concept of induced propositions, where each atomic

proposition encodes information about the type, number of agents, and target

regions, as well as connectors relating the truth values of certain proposition to

each other.

To ensure the satisfaction of multi-robot temporal logic specifications in con-

tinuous time, where actions take varying duration to complete, a common ap-

proach is to encode the task in STL, which allows for discrete-time continuous

signals [13, 40]. Other approaches include constructing hybrid controllers for

LTL tasks [83], where actions with timing constraints are abstracted with the

use of initiation and completion propositions. Authors in [76] propose iterative

synthesize-then-check approaches to remove unsafe transitions.

Common to many frameworks is that the task allocation happens offline

prior to execution; resynthesis during execution is not considered. However, in

real-world situations, robots may face sensor failures or external disturbances..

Existing work considers robots that adapt their motion plan online to explore

or navigate a partially known or uncertain workspace [11, 42, 54, 80]. Other

work include scalable partially-observable Markov decision process (POMDP)

planning [62] and risk-based planning [68,102] to account for dynamic environ-

ments.

Several works also discuss ways to increase robustness in the system to ac-

count for these changes. Authors of [123] provide a behavior tree framework to

account for pre-defined categories of failures. The work in [121] considers syn-

thesizing controllers for robustness against small perturbations. [50] propose a

reactive planning approach that adapts to robots when they fail and can longer

participate while still satisfying the global LTL task. The work presented in this
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dissertation considers capability modifications in which a transition within a

specific capability of a robot either fails or new transitions are introduced.

2.2 Linear Temporal Logic (LTL)

LTL is a discrete logic that can encode temporally extended tasks, such as

surveillance or monitoring. LTL formulas are constructed from atomic propo-

sitions AP, where π ∈ AP is a Boolean variable [29]. Each atomic proposition

represents an abstraction of a robot action. For example, scan captures a robot

scanning a package.

2.2.1 Syntax

LTL formulas are defined using the following syntax:

φ ::= π | ¬φ | φ ∨ φ | ⃝ φ | φU φ

where ¬ and ∨ are Boolean operators (“not” and “or”, respectively), and⃝ and

U (“next” and “until”, respectively) are temporal operators. Using these, we

can also define conjunction φ∧ φ, implication φ⇒ φ, eventually ^φ = TrueU φ,

and always □φ = ¬^¬φ.

2.2.2 Semantics

The semantics of an LTL formula φ are defined over an infinite trace σ =

σ(0)σ(1)σ(2)..., where σ(i) is the set of AP that are true at step i. We use σ |= φ to
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denote that the trace σ satisfies LTL formula φ.

Whether or not a trace σ satsifies an LTL formula φ is defined recursively

[29]:

• σ(i) |= π iff π ∈ σ(i)

• σ(i) |= ¬φ iff φ < σ(i)

• σ(i) |= φ1 ∨ φ2 iff σ(i) |= φ1 or σ(i) |= φ2

• σ(i) |= ⃝φ iff σ(i + 1) ∈ φ

• σ(i) |= φ1Uφ2 iff ∃k ≥ i such that σ(k) |= φ2 and ∀i ≤ j < k, σ( j) |= φ1

Intuitively,⃝φ is satisfied if φ is satisfied in the next step of the sequence; ^φ

is satisfied if there exists a step in the sequence in which φ is true; □φ is satisfied

if φ is true at every step in σ; φ1 U φ2 is satisfied if φ1 remains true until φ2

becomes true.

2.3 Büchi Automaton

An LTL formula φ can be translated into a Nondeterministic Büchi Automaton

that accepts infinite traces if and only if they satisfy φ. A Büchi automaton is a

tuple B = (Z, z0,ΣB, δB, F), where

• Z is the set of states

• z0 ∈ Z is the initial state

• ΣB is the input alphabet
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• δB : Z × ΣB × Z is the transition relation

• F ⊆ Z is a set of accepting states

An infinite run of B over a word σ = σ1σ2σ3... ∈ ΣB is an infinite sequence

of states z = z0z1z2... such that (zi−1, σi, zi) ∈ δB. A run is accepting if and only if

Inf(z) ∩ F , ∅, where Inf(z) is the set of states that appear in z infinitely often [4].

In this dissertation, we use the tool Spot [28] to automatically transform an LTL

specification into its Büchi automaton equivalent.

2.4 Automata-based Synthesis

Formal synthesis methods take a task specification and a model of the robot

as inputs and outputs high-level controllers for the robot to satisfy the task (or

informs the user that the specification is unrealizable). A common approach is

to model the robot as a Kripke structure K = (S , s0,∆, L), where

• S is the finite set of states

• s0 is the set of initial states

• ∆ ⊆ S × S is the transition relation, where ∀s ∈ S , there exists a state s′ ∈ S

such that (s, s′) ∈ ∆

• L : S → 2AP is the labeling function, where L(s) ⊆ AP is the set of proposi-

tions that are true over a state s

An example of a Kripke structure representing a robot’s ability to navigate a

2D grid environment is shown in Fig. 2.1.
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Figure 2.1: Example Kripke structure for a 2D grid world

A common approach to synthesizing a sequence of high-level controllers for

the robot to satisfy φ is to find a trace through the product automaton. Formally,

given a robot model K = (S , s0,∆, L) and a desired task specification φ captured

by the Büchi automaton B = (Z, z0,ΣB, δB, F), we can synthesize a sequence of

high-level controllers for the robot to satisfy φ by finding an accepting trace in

the product automaton G = K × B = (Q, q0, AP j, δG, LG,WG, FG), where

• Q = S × Z is a finite set of states

• q0 = (s0, z0) ∈ Q is the initial state

• LG is the labeling function such that LG((s, z)) = L(s)

• δG is the transition function, where δ((s, z), (s′, z′)) = ∆(s, s′) × δ(z, z′)

• WG : γ → R≥0 is the cost function such that for q = (s, z) and q′ = (s′, z′),

WG((q, q′)) = W((s, s′))

• FG = S × F is a set of accepting states

We can find an infinite sequence q = q0 → q1 → q2 → ... in G that visits the states

in FG infinitely often. The path is composed of a prefix – a finite trace – and a
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suffix – a cycle that repeats. Then, a synthesized behavior bi of a robot is defined

as the labels produced by q: bi = LG(q0)LG(q1)LG(q2)... .
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CHAPTER 3

SUMMARY OF INCLUDED PAPERS

3.1 Paper 1

Automated Task Updates of Temporal Logic Specifications for

Heterogeneous Robots

Amy Fang and Hadas Kress-Gazit

IEEE International Conference on Robotics (ICRA), 2022

3.1.1 Abstract

Given a heterogeneous group of robots executing a complex task represented

in Linear Temporal Logic, and a new set of tasks for the group, we define the

task update problem and propose a framework for automatically updating in-

dividual robot tasks given their respective existing tasks and capabilities. Our

heuristic, token-based, conflict resolution task allocation algorithm generates a

near-optimal assignment for the new task. We demonstrate the scalability of

our approach through simulations of multi-robot tasks.
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3.1.2 Contributions

In this paper, we propose a method for heterogeneous robots to respond to a

new task given their capabilities and respective ongoing tasks while providing

guarantees on task feasibility. The contributions are as follows:

1. a mathematical formulation of the new task distribution problem

2. a framework for robots to automatically update their behavior based on

both the new task that is introduced and the progress within their current

one, allowing them to perform both tasks

3. a heuristic, token-based task allocation algorithm to determine the final

task allocation assignment for the new task while minimizing overall cost
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3.2 Paper 2

High-Level, Collaborative Task Planning Grammar and Execution for

Heterogeneous Agents

Amy Fang and Hadas Kress-Gazit

Proceedings of the 23rd International Conference on Autonomous Agents and

Multiagent Systems, AAMAS ’24

3.2.1 Abstract

We propose a new multi-agent task grammar to encode collaborative tasks for a

team of heterogeneous agents that can have overlapping capabilities. The gram-

mar allows users to specify the relationship between agents and parts of the task

without providing explicit assignments or constraints on the number of agents

required. We develop a method to automatically find a team of agents and syn-

thesize correct-by-construction control with synchronization policies to satisfy

the task. We demonstrate the scalability of our approach through simulation

and compare our method to existing task grammars that encode multi-agent

tasks.
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3.2.2 Contributions

We propose a task description and control synthesis framework for heteroge-

neous agents to satisfy collaborative tasks. Specifically, we present a new, LTL-

based task grammar for the formulation of collaborative tasks, and provide a

framework to form a team of agents and synthesize control and synchronization

policies to guarantee the team satisfies the task. We demonstrate our approach

in simulated precision agriculture scenarios.
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3.3 Paper 3

Continuous Execution of High-Level Collaborative Tasks for Heterogeneous

Robot Teams

Amy Fang, Tenny Yin, Jiawei Lin and Hadas Kress-Gazit

IEEE Transactions on Robotics (T-RO), under review

3.3.1 Abstract

We propose a control synthesis framework for a heterogeneous multi-robot sys-

tem to satisfy collaborative tasks, where actions may take varying duration of

time to complete. We encode tasks using the discrete logic LTLψ, which uses the

concept of bindings to interleave robot actions and express information about

relationship between specific task requirements and robot assignments. We

present a synthesis approach to automatically generate a teaming assignment

and corresponding discrete behavior that is correct-by-construction for contin-

uous execution, while also implementing synchronization policies to ensure col-

laborative portions of the task are satisfied. We demonstrate our approach on a

physical multi-robot system.
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3.3.2 Contributions

In this paper, we propose a framework for control synthesis for continuous ex-

ecution of collaborative tasks, where actions may take varying duration of time

to complete. Based on [31], we use LTLψ to encode such tasks and present a

synthesis approach to automatically generate a teaming assignment and corre-

sponding symbolic behavior that is correct-by-construction during continuous

execution, while also ensuring synchronization requirements are satisfied for

collaborative portions of the task. We demonstrate our approach on a physical

multi-robot system.
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3.4 Paper 4

Online Resynthesis of High-Level Collaborative Tasks for Robots with

Changing Capabilities

Amy Fang, Tenny Yin and Hadas Kress-Gazit

IEEE Robotics and Automation Letters, under review

3.4.1 Abstract

Given a collaborative high-level task and a team of heterogeneous robots and

behaviors to satisfy it, this work focuses on the challenge of automatically, at

runtime, adjusting the individual robot behaviors such that the task is still sat-

isfied, when robots encounter changes to their abilities–either failures or addi-

tional actions they can perform. We consider tasks encoded in LTLψand min-

imize global teaming reassignments (and as a result, local resynthesis) when

robots’ capabilities change. We also increase the expressivity of LTLψ by includ-

ing additional types of constraints on the overall teaming assignment that the

user can specify, such as the minimum number of robots required for each as-

signment. We demonstrate the framework in a simulated warehouse scenario.
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3.4.2 Contributions

In the context of synthesizing team and robot control from a high-level specifi-

cation given in LTLψ, we 1) increase the specification expressivity by allowing

the user to provide constraints regarding the binding assignments (i.e. the min-

imum number of robots assigned to each binding and which bindings are al-

lowed to be assigned together), and 2) propose a resynthesis framework for on-

line adaptation to changes in robot capabilities. We demonstrate our approach

in a simulated warehouse scenario.
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3.5 Paper 5

Decentralized Context-Based On-Board Planning for Earth Observation

Missions

Antoni Viros Martin, Kewei Cheng, Amy Fang, Zhaoliang Zheng, Hadas

Kress-Gazit, Ankur Mehta, Daniel Selva and Yizhou Sun

AIAA Scitech 2021 Forum

3.5.1 Abstract

Currently, the observation plans for most Earth observation satellites are static

and periodic, and centrally uploaded from ground control. When there is

an event of interest that requires changing the plan, new plans are manually

patched and uploaded to the spacecraft. This approach is limited in that: 1)

it may lead to missing short-lived phenomena, and 2) it does not scale well

to very large constellations of satellites. New mission concepts are starting to

leverage Artificial Intelligence to make autonomous planning decisions in reac-

tion to short-lived events, which has spurred interest in on board autonomous

scheduling. In addition, emerging mission concepts rely more on distributed

systems (clusters, constellations) of heterogeneous satellites, in some cases with

the ability to communicate through cross-links to coordinate their operation.

Motivated by these recent trends towards increased system complexity, decen-

tralization and on-board autonomy and advances in sensor fusion theory, this

paper explores a significantly different observing paradigm and corresponding
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problem in which satellites receive a mission (observations of a target region

with a certain set of required attributes and time constraints) from mission con-

trol and autonomously decide whether or not they can and should participate in

such a mission based on their current state and contextual information. Specifi-

cally, we propose a new approach based on three main steps: first, each satellite

determines if it can participate in the mission given the mission specification

and its sensor characteristics by reasoning over a knowledge graph; second,

each satellite assesses if it should participate in the mission by estimating the

probability that it can measure the observable of interest using a decentralized

Kalman filter. Third, a central node can then verify the emerging plan using

a probabilistic temporal logic and synthesize a better plan if desired. The new

approach is described in detail and evaluated for a case study concerning the de-

tection of volcano eruptions. In order to validate our methodology, we compare

a set of teams generated by our method for the problem of volcano eruption de-

tection to a team that is currently being used at NASA to perform the same task,

with positive results. Finally, we discuss the limitations of the current method

and outline a future path for the method as a whole as well as the individual

steps.

3.5.2 Contributions

The problem we are trying to solve is formulated as follows: given a mission

specified by 1) a geophysical parameter of the Earth to observe such as sea sur-

face height or soil moisture, or an event such as a volcano eruption, 2) a region

(e.g. the Arctic, the Mediterranean basin, or the Pacific Ring of Fire), and 3)

some time-related requirements (mission duration of a week or month, revisit
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time of two measurements a day, or a maximum gap between measurements of

24 hours), find a selection of teams of satellites that will perform the required

observations to successfully carry out the mission. Optionally, the mission state-

ment can also include other parameters such as spatial resolution, accuracy, etc.

Of note, relevant requirements for many parameters can be readily obtained

from the online World Meteorological Organization (WMO) OSCAR database1.

We propose a new approach for the decentralized planning problem for het-

erogeneous, distributed (and potentially federated) EO systems. In this ap-

proach, agents independently choose whether and how to respond to a new

mission through the use of contextual information. A preliminary offline step of

our approach is the mining of such contextual information. Through this paper,

we use an extensive definition of contextual information, including facts rang-

ing from the capabilities of a satellite and its sensors such as accuracies, power,

image resolution, fields of view, and other characteristics, as well as information

about their current status including orbital information and whether sensors are

operational or not. This contextual information also includes knowledge about

the physics of the Earth system and remote sensing, such as how different so-

called Level-1 measurements (e.g., TIR radiances or radar back-scatter cross-

sections in L-band) relate to geophysical parameters or Level-2 products (e.g.,

land surface temperature or soil moisture) and the relation between a mission

specification and a set of geophysical parameters to observe. This context could

optionally include information about other satellites and their capabilities.

1https://www.wmo-sat.info/oscar/
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3.5.3 Contributions of the Author

In our system, the aim of the verification step is to provide information about

the likelihood of mission success given a teaming assignment and sensor prop-

erties. Individual agents decide whether to participate or not, but a centralized

decision needs to be made to ensure that the mission constraints are met at a

team level. For the verification step, the contributions are:

1. Formalizing the satellite mission as a specification encoded in Probabilistic

Computation Tree Logic (PCTL)

2. Abstracting the system based on which agents and sensors are used, as

well as which observations are being measured

3. Proposing a framework to verify a given team of agents or to synthesize

an optimal one

4. Analyzing the output of the overall framework by generate a Pareto front

for the multi-objective problem of maximizing the probability of mission

success while minimizing the number of satellites for all viable teams mea-

sured
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CHAPTER 4

DISCUSSION AND CONCLUSION

4.1 Concluding Remarks

The work in this dissertation focuses on synthesizing behavior for teams of

robots to interleave their actions to accomplish a task, such as interleaving

multiple tasks as they are introduced, or collaborative tasks that require co-

ordination across multiple robots. We presented a distributed framework to

allocate new tasks to robots as they are executing existing ones, as well as a

new task grammar LTLψ that extends the expressivity of LTL to heterogeneous

multi-robot scenarios. We present methods to synthesize high-level correct-by-

construction controllers for robots to satsify LTLψ tasks for both discrete and

continuous actions. We also provide a framework for robots to react to capabil-

ity modifications. Throughout the included publications, we present simulated

and physical demonstrations of multi-robot systems autonomously accomplish-

ing LTLψ specifications. We also analyze the computational complexity of each

approach. Finally, we introduced a framework for satellites to autonomously

join new EO missions based on their own set of sensors and likelihood to suc-

ceed. We use probabilistic model-checking techniques to both verify a team

of satellites and synthesize new teams that are able to accomplish the mission

above a predefined probability threshold.
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4.2 Broader Impact

While this dissertation primarily focuses on autonomous robotic systems, it can

be applied to any high-level, multi-agent planning problem as long as the ac-

tions and agents can be abstracted in the ways proposed in this work.

The distributed synthesis framework outlined in paper 1 for interleaving

tasks has applications in disaster response; as new emergencies arise during

these situations, robots are able to autonomously switch between tasks without

human input. For example, autonomous warehouse robots can quickly respond

to an emergency fire by directing people towards exits or close doors to stop the

fire from spreading.

Our novel task grammar, LTLψ, allows users to express a new type of task

that require team of heterogeneous agents to collaboratively satisfy. This gram-

mar, along with the associated control synthesis techniques, eliminates the need

to determine the exact number of agents required for a task beforehand. Instead,

users can focus on describing the actions required to achieve the task.

LTLψ synthesis can be used in any multi-agent application, such as ware-

house automation, precision agriculture, or multi-robot navigation, where the

user may not want or need to provide information about the number of agents

necessary to accomplish a task. Additionally, this research extends the approach

to synthesizing control for continuous actions and adapting to dynamic changes

in robot capabilities, increasing its applicability in complex real-world scenar-

ios.

In the last paper, we specifically address the problem of multi-agent teaming
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in the satellite EO-mission domain. Rather than centrally upload satellite team-

ing plans from ground control, the proposed approach allows heterogeneous

satellites to autonomously decide whether or not to participate in the new mis-

sion. This allows for more efficient and scalable approach in forming satellite

teams.

4.3 Limitations and Future Work

A large assumption the work in this dissertation makes is that the robots are de-

terministic and their environment is known. Existing temporal logic literature

proposes methods for introducing uncertainty in both the robot dynamics [104]

and sensing and perception [56, 102]; a possible avenue for future work is to

incorporate uncertainty in similar ways. By doing so, we can analyze how it

impacts the robustness of the robot behavior, which may challenge the existing

guarantees regarding task satisfiability.

Secondly, this dissertation relies on the assumption of seamless, all-to-all

communication among the robots. This assumption is particularly critical in the

context of distributed task allocation algorithms and synchronization protocols

outlined in the respective papers. However, there are many practical limitations

of communication systems, such as limited range or potential faults in commu-

nication links. Exploring strategies for maintaining satisfiability under these

types of constraints or failures could increase the robustness of the algorithms

proposed in this dissertation.

In addition, while optimization metrics are considered in the work outlined

in papers 1 and 5, the remaining papers addressing synthesis for LTLψ tasks do
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not. Although individual robots do prioritize cost minimization when synthe-

sizing their behavior, the absence of optimization metrics in team assignment

decisions presents an area for future work. This could include incorporating

optimization metrics regarding cost or assignment distribution during the team

assignment phase.

The issue of tractability of the presented frameworks is another area for fu-

ture research. As with many temporal logic methodologies, the scalability of

the approach becomes increasingly challenging as the size of the robots’ prod-

uct automata expands; this occurs when the task complexity increases (thus the

Büchi automaton grows), or when the number/complexity of the capabilities

increase (e.g. the discretized workspace becomes larger).

To address these scalability concerns, there are several possible approaches.

One involves exploring methods for sampling the product automata during the

synthesis process rather than constructing it in its entirety. Utilizing greedy

heuristic techniques in the synthesis process presents another avenue for man-

aging scalability challenges. Leveraging these techniques to search for accept-

ing traces within the product automata can streamline the synthesis process and

improving overall scalability.
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APPENDIX A

AUTOMATED TASK UPDATES OF TEMPORAL LOGIC

SPECIFICATIONS FOR HETEROGENEOUS ROBOTS

A.1 Introduction

Heterogeneous multi-robot systems consist of robots with different capabili-

ties and are often created with a specific task in mind. However, if the task is

changed during execution, especially if more requirements are added to the pre-

vious ones, there is a need for automated techniques that would allocate the task

to the robots while maintaining the previous task and minimizing cost. For ex-

ample, in humanitarian aid or disaster response situations, as new emergencies

arise and timing is critical, automating the process for robots to interleave new

tasks into their existing tasks without human input would 1) increase efficiency

in the assignment process 2) ensure that the teams are responding quickly.

In this paper, we address the problem of automatically updating robot be-

haviors given tasks encoded in Linear Temporal Logic (LTL) over an abstraction

of the robot motion and capabilities. We assume each sub-task can be accom-

plished by a single robot, and that all tasks are defined over controllable atomic

propositions. We also assume there exist continuous controllers that can imple-

ment the abstract behaviors in a way that ensures collision avoidance between

the robots and guarantees that the continuous behaviors implement the abstract

ones [61].

There exists a rich literature in addressing automated multi-robot task alloca-

tion and coalition formation [38, 41, 108]. Researchers have developed architec-
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tures to model robot capabilities and interactions, such as social networks [58].

Game-theoretic models represent systems as stochastic games by using Markov

Decision Processes (MDPs) or partially observable MDPs [109]. While these

methods can be shown to converge to a locally optimal policy, they do not scale

for large numbers of agents, since the state space grows exponentially as more

agents are introduced. The work in [82] addresses scalability for the multi-agent

MDP problem, but does so by assuming special dependence structures among

robots.

Dynamic coalition formation has been of particular interest, where au-

tonomous robots cooperate to perform emerging time-varying tasks. Current

methods include greedy approximate algorithms [92], particle swarm optimiza-

tion [115], and evolutionary algorithms [67]. Another method is to use market-

based algorithms for robots to form teams based on the bids they make for the

specified task [24, 114]. This requires a leader that acts as a mediator for the

group. To maintain a flat hierarchy while still allocating tasks in a near-optimal

manner, [116] proposes a token-based framework, where tasks and resources

are abstracted as tokens and passed locally among agents. Each agent decides

whether to keep the token or to pass it to other agents. This decision requires

information about how the token has been passed around to other agents. In

this paper, we develop a token-based scheme for task allocation that is able to

maintain near-optimal results without any token history information.

To increase the complexity of possible tasks, in recent years there has been a

growing interest in multi-robot planning for task specifications written in tem-

poral logics, which enables users to specify temporally extended tasks. In [77],

the authors use Time Window Temporal Logic to address multi-robot planning
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with synchronization requirements. The authors of [53] encode Signal Temporal

Logic specifications as mixed integer linear constraints to generate a plan for a

heterogeneous team. The work in [89] presents an algorithm that allocates tasks

to robots while simultaneously planning their actions. To avoid state-space ex-

plosion in their centralized planning, the authors sequentially link each robot

model using switch transitions. In [88], the authors use reinforcement learn-

ing to synthesize plans over Markov decision processes under Linear Tempo-

ral Logic, and an auction-based algorithm assigns tasks to robots. All of these

approaches assume that new tasks can only be directed towards unassigned

robots.

There also exists literature that addresses the problem of rescheduling in re-

sponse to unexpected disturbances. The authors of [106] propose a bargain-

ing game approach to generate a real-time scheduling scheme for an Inter-

net of Things-enabled job shop. The work in [111] presents an online hybrid

contract-net negotiation protocol in response to unexpected disturbances in a

shop. Agents place bids of their earliest finishing time, and a coordinator cre-

ates a new schedule accordingly. While these papers address task reallocation

due to unexpected environment changes, to our knowledge, no work has been

done to tackle the problem of multi-robot task distribution within the context of

temporal logics, where new tasks are introduced to robots that are performing

existing tasks.

Contributions: In this paper, we propose a method for heterogeneous robots

to respond to a new task given their capabilities and respective ongoing tasks

while providing guarantees on task feasibility. The contributions are as follows:

1) a mathematical formulation of the new task distribution problem, 2) a frame-
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work for robots to automatically update their behavior based on both the new

task that is introduced and the progress within their current one, allowing them

to perform both tasks, and 3) a heuristic, token-based task allocation algorithm

to determine the final task allocation assignment for the new task while mini-

mizing overall cost.

A.2 Preliminaries

A.2.1 Linear Temporal Logic

Let AP be a set of atomic propositions such that π ∈ AP is a Boolean variable. We

use these propositions to capture robot capabilities. For example, pick up can

correspond to the robot performing a pick up action.

Syntax: An LTL formula [4] is defined recursively from atomic propositions

π ∈ AP using the following grammar:

φ ::= π | ¬φ | φ ∨ φ | ⃝ φ | φU φ

where ¬ (“not”) and ∨ (“or”) are Boolean operators. ⃝ andU are the temporal

operators “next” and “until”, respectively. Using these basic operators, we can

construct the additional logical operators conjunction φ ∧ φ, implication φ ⇒ φ,

and equivalence φ ⇔ φ, as well as the temporal operators eventually ^φ and

always □φ.

Semantics: The semantics of an LTL formula φ are defined over a trace σ,

where σ = σ0σ1σ2... is an infinite sequence, and σp represents the set of AP that
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are True at position p. We denote that σ satisfies LTL formula φ as σ |= φ.

Intuitively, σ |= ⃝φ if φ is True at the next state in the trace. To satisfy φ1U φ2,

φ1 must stay True until φ2 becomes True. The formula □φ is satisfied if φ is True

at every position in σ, and σ |= ^φ if there exists a step in σ where φ is True. For

a complete definition of the semantics of LTL, see [4].

A.2.2 Büchi Automata

A nondeterministic Büchi automaton can be constructed from an LTL formula

such that an infinite trace is accepted by the Büchi automaton if and only if it

satisfies the LTL formula [28]. A Büchi automaton is defined as a tuple B =

(Σ,Z, z0, δ, F), where Σ is the alphabet of B, Z is a finite set of states, z0 ∈ Z is

the initial state, δ : Z × Σ → 2Z is a transition function, and F ⊆ Z is a set of

accepting states. A run of a Büchi automaton on an infinite word w = w1w2w3...

is an infinite sequence of states z = z0z1z2... such that ∀i,wi ∈ Σ and (zi−1,wi, zi) ∈ δ.

A run is accepting if and only if inf(z) ∩ F , ∅, where inf(z) is defined as the set

of states that are visited infinitely often in z [4].

Büchi intersection: Given two LTL formulas, φ1 and φ2 over AP, the intersec-

tion of their respective Büchi automata, B1 and B2, represents traces that satisfy

both φ1 and φ2.

Let B1 = (Σ,Z1, z0
1, δ1, F1), B2 = (Σ,Z2, z0

2, δ2, F2). Their intersection is defined

as B1 ∩ B2 = (Σ,Z1 × Z2 × {0, 1, 2}, {z0
1, z

0
2, 0}, δ

′,Z1 × Z2 × {2}). There is a transition

on a ∈ Σ, (⟨r, q, x⟩, a, ⟨r′, q′, x′⟩) ∈ δ′ if and only if (r, a, r′) ∈ δ1 and (q, a, q′) ∈ δ2.

The components x, x′ ∈ {0, 1, 2} are determined by F1 and F2, the accepting con-
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ditions of the Büchi automata. It is insufficient to simply define the accepting

states of B1 ∩ B2 as F1 × F2 – even if the accepting states from both automata ap-

pear individually infinitely often, they may appear together only finitely many

times. Thus, x, x′ ∈ {0, 1, 2} ensures that accepting states from both B1 and B2

appear infinitely often together. For a detailed explanation on how to construct

the intersection of two Büchi automata, see [25].

A.3 Problem Setup

A.3.1 Task Specification

A task is a set of LTL formulas Φ = {φ1, φ2, ..., φm} for which the following prop-

erties hold:

• Non-conflicting: There exists a σ such that ∀ j, k σ |= φ j ∧ φk. Intuitively,

this means that the satisfaction of one sub-task must not violate any other

sub-task.

• Non-collaborative: Every φ j can be satisfied by a single robot.

Example. The task “pick up a box from room 2 and drop it off in room 3, pull

the lever in room 3, and repeatedly scan and take a picture in room 1” can be

encoded in LTL and decomposed into three sub-tasks:

φ1 = (¬drop off U (room2 ∧ pick up)) (A.1)

∧(¬drop off U (room3 ∧ drop off ))
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φ2 = ^(room3 ∧ pull lever) (A.2)

φ3 = □^(room1 ∧ scan ∧ use camera) (A.3)

A.3.2 Robot Model

Each robot in the group has a set of capabilities related to the required tasks.

We define a capability as a weighted transition system defined as a tuple λ =

(AP, S , s0,R, L,W), where

• AP is a set of atomic propositions

• S is a finite set of states

• s0 ∈ S is the initial state

• R ⊆ S × S is a transition relation where for all s ∈ S there exists s′ ∈ S such

that (s, s′) ∈ R

• L : S → 2AP is the labeling function such that L(s) ⊆ AP is the set of AP that

are true in state s

• W : R→ R≥0 is the cost function

Let there be a set of v capabilities, Λ = {λ1, λ2, ...λv} where λk =

(APk, S k, s0,k,Rk, Lk,Wk). We consider robots that are heterogeneous, where each

robot has its own capability set Λi ⊆ Λ.

We assume all robots are moving in a shared workspace that is partitioned

into a set of regions. We describe the possible motion of a robot as a motion
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Figure A.1: Example of a motion model (a), a capability (b), and robot model (c)
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capability λMot, where AP is the set of region labels, and (s, s′) ∈ R if and only if a

robot can directly move from the region labeled with L(s) to the region labeled

with L(s′).

A robot model Ai is given by the product of its motion model and u = |Λi|

capabilities: Ai = λMot × λ1 × ... × λu such that Ai = (AP, S , s0,R, L,W), where

• AP =
⋃u

k=1 APk

• S = S Mot × S 1 × S 2 × ... × S u

• s0 = (s0,Mot, s0,1, s0,2, ..., s0,u)

• R ⊆ S × S is a transition relation where for all s = (sMot, s1, s2, ..., su) in S ,

there exists s′ = (s′Mot, s
′
1, s
′
2, ..., s

′
u) in S such that (sMot, s′Mot) ∈ RMot, (s1, s′1) ∈

R1, (s2, s′2) ∈ R2, ..., (su, s′u) ∈ Ru.

• L is the labeling function such that L(s) = (LMot(sMot), L1(s1), L2(s2), ..., Lk(sk))

• W : R→ R≥0 is the cost function

Let s = (sMot, s1, s2, ..., su) and s′ = (s′Mot, s
′
1, s
′
2, ..., s

′
u) be two states in Ai for which

the transition (s, s′) exists. Then, the cost W((s, s′)) is the sum over W((sMot, s′Mot))

and all W((sk, s′k)). See Fig. A.1 for a simple example. In this motion model,

the cost for transition (room1, room2) is WMot((room1, room2)) = 1.2, and the cost

for the transition (∅, use camera) in the capability is W1((∅, use camera)) = 0.5.

Then, in the robot model, the cost of the transition between states (room1, ∅) and

(room2, use camera) is 1.7.
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A.3.3 Robot Behavior

Given a robot model Ai and a desired behavior φ captured using Bφ, we can syn-

thesize a behavior for the robot such that it satisfies φ by choosing an accepting

trace in G = Ai × Bφ [4]. Let Ai = (APi, S , s0,R, L,W) and Bφ = (Σ,Z, z0, δ, F) such

that Σ = 2APφ is created from APφ, the propositions in φ. Note that it is not nec-

essary for APi to be equivalent to APφ. APi ⊈ APφ when a robot has additional

capabilities that are not required for task φ. Similarly, APφ ⊈ APi when a robot

does not have all the necessary capabilities required for task φ.

The product G = (Σ, APi,Q, q0, LG,∆,WG, FG), where

• Q = S × Z is a finite set of states

• q0 = (s0, z0) is the initial state

• LG is the labeling function such that LG((s, z)) = L(s) ∩ APφ

• ∆ is the transition function, where a transition exists from (s, z) to (s′, z′) if

and only if (s, s′) ∈ R, and ∃ σ ∈ Σ such that σ = LG(s′) and z′ ∈ δ(z, σ)

• WG : R → R≥0 is the cost function such that for q = (s, z) and q′ = (s′, z′),

WG((q, q′)) = W((s, s′))

• FG = S × F is a set of accepting states

Let path q = q0 → q1 → q2 → ... → qℓ → qℓ+1... be an infinite sequence in G that

visits the states in FG infinitely often. The path is composed of a prefix – a finite

trace – and a suffix – a cycle that repeats. A behavior bi of a robot is defined

as the labels produced by q: bi = LG(q0)LG(q1)LG(q2)...LG(qℓ)LG(qℓ+1)... . Given a
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Figure A.2: Example of non-additive cost. The robot, in blue, is tasked to go
to points A and B. Performing the tasks at the same time costs less than doing
them separately: c1 + c3 < c1 + c2.

prefix of length ℓ, we define the cost of bi as:

ci(bi) =
ℓ−1∑
r=0

WG((qr, qr+1)) (A.4)

We allow the cost for each sub-task to be non-additive. That is, the sum of

the costs of the behaviors for satisfying two individual sub-tasks may be more

than the cost of the behavior for satisfying both. For a simple illustration, see

Fig. A.2.

We define P to be a partition of Φnew such that the following properties hold

for px ∈ P:

px ∩ py = ∅, ∀x , y (A.5)⋃
x

px = P

Given a set of new sub-tasks Φnew = {φ1, φ2, ..., φm}, we define for each robot

Ai the corresponding cost and satisfiability structures:

Cost Γi is a function that maps φcurr
i
∧

j∈pi
Φnew[ j] to its corresponding cost, ci(bnew

i ),
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where pi ∈ P is the set of sub-tasks assigned to Ai.

Satisfiability ζi denotes which sub-tasks Ai is able to perform:

ζi[ j] =


1 ∃ bi such that bi |= φ

j

0 otherwise

A.4 Problem Statement

Let there be n heterogeneous robots A = {A1, A2, ..., An}. Each robot Ai has behav-

ior bcurr
i that satisfies its existing task specification φcurr

i .

Given a new task Φnew= {φ1, φ2, ..., φm} that is introduced during the robots’

execution of their current tasks, find a partition P, as defined in Eq. A.5, to as-

sign robots to new sub-tasks so that bnew
i |= φcurr

i
∧

j∈pi
φ j, subject to the following

optimization criteria:
arg min

pi∈P

n∑
i=1

ci(bnew
i ), (A.6)

We make the following assumptions about the system: collision avoidance

is taken care of by low-level controllers; the sub-tasks are nonreactive, meaning

that the robot behavior does not depend on external events; each sub-task can be

satisfied by a single robot and does not require robot collaboration, as outlined

in A.3.1.

A.4.1 Example

Consider a 2D environment with five rooms containing three robots. The set of

all capabilities is Λ = {λMot, λarm, λscan, λcamera}. AParm is an abstraction of a phys-
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ical robot manipulator that is capable of grasping objects, such as boxes and

levers. APscan represents a robot’s ability to scan barcodes. Similarly, we abstract

a robot’s camera as APcamera, which denotes whether or not the robot is taking a

picture.

Each robot has the following capabilities and tasks:

• Robot 1: “Scan in room 4, then scan in room 1”

φcurr
1 = (¬(room1 ∧ scan) U (room4 ∧ scan)) ∧ ^(room1 ∧ scan) (A.7)

Λ1 = {λMot, λarm, λscan}, s0 = (room2, ∅, ∅)

• Robot 2: “Repeatedly travel between rooms 2 and 5 and scan in those

rooms”

φcurr
2 = □^(room2 ∧ scan) ∧ □^(room5 ∧ scan) (A.8)

Λ2 = {λMot, λscan, λcamera}, s0 = (room1, ∅, ∅)

• Robot 3: “Take a picture in room 1 and pick up a box in room 4, in any

order”

φcurr
3 = ^(room1 ∧ use camera) ∧ ^(room4 ∧ pickup) (A.9)

Λ3 = {λMot, λarm, λcamera}, s0 = (room2, ∅, ∅)

The new task Φnew, provided in Eq. A.1 - A.3, is introduced while the robots

are executing these tasks.
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A.5 Approach

The approach is as follows: each robot determines how much of the current task

it has already accomplished. There are two reasons for this: 1) so that the robot

does not repeat completed portions of the task (thus reducing cost), and 2) so

that if the new task conflicts only with completed portions of the current task,

the robot does not deem the new task as impossible to achieve. The robot then

synthesizes the corresponding behavior for the new sub-tasks based on its ca-

pabilities and the remaining current task. It calculates the cost of performing

different feasible combinations of sub-tasks (Sec. A.5.1). To determine the as-

signment of tasks that minimizes the overall cost for the robots, we develop a

token-based, conflict resolution task allocation algorithm. Robots pass around

an assignment token and assign themselves to tasks based on the cost of the

corresponding behavior (Sec. A.5.2).

A.5.1 Synthesis of Robot Behavior

Algorithm 1: Synthesize Behavior
Input : Ai, zi, Bcurr

i , φk

Output: bnew
i , ci(bnew

i )
1 Bk := LTL2BUCHI(φk)
2 Bcurr

i := FIND REACHABLE BUCHI(zi, Bcurr
i )

3 Bk
i := CREATE BUCHI INTERSECT(Bk, Bcurr

i )
4 G = Ai × Bk

i
// Let FG := be the set of accepting states in G
// Let qi := initial state of G

5 bnew
i , ci(bnew

i ) := DIJKSTRA(G, qi, FG)
6 if bnew

i = ∅ then
7 ci(bnew

i ) := ∞

Given a new task, each robot runs Alg. 1 to automatically synthesize a new

behavior. We transform the LTL formula φk into Büchi automaton Bk using
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Spot [28] (line 1).

To synthesize a behavior for a robot that would cause it to perform both its

current task and φk, we first determine what the robot needs to do to complete

its current task. To do so, we calculate the reachable portion of Bcurr
i from the

state the robot is in when the new task is introduced, denoted as zi. To generate

the reachable portion of Bcurr
i , the function FIND REACHABLE BUCHI calculates

the forward reachable set [1] and removes any non-reachable states.

The function CREATE BUCHI INTERSECT finds the intersection of Bcurr
i , the

current task remaining, and Bk representing the new task (line 3). The alphabets

Σcurr
i = 2APcurr

i ,Σk = 2APk of the respective Büchi automata might not be equiva-

lent, since the task specifications φ may require different capabilities and thus

be defined over different APs.

Borrowing from the definition in Sec. A.2.2, the Büchi intersection Bk
i has the

alphabet Σk
i = 2APcurr

i ∪APk . Given σ ∈ Σk
i , a transition (⟨r, q, x⟩, σ, ⟨r′, q′, x′⟩) ∈ δk

i if

and only if (r, σ ∩ APcurr
i , r′) ∈ δcurr

i and (q, σ ∩ APk, q′) ∈ δk. All other elements in

the tuple Bk
i remain the same as defined in Sec. A.2.2.

In line 5, the robot calculates the minimum cost behavior bnew
i by using Di-

jkstra’s shortest path algorithm to find the minimum cost path through Ai × Bk
i

to an accepting state and an accepting cycle. bnew
i = ∅ when the robot is unable

to perform φk. This occurs either if the robot does not have the capabilities to

satisfy the new task, or if the current remaining task and the new task conflict

with each other.

Given bnew
i , each robot calculates its satisfiability ζi and cost Γi, as outlined in

Alg. 2. In lines 2-4, the robot determines if it can perform both its current task

43



and the jth new sub-task. If it can, we set ζi[ j] = 1 and include the corresponding

cost in Γi.

After calculating ζi, the robot synthesizes the behavior for each combination

of sub-tasks it can do (lines 7-11). It does this because the cost for each sub-task

is non-additive (as explained in Sec. A.3.3). The combinations of sub-tasks are

determined based on ζi.

Algorithm 2: Compute Satisfiability and Cost
Input : Ai, zi, Bcurr

i , Φnew

Output: ζi,Γi

1 ζi := 0,Γi := ∅
// for individual sub-tasks

2 for j ∈ |Φnew| do
3 bnew

i , ci(bnew
i ) := SYNTHESIZE BEHAVIOR(Ai, zi, Bcurr

i ,Φnew[ j])
4 Γi[ j] := ci(bnew

i )
5 if bnew

i , ∅ then
6 ζi[ j] := 1
7 // for combinations of sub-tasks Yi = { j | ζi[ j] = 1}
8 for k ∈ 2Yi do
9 if |k| > 1 then

10 φk :=
∧

ℓΦ
new[kℓ]

11 bnew
i , ci(bnew

i ) := SYNTHESIZE BEHAVIOR(Ai, zi, Bcurr
i , φk)

12 Γi[k] := ci(bnew
i )

A.5.2 Task Allocation

We introduce a token-based heuristic algorithm to determine a near-optimal

allocation for the new task, as shown in Alg. 3. The token is α, the global

assignment vector of length m where α j corresponds to the robot that has been

assigned to Φnew[ j]. α is initialized to be a zero vector.

Each robot Ai assigns itself to the sub-tasks that it can perform and have

not yet been assigned to any other robot (lines 3-5). The algorithm includes a
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conflict resolution scheme when the sub-tasks that Ai can perform have already

been assigned (lines 6-16). In this case, for each robot Ak with conflicts, the

algorithm looks at the overlap between the tasks already assigned to Ak and

the tasks Ai can do, which is provided by its satisfiability vector ζi (lines 10-

15). The function UPDATE ASSIGNMENT iterates through every combination of

overlapping assignments for the Ai and Ak, finds the one with the minimum

cost, and updates α.

In this algorithm, at each iteration of the conflict resolution, a robot only

compares possible conflicting assignments with one other robot. Although we

cannot guarantee optimality of the final task allocation assignment, it signif-

icantly reduces the computation time. Our algorithm has complexity O(2mn),

compared to the optimal algorithm, which checks every
(

n
m

)
combinations and

has complexity O(mn). In addition, because the token is passed to every robot,

we can guarantee that the algorithm will find an assignment for every sub-task

if one exists.

A.6 Results and Evaluation

We demonstrate the effectiveness of our synthesis framework by showing the

changes to the robot behaviors for the example in Sec. A.4.1. Furthermore, we

compare the results of our token-based algorithm to the optimal assignment for

different team and task sizes.
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Algorithm 3: Task allocation for Φnew

Input : ζ1, ζ2, ..., ζn,Γ1,Γ2, ...,Γn, m := |Φnew|

Output: α
1 α := 0
2 for i ∈ {1, ..., n} do
3 for j ∈ {1, ...,m} do
4 if ζi[ j] = 1 and α[ j] = 0 then
5 α[ j] = i

// Conflict resolution
6 compared = ∅
7 satisi := {p | ζi[p] = 1}
8 for j ∈ {1, ...,m} do
9 if ζi[ j] = 1 and α[ j] , i then

10 k = α[ j]
11 if k < compared then
12 assignedi := {p | α[p] = i}
13 assignedk := {p | α[p] = k}
14 con f licts := satisi ∩ assignedk

15 α := UPDATE ASSIGNMENT(assigni, assignk,
satisi, con f licts,Γi,Γk)

16 compared = compared ∪ {k}

A.6.1 Simulation of Robot Behavior

For the example in A.4.1, the final task allocation assignment is α = [1, 1, 2],

meaning that Robot 1 is tasked to complete the first two sub-tasks (Eq. A.1,

A.2), and Robot 2 is tasked to complete the third sub-task (Eq. A.3). Fig. A.3

shows the updated behavior of Robot 1 after being assigned, mid-execution, the

new sub-tasks. For reference, its current task is to scan first in room 4 and then

scan in room 1 (Eq. A.7). Observe that the robot interleaves the current and new

tasks rather than performing them sequentially - before completing its current

task by scanning in room 1, it performs part of the new task by picking up a box

in room 2.
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Figure A.3: Updated behavior for Robot 1. The robot starts in room 2, and its
original trajectory for the current task is drawn in orange. It receives the new
task at the star and updates its behavior based on the sub-tasks it assigned itself.
The new behavior is shown in blue. The icons indicate the actions the robot
takes.

A.6.2 Task Allocation Performance

We compare our token-based allocation scheme with the optimal algorithm,

which produces the task assignment with the minimum cost by checking
(

n
m

)
different assignments. We show the cost of the behavior of the final assignment

and the computation time of the two algorithms.

We varied the number of robots from 1 to 20 with 10 fixed new sub-tasks (Fig.

A.4). Similarly, we varied the number of new sub-tasks from 1 to 8 with 5 robots

(Fig. A.5). For each of these scenarios, we ran 30 simulations, randomizing the

robots’ capabilities and current tasks each time. The simulations ran on a 2.5

GHz quad-core Intel Core i7 CPU.

In both cases, the optimal algorithm’s computation time grows exponen-

tially. The computation time of our task allocation algorithm grows much

slower while also maintaining little to no sub-optimality in the final allocation

results.
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Figure A.4: Comparison of overall cost (a) and computation time (b) between
our algorithm and the optimal algorithm when varying the number of robots.
The error bars represent the min/max values of the simulations.

48



Figure A.5: Comparison of computation time (a) and cost (b) between our algo-
rithm and the optimal algorithm when varying the number of new tasks. The
error bars represent the min/max values of the simulations.
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A.7 Conclusion

We present an approach for robots to automatically distribute a new task while

still satisfying their current tasks. Each robot determines if it can satisfy both its

current task and the new sub-tasks and resynthesizes its behavior accordingly.

We provide a heuristic token-based task distribution algorithm to determine the

final task assignment for the new task. The algorithm is scalable and provides a

near-optimal assignment that minimizes overall cost.

In future work, we will consider new tasks that are reactive, which will re-

quire robots to be able to adapt their behavior at runtime, and a method to

model the dynamic and possibly adversarial environment. We also plan to in-

troduce new tasks that require collaboration between robots, which will add

complexity to both the synthesis of new behaviors and the allocation of tasks.
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APPENDIX B

HIGH-LEVEL, COLLABORATIVE TASK PLANNING GRAMMAR AND

EXECUTION FOR HETEROGENEOUS AGENTS

B.1 Introduction

Agents working together to achieve common goals have a variety of applica-

tions, such as warehouse automation or disaster response. Multi-agent tasks

have been defined in different ways in the scheduling and planning literature.

For example, in multi-agent task allocation [38, 52, 60] and coalition forma-

tion [67, 115], each task is a single goal with an associated utility. Individual

agents or agent teams then automatically assign themselves to a task based on

some optimization metric. Swarm approaches [90, 105] consider emergent be-

havior of an agent collective as the task, for example, aggregation or shape for-

mation.

Recently, formal methods, such as temporal logics for task specifications and

correct-by-construction synthesis, have been used to solve different types of

multi-agent planning tasks [18, 89, 101]. Tasks written in temporal logic, such

as Linear Temporal Logic (LTL), allow users to capture complex tasks with tem-

poral constraints. Existing work has extended LTL [73, 86] and Signal Temporal

Logic [64] to encode tasks that require multiple agents.

In this paper, we consider tasks that a team of heterogeneous agents are

required to collaboratively satisfy. For instance, consider a precision agricul-

ture scenario in which a farm contains agents with different on-board sensors

to monitor crop health. The user may want to take a moisture measurement
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in one region, and then take a soil sample of a different region. Depending on

the agents’ sensors and sensing range, the agents may decide to collaborate to

satisfy the task. For example, one agent may perform the entire task on its own

if it has both a moisture sensor and an arm mechanism to pick up a soil sample

and can move between the two regions. However, another possible solution is

for two agents to team up so that one takes a moisture measurement and the

other picks up the soil. Existing task grammars [64, 73, 86] capture tasks such

as the above by providing explicit constraints on the types or number of agents

for each part of the task, i.e. the task must explicitly encode whether it should

be one agent, two agents, or either of these options. In this paper, we create a

task grammar and associated control synthesis that removes the need to a priori

decide on the number of agents necessary to accomplish a task, allowing users

to focus solely on the actions required to achieve the task (e.g. “take a mois-

ture measurement and then pick up a soil sample, irrespective of which or how

many agents perform which actions”).

Our task grammar has several unique aspects. First, this grammar enables

the interleaving of agent actions, alleviating the need for explicit task decom-

position in order to assign agents to parts of the task. Second, rather than pro-

viding explicit constraints on the types or number of agents for each part of the

task, the task encodes, using the concept of bindings (inspired by [73]), the over-

all relationship between agent assignments and team behavior; we can require

certain parts of the task to be satisfied by the same agent without assigning

the exact agent or type of agent a priori. Lastly, the grammar allows users to

make the distinction between the requirements “for all agents” and “at least

one agent”. Given these types of tasks, agents autonomously determine, based

on their capabilities, which parts of the task they can and should do for the team
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to satisfy the task.

Tasks may require collaboration between different agents. Similar to [19,

57, 100], to ensure the actions are performed in the correct order, our frame-

work takes the corresponding synchronization constraints into account while

synthesizing agent behavior; agents must wait to execute the actions together.

In our approach, execution of the synchronous behavior for each agent is decen-

tralized; agents carry out their plan and communicate with one another when

synchronization is necessary.

Depending on the task and the available agents, there might be different

teams (i.e., subsets of the agent set) that can carry out the task; our algorithm

for assigning a team and synthesizing behavior for the agents finds the largest

team of agents that satisfies the task. This means that the team may have redun-

dancies, i.e. agents can be removed while still ensuring the overall task is satis-

fied. This is beneficial both for robustness and optimality; the user can choose a

subset of the team (provided that all the required bindings are still assigned) to

optimize different metrics, such as cost or overall number of agents.

Related work: One way to encode tasks is to first decompose them into in-

dependent sub-tasks and then allocate them to the agents. For example, [33, 89]

address finite-horizon tasks for multi-agent teams. The authors first automat-

ically decompose a global automaton representing the task into independent

sub-tasks. To synthesize control policies, the authors build product automata

for each heterogeneous agent. Each automaton is then sequentially linked using

switch transitions to reduce state-space explosion in synthesizing parallel plans.

In our prior work [30], we address infinite-horizon tasks that have already been

decomposed into sub-tasks. Given a new task, we proposed a decentralized
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framework for agents to automatically update their behavior based on a new

task and their existing tasks, allowing agents to interleave the tasks.

The works discussed above make the critical assumption that tasks are in-

dependent, i.e. agents do not collaborate with one another. One approach to

including collaborative actions is to explicitly encode the agent assignments

in the tasks. To synthesize agent control for these types of tasks, in [100], the

authors construct a reduced product automaton in which the agents only syn-

chronize when cooperative actions are required. The work in [56] proposes a

sampling-based method that approximates the product automaton of the team

by building trees incrementally while maintaining probabilistic completeness.

In this paper, we consider the more general setting in which agents may need to

collaborate with each other, but are not given explicit task assignments a priori.

Rather than providing predetermined task assignments, another approach

for defining collaborative tasks is to capture information about the number

and type of agents needed for parts of the specification. For example, [86] im-

poses constraints on the number of agents necessary in regions using counting

LTL. [64] uses Capability Temporal Logic to encode both the number and ca-

pabilities necessary in certain abstracted locations in the environment and then

formulates the problem as a MILP to find an optimal teaming strategy. The au-

thors of [73] introduce the concept of induced propositions, where each atomic

proposition not only encodes information about the number, type of agents, and

target regions, but also has a connector that binds the truth of certain atomic

propositions together. To synthesize behavior for the agents, they propose a

hierarchical approach that first constructs the automaton representing the task

and then decomposes the task into possible sub-tasks. The temporal order of
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these sub-tasks is captured using partially ordered sets and are used in the task

allocation problem, which is formulated as a MILP.

Inspired by [73] and the concept of induced propositions, we create a task

grammar that includes information about how the atomic propositions are re-

lated to one another, which represents the overall relationship between agents

and task requirements. Unlike [73], which considers navigation tasks in which

the same set of agents of a certain type may need to visit different regions, we

generalize these tasks to any type of abstract action an agent may be able to

perform. In addition, a key assumption we relax is that we do not require each

agent to be only categorized as one type. As a result, agents can have overlap-

ping capabilities. To our knowledge, no other grammars have been proposed

for these generalized types of multi-agent collaborative tasks.

Contributions: We propose a task description and control synthesis frame-

work for heterogeneous agents to satisfy collaborative tasks. Specifically, we

present a new, LTL-based task grammar for the formulation of collaborative

tasks, and provide a framework to form a team of agents and synthesize con-

trol and synchronization policies to guarantee the team satisfies the task. We

demonstrate our approach in simulated precision agriculture scenarios.
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B.2 Preliminaries

B.2.1 Linear Temporal Logic

LTL formulas are defined over a set of atomic propositions AP, where π ∈ AP

are Boolean variables [29]. We abstract agent actions as atomic propositions. For

example, UV captures an agent taking UV measurement.

Syntax: An LTL formula is defined as:

φ ::= π | ¬φ | φ ∨ φ | ⃝ φ | φU φ

where ¬ (“not”) and ∨ (“or”) are Boolean operators, and⃝ (“next”) andU (“un-

til”) are temporal operators. From these operators, we can define: conjunction

φ ∧ φ, implication φ⇒ φ, eventually ^φ = TrueU φ, and always □φ = ¬^¬φ.

Semantics: The semantics of an LTL formula φ are defined over an infinite

trace σ = σ(0)σ(1)σ(2)..., where σ(i) is the set of true AP at position i. We denote

that σ satisfies LTL formula φ as σ |= φ.

Intuitively, ^φ is satisfied if there exists a σ(i) in which φ is true. □φ is satis-

fied if φ is true at every position in σ. To satisfy φ1 U φ2, φ1 must remain true

until φ2 becomes true. See [29] for the full semantics.

B.2.2 Büchi Automata

An LTL formula φ can be translated into a Nondeterministic Büchi Automaton

that accepts infinite traces if and only if they satisfy φ. A Büchi automaton is a
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tuple B = (Z, z0,ΣB, δB, F), where Z is the set of states, z0 ∈ Z is the initial state,

ΣB is the input alphabet, δB : Z × ΣB × Z is the transition relation, and F ⊆ Z is a

set of accepting states. An infinite run of B over a word w = w1w2w3..., wi ∈ ΣB

is an infinite sequence of states z = z0z1z2... such that (zi−1,wi, zi) ∈ δB. A run is

accepting if and only if Inf(z) ∩ F , ∅, where Inf(z) is the set of states that appear

in z infinitely often [4].

B.2.3 Agent Model

Following [30], we create an abstract model for each agent based on its set of

capabilities. A capability is a weighted transition system λ = (S , s0, AP,∆, L,W),

where S is a finite set of states, s0 ∈ S is the initial state, AP is the set of atomic

propositions, ∆ ⊆ S × S is a transition relation where for all s ∈ S , ∃s′ ∈ S

such that (s, s′) ∈ ∆, L : S → 2AP is the labeling function such that L(s) is the

set of propositions that are true in state s, and W : ∆ → R≥0 is the cost func-

tion assigning a weight to each transition. Since we are considering a group of

heterogeneous agents, agent j has its own set of k capabilities Λ j = {λ1, ..., λk}.

An agent model A j is the product of its capabilities: A j = λ1 × ... × λk such

that A j = (S , s0, AP j, γ, L,W), where S = S 1 × ... × S k is the set of states, s0 ∈ S

is the initial state, AP j =
⋃k

i=1 APi is the set of propositions, γ ⊆ S × S is the

transition relation such that (s, s′) ∈ γ, where s = (s1, ..., sk), s′ = (s′1, ..., s
′
k), if and

only if for all i = {1, ..., k}, (si, s′i) ∈ ∆i, L : S → 2AP j is the labeling function where

L(s) =
⋃k

i=1 Li(si), and W : γ → R≥0 is the cost function that combines the costs

of the capabilities. Fig. B.1c depicts a snippet of an agent model where we treat

the cost as additive. Fig. B.1a represents the agent’s sensing area λarea; the agent
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Figure B.1: Agent partial model: (a) λarea (b) λarm (c) Agreen

can orient its sensors to take measurements in different regions of a partitioned

workspace (in this case, regions A and B). Fig. B.1b represents the agent’s robot

manipulator, which can pick up and drop off soil samples, as well as pull weeds.

B.3 Task Grammar - LTLψ

We define the task grammar LTLψ that includes atomic propositions that ab-

stract agent action, logical and temporal operators, as in LTL, and bindings that

connect actions to specific agents; any action labeled with the same binding

must be satisfied by the same agent(s) (the actual value of the binding is not
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important). We define a task recursively over LTL and binding formulas.

ψ := ρ | ψ1 ∨ ψ2 | ψ1 ∧ ψ2 (B.1)

φ := π | ¬φ | φ ∨ φ | ⃝ φ | φU φ (B.2)

φψ := φψ | ¬(φψ) |φψ1
1 ∧φ

ψ2
2 |φ

ψ1
1 ∨φ

ψ2
2 |⃝φ

ψ | φ
ψ1
1 Uφ

ψ2
2 | □φ

ψ (B.3)

where ψ, the binding formula, is a Boolean formula excluding negation over

ρ ∈ APψ, and φ is an LTL formula. An LTLψ formula consists of conjunction,

disjunction, and temporal operators; we define eventually as ^φψ = TrueU φψ.

An example of an LTLψ formula is shown in Eq. B.4.

Semantics: The semantics of an LTLψ formula φψ are defined over σ and

R; σ = σ1σ2...σn is the team trace where σ j is agent j’s trace, and ∀i, σ(i) =

σ1(i)σ2(i)...σn(i). R = {r1, r2, ..., rn} is the set of binding assignments, where r j ∈ R

is the set of APψ that are assigned to agent j. Once a team is established, R is

constant, i.e. an agent’s binding assignment does not change throughout the

task execution. For example, r1 = {2, 3}, r2 = {1} denotes that agent 1 is assigned

bindings 2 and 3, and agent 2 is assigned binding 1.

Given n agents and a set of binding propositions APψ, we define the function

ζ : ψ→ 22APψ such that ζ(ψ) is the set of all possible combinations of ρ that satisfy

ψ. For example, ζ
(
(1 ∨ 2) ∧ 3

)
= {{1, 3}, {2, 3}, {1, 2, 3}}.

The semantics of LTLψare:

• (σ(i),R) |= φψ iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp) and (∀ j s.t. K ∩ r j , ∅, σ j(i) |= φ)

• (σ(i),R) |= (¬φ)ψ iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp) and (∀ j s.t. K∩r j , ∅, σ j(i) ̸|= φ)

• (σ(i),R) |= ¬(φψ) iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp) and (∃ j s.t. K∩r j , ∅, σ j(i) ̸|= φ)
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• (σ(i),R)|=φψ1
1 ∧ φ

ψ2
2 iff (σ(i),R)|=φψ1

1 and (σ(i),R) |=φψ2
2

• (σ(i),R) |=φψ1
1 ∨φ

ψ2
2 iff (σ(i),R) |=φψ1

1 or (σ(i),R) |= φψ2
2

• (σ(i),R) |= ⃝φψ iff σ(i + 1),R |= φψ

• (σ(i),R) |= φψ1
1 Uφ

ψ2
2 iff ∃ℓ ≥ i s.t. (σ(ℓ),R) |= φψ2

2 and ∀i ≤ k < ℓ, (σ(k),R) |= φψ1
1

• (σ(i),R) |= □φψ iff ∀ℓ > i, (σ(ℓ),R) |= φψ

Intuitively, the behavior of an agent team and their respective binding as-

signments satisfy φψ if there exists a possible binding assignment in ζ(ψ) in

which all the bindings are assigned to (at least one) agent, and the behavior

of all agents with a relevant binding assignment satisfy φ. An agent can be as-

signed more than one binding, and a binding can be assigned to more than one

agent.

Remark 1. For the sake of clarity in notation, ¬φψ is equivalent to (¬φ)ψ. For example,

¬pickup1 ≜ (¬pickup)1.

Remark 2. Note the subtle but important difference between (¬φ)ψ and ¬(φψ). Infor-

mally, the former requires all agents with binding assignments that satisfy ψ to satisfy

¬φ; the latter requires the formula φψ to be violated, meaning that at least one agent’s

trace violates φ, i.e. satisfies ¬φ.

Remark 3. Unique to LTLψis the ability to encode both tasks that include constraints

on all agents or on at least one agent; “For all agents” is captured by φψ; “at least one

agent” is encoded as ¬((¬φ)ψ), which captures “at least one agent assigned a binding in

K ∈ ζ(ψ) satisfies φ”. This allows for multiple agents to be assigned the same binding,

but only one of those agents is necessary to satisfy φ. This can be particularly useful

in tasks with safety constraints; for example, we can write ¬(¬region1
A) ⇒ (regionA ∧

visual)2, which says “if any agent assigned binding 1 is in region A, all agents assigned

binding 2 must take a picture of the region.”
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Example. Let APψ = {1, 2, 3}, APφ = {regionA, regionB, pickup,

thermal, visual,moisture,UV}, and φψ = φ
ψ
1 ∧ φ

ψ
2 , where

φ
ψ
1 =^((regionB∧moisture∧UV)2∧3∧(regionA∧pickup)1) (B.4a)

φ
ψ
2 = ¬pickup1 U (regionA

∧ ((thermal ∨ visual) ∧ ¬(thermal ∧ visual)))2 (B.4b)

φ
ψ
1 captures “Agent(s) assigned bindings 2 and 3 must take a moisture and

UV measurement in region B at the same time that agent(s) assigned binding 1

picks up a soil sample in region A.” φψ2 says “Before the soil sample is picked

up, agent(s) assigned binding 2 must take a thermal or a visual image (but not

both) of region A.”

Since multiple bindings can be assigned to the same agent, an agent can

be assigned both bindings 2 and 3, provided it has the capabilities to satisfy

the corresponding parts of the formula. In addition, depending on the final

assignments, the agents may need to synchronize with one another to perform

parts of the task. For example, to satisfy φψ1 , agents assigned with any subset of

bindings {1, 2, 3} need to synchronize their respective actions.

B.4 Control Synthesis for LTLψ

Problem statement: Given n heterogeneous agents A = {A1, ..., An} and a task φψ

in LTLψ, find a team of agents Â ⊆ A, their binding assignments RÂ, and synthe-

size behavior σ j for each agent such that (σ(0),RÂ) |= φψ. This behavior includes

synchronization constraints for agents to satisfy the necessary collaborative ac-

tions. We assume that each agent is able to wait in any state (i.e. every state in
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the agent model has a self-transition).

Example. Consider a group of four agents A = {Agreen, Ablue, Aorange, Apink} in a

precision agriculture environment composed of 5 regions, as illustrated in Fig.

B.2. Aorange is a mobile robot manipulator, such as Harvest Automation’s HV-

100, while the other agents are stationary with different onboard sensing capa-

bilities. The set of all capabilities is Λ = {λarea j,λmotion, λarm, λUV , λmoisture, λvisual,

λthermal}, where ∀ j = {green, blue, pink}, λarea j is agent j’s sensing area model. The

green agent can orient its arm to reach either region A or B. The blue agent

can orient its sensors to see one of three regions, B, C, or D; in order to reori-

ent its sensors from regions B to D, its sensing range must first pass through

region C. Similarly, the pink agent can orient its sensors to see either region A,

B, or C, and its sensing range must pass through region B to get from regions

A to C. The orange agent’s ability to move between adjacent regions is repre-

sented by the capability λmotion. Its sensing region is whichever region it is in.

AParm = {pickup, dropoff, weed} is an abstraction of a robot manipulator that rep-

resents different actions the arm can perform, such as picking up soil samples or

pulling weeds. APUV , APmoisture, APvisual, APthermal all contain a single proposition

representing a agent’s ability to take UV measurements, soil moisture measure-

ments, visual images, and thermal images, respectively. λarm has more states

(see Fig. B.1b). Each agent may have distinct cost functions corresponding to

individual capabilities.

The agent capabilities and label on the initial state are:

Λgreen = {λarea 1, λarm}, L(s0) = {regionB}

Λblue = {λarea 2, λmoisture, λUV}, L(s0) = {regionD}

Λorange = {λmotion, λmoisture, λUV , λarm}, L(s0) = {regionE}
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Figure B.2: Agriculture environment and initial agent states. The green, blue,
and pink agents are stationary; the orientation of their sensors are indicated by
the colored boxes.

Λpink = {λarea 4, λthermal, λvisual, λmoisture, λUV}, L(s0) = {regionC}

The team receives the task (Eq. B.4) and must determine a teaming assignment

and behavior to satisfy the task. During execution, the agents must also syn-

chronize with each other when necessary.

B.5 Approach

To find a teaming assignment and synthesize the corresponding synchroniza-

tion and control, we first automatically generate a Büchi automaton B for the

task φψ (Sec. B.5.1). Each agent A j then constructs a product automaton

G j = A j × B (Sec. B.5.2). For each binding ρ ∈ APψ, it checks whether or not

it can perform the task associated with that binding by finding a path to an ac-

cepting cycle in G j. Each agent creates a copy of the Büchi automaton B j pruned

to remove any unreachable transitions and stores information about which com-
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binations of binding assignments it can do.

For parts of the task that require collaboration (e.g., when a transition calls

for actions with bindings {1, 2} and rgreen = {1, 2}, rblue = {2}), we need agents

to synchronize. Thus, we synthesize behavior that allows for parallel execu-

tion while also guaranteeing that the team’s overall behavior satisfies the global

specification.

To find a team of agents that can satisfy the task and their assignments, we

need to guarantee that 1) every binding is assigned to at least one agent and 2)

the agents synchronize for the collaborative portions of the task. To do so, we

first run a depth-first search (DFS) to find a path through the B to an accepting

cycle in which there exists a team of agents such that for every transition in the

path, every proposition in APψ is assigned to at least one agent (Sec. B.5.4). Each

agent then synthesizes behavior to satisfy this path and communicates to other

agents when synchronization is necessary.

B.5.1 Büchi Automaton for an LTLψ Formula

When constructing a Büchi automaton for an LTLψ specification, we au-

tomatically rewrite the specification such that the binding propositions are

only over individual atomic proposition π ∈ APφ (i.e. the formula is com-

posed of πρ). For instance, the formula (¬pickup U regionA)1∨2 is rewritten as

(¬pickup1 U region1
A) ∨ (¬pickup2 U region2

A).
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In our running example, we rewrite the formula in Eq. B.4a as

^(region2
B ∧ moisture2 ∧ UV2 (B.5)

∧ region3
B ∧ moisture3 ∧ UV3 ∧ region1

A ∧ pickup1)

Remark 4. In rewriting the specification, negation follows bindings in the order of

operations. For example, ¬pickup1∧2 = ¬pickup1 ∧ ¬pickup2, and ¬(pickup1∧2) =

¬(pickup1 ∧ pickup2) = ¬(pickup1) ∨ ¬(pickup2).

From APφ and APψ, we define the set of propositions APψ
φ, where ∀π ∈ APφ

and ∀ρ ∈ APψ, πρ ∈ APψ
φ. Given APψ

φ, we automatically translate the specification

into a Büchi automaton using Spot [28].

To facilitate control synthesis, we transform any transitions in the Büchi au-

tomaton labeled with disjunctive formulas into disjunctive normal form (DNF).

We then replace the transition labeled with a DNF formula containing ℓ con-

junctive clauses with ℓ transitions between the same states, each labeled with a

different conjunction of the original label.

In general, when creating a Büchi automaton from an LTL formula φ, w ∈ ΣB

are Boolean formulas over APφ, the atomic propositions that appear in φ, as

seen in Fig. B.3. In the following, for creating the product automaton, we use

an equivalent representation, where ΣB = 2APψφ × 2APψφ and w = (σT , σF) ∈ ΣB

contains the set of propositions that must be true, σT , and the set of propositions

that must be false, σF , for the Boolean formula over a transition to evaluate to

True. These sets are unique in our case since each transition is labeled with a

conjunctive clause (i.e. no disjunction). Note that σT ∩σF = ∅ and σT ∪σF ⊆ APφ;

propositions that do not appear in w can have any truth value.

Given a Büchi automaton for an LTLψ specification B, we define the follow-
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Figure B.3: B for φψ (Eq. B.4). The purple transitions illustrate a possible accept-
ing trace.

ing functions:

Definition 1 (Binding Function). B : ΣB → 2APψ such that for σ= (σT , σF) ∈

ΣB,B(σ) ⊆ APψ is the set {ρ ∈ APψ | ∃π
ρ ∈ σT ∪ σF}.

Intuitively, it is the set of bindings that appear in labelσ of a Büchi transition.

Definition 2 (Capability Function). C : ΣB × APψ → 2APφ × 2APφ such that for

σ = (σT , σF) ∈ ΣB, ρ ∈ APψ, C(σ, ρ) = (CT ,CF), where CT = {π ∈ APφ | ∃π
ρ ∈ σT } and

CF = {π ∈ APφ | ∃π
ρ ∈ σF}.

Here, CT and CF are the sets of action propositions that are True/False and

appear with binding ρ in label σ of a Büchi transition.
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B.5.2 Agent Behavior for an LTLψ Specification

To synthesize behavior for an agent, we find an accepting trace in its product

automaton G j = A j × B, where A j = (S , s0, AP j, γ, L,W) is the agent model, and

B = (Z, z0,ΣB, δB, F) is the Büchi automaton.

Since the set of propositions of A j may not be equivalent to the set of propo-

sitions of B, we borrow from the definition of the product automaton in [30].

We first define the following function:

Definition 3 (Binding Assignment Function). Let q = (s, z), q′ = (s′, z′), σ =

(σT , σF) ∈ ΣB. Then R(q, σ, q′) = {r ∈ 2APψ \ ∅ | ∀ρ ∈ r, (CT ,CF) = C(σ, ρ),
⋃

ρ∈r CT ⊆

L(s′) and
⋃

ρ∈r CF ∩ L(s′) = ∅}.

Intuitively, R outputs all possible combinations of binding propositions that

the agent can be assigned for a transition (q, σ, q′). An agent can be assigned

ρ if and only if the agent’s next state s′ is labeled with all the action and mo-

tion propositions π ∈ APφ that appear in σT as πρ, and all the propositions

π ∈ APφ that appear in σF as πρ are not part of the state label (i.e. the agent

is not performing that action). If a proposition πρ is in σF and π is not in AP j

(e.g. scan1 ∈ σF and the agent does not have λscan), the agent may be assigned

ρ. Note that r may include any binding propositions that are not in σ, since

there are no actions required by those bindings in that transition. For example,

if σ = ({scan1}, {pickup2}) and APψ = {1, 2, 3}, then {3} will be in the set R(q, σ, q′)

for all q, q′.

Given A j and B, we define the product automaton G j = A j × B:

Definition 4 (Product Automaton). The product automaton G j = (Q,q0, AP j, δG,

LG, WG, FG), where
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• Q = S × Z is a finite set of states

• q0 = (s0, z0) ∈ Q is the initial state

• δG ⊆ Q × Q is the transition relation, where for q = (s, z) and q′ = (s′, z′),

(q, q′) ∈ δG if and only if (s, s′) ∈ γ and ∃σ ∈ ΣB such that (z, σ, z′) ∈ δB and

R(q, σ, q′) , ∅

• LG is the labeling function s.t. for q = (s, z), LG(q)=L(s)⊆AP j

• WG : δG → R≥0 is the cost function s.t. for (q, q′) ∈ δG, q = (s, z), q′ = (s′, z′),

WG((q, q′)) = W((s, s′))

• FG = S × F is the set of accepting states

Example. Fig. B.4 depicts a small portion of Ggreen; for the self-transition in B

that is labeled with σ = (∅, {pickup1, region2
A}) (labeled as e1 in Fig. B.3), and for

states in Agreen where L(s1) = {regionB}, L(s2) = {regionA}, L(s3) = {regionA, pickup},

then the possible binding assignments are R((s1, 1), σ, (s1, 2)) = 2{1,2,3} \ ∅ and

R((s1, 1), σ, (s2, 2)) = {{1}, {3}, {1, 3}}. When the agent is in s3, it cannot be assigned

either bindings 1 or 2, but since no propositions appear with binding 3 in σ,

R((s1, 1), σ, (s3, 2)) = {{3}}.

Figure B.4: A small portion of Ggreen
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B.5.3 Finding Possible Individual Agent Bindings

To construct a team, we first reason about each agent and the sets of bindings

it can perform. For example, for a formula region1
A ∧ region2

B, an agent may be

assigned r j = {1} or r j = {2} but not r j = {1, 2}, since it cannot be in two regions at

the same time.

To find the set of possible binding assignments R j ⊆ 2APψ , we search for an

accepting trace in G j for every binding assignment r j ∈ 2APψ . We start from the

full set of bindings r j = APψ. Given an assignment r j to check, we find an ac-

cepting trace in G j such that for all transitions (q, q′) in the trace, r j ⊆ R(q, σ, q′).

This ensures that the agent can satisfy its binding assignment for the entirety of

its execution (i.e. r j does not change). Since every subset of a binding assign-

ment r j is itself a possible binding assignment, if the agent can be assigned all

m = |APψ| bindings, then we know it can also be assigned every possible sub-

set of m. If not, we check the
(

m
m−1

)
combinations, and continue iterating until

we have determined the agent’s ability to perform every combination of the m

bindings.

Once an agent determines its possible binding assignments R j, it creates

the Büchi automaton B j by removing any transition in B that cannot be tra-

versed by any assignment in R j. In our example (Fig. B.3), each agent can

be assigned at least one binding over every transition in B. Thus, ∀ j ∈

{green, blue, orange, pink},B j = B.
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B.5.4 Agent Team Assignment

A team of agents can perform the task if 1) all the bindings are assigned, with

each agent maintaining the same binding assignment for the entirety of the task,

and 2) the agents satisfy synchronization requirements. For a viable team, the

agents’ control follows the same path in the Büchi automaton B to an accepting

cycle. We perform DFS over B to find an accepting trace (Alg. 4), where each

tuple in stack contains the current edge (z, σ, z′), the current team of agents RÂ,

and the path traversed so far βÂ.

We initialize the team with all agents A j and all possible binding assignments

R j, and each path βÂ starts from state z0 ofB. When checking a transition (z, σ, z′),

we remove any agent j if ∀((s, z), (s′, z′)) ∈ δG j , there are no possible binding

assignments it can satisfy. This is done by checking each agent’s pruned Büchi

automaton B j in UPDATE TEAM (line 8). We want the agent’s behavior to satisfy

not only the current transition, but also the entire path with a consistent binding

assignment. Thus, we update possible bindings (UPDATE BINDINGS, lines 9-14).

To guarantee the overall team behavior, we need to ensure agents are able to

“wait in a state” before they synchronize, as they may reach states at different

times. This means that each state in the trace must have a corresponding self-

transition. Thus, for every (z, σ, z′) that we add to the path in which z , z′, the

next edge to traverse must be a self-transition from z′ to itself; the same holds

vice-versa. In line 21, we check if the current transition is self-looping or not,

and add subsequent transitions into the stack accordingly. If there is no self-

transition on z′ (i.e. (z′, σ, z′) < δB), then we do not consider z′ to be valid and do

not add it to the path.
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Once we find a valid path to an accepting cycle, we parse it into β, the

path without self-transitions, and δsel f , which contains the corresponding self-

transition for each state in the path. Fig. B.3 shows a valid path in B

for the example in Sec. B.4 and the corresponding team assignment Â =

{Agreen, Ablue, Aorange, Apink} and bindings rgreen = {1}, rblue = {3}, rorange = {1}, rpink =

{2, 3}. Note that we find a valid path rather than a globally optimal one. How-

ever, the algorithm is complete; it will find a feasible path if one exists.

Algorithm 4: Find Accepting Trace for Agent Team
Input : A = {A1, A2, ..., An}, R = {R1,R2, ...,Rn}, B, {B1,B2...,Bn}

Output: β, δsel f , Â ⊆ A, RÂ
1 stack = ∅, visited = ∅
2 for e ∈ {(z, σ, z′) ∈ δB | z = z0} do
3 stack = stack ∪ {(e,R, [e])}
4 while stack , ∅ do
5 ((z, σ, z′),RÂ, βÂ) = stack.pop()
6 if (z, σ, z′) < visited then
7 visited = visited ∪ (z, σ, z′)
8 RÂ = UPDATE TEAM((z, σ, z′), {B1, ...,Bn})
9 for R j ∈ RÂ do

10 R′j = UPDATE BINDINGS(R j, (z, σ, z′))
11 if R′j = ∅ then
12 RÂ = RÂ \ R j

13 else
14 RÂ = (RÂ \ R j) ∪ R′j
15 if

⋃
j(R j ∈ RÂ) = APψ then

16 if z′ ∈ F then
17 β, δsel f = PARSE PATH(βÂ)
18 return β, δsel f ,RÂ

19 E = {(z′, σ′, z′′) ∈ δB}
20 for (z′, σ′, z′′) ∈ E do
21 if (z = z′ and z′ , z′′) or (z , z′ and z′ = z′′) then
22 stack = stack ∪ {

(
(z′, σ′, z′′),RÂ, [βÂ (z′, σ′, z′′)]

)
}
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B.5.5 Synthesis and Execution of Control and Synchronization

Policies

Given an accepting trace β throughB and the corresponding self-transitions δsel f

that are valid for all agents in RÂ, we synthesize control and synchronization for

each agent such that the overall team execution satisfies β (Alg. 5). For each

transition (z, σ, z′) in β, we find R, which contains the binding assignments of

all agents that require synchronization at state z′. Agent j participates in the

synchronization step if r j contains a binding ρ that is required by σ and is not

the only agent assigned bindings from σ (line 3).

Subsequently, agent j finds an accepting trace in G j that reaches z′ with min-

imum cost, following self-transitions stored in δsel f if necessary. As it executes

this behavior, it communicates with other agents the tuple p, which contains 1)

its ID, 2) the state z′ it is currently going to, and 3) if it is ready for synchro-

nization (line 8). If no synchronization is required (line 3), the agent can simply

execute the behavior. Otherwise, to guarantee that the behavior does not vio-

late the requirements of the task, the agent executes the synthesized behavior

up until the penultimate state, zwait.

When the agent reaches zwait, it signals to other agents that it is ready for syn-

chronization. Since all agents know the overall teaming assignment, the agent

continues to wait in state zwait until it receives a signal that all other agents in

R are ready (line 13). These agents then move to the next state in the behavior

simultaneously. Agent j continues synthesizing behavior through β until syn-

chronization is necessary again, and this process is repeated.
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Algorithm 5: Synthesize an Agent’s Behavior
Input : G j, r j, RÂ, β, δsel f

1 for (z, σ, z′) ∈ β do
2 b j = FIND BEHAVIOR(G j, r j, (z, σ, z′), δsel f )
3 R = {rk ∈ RÂ | rk ∩B(σ) , ∅} if r j < R or R = {r j} then
4 p = ()
5 EXECUTE(b j, p)
6 else
7 p = ( j, z′, 0), ℓ = length(b j)
8 EXECUTE(b j[1 : ℓ − 1], p)
9 zwait = b j[ℓ − 1], P = { j}

10 while
⋃

i∈P(ri ∈ R) , B(σ) do
11 p = ( j, z′, 1)
12 EXECUTE(zwait, p)
13 P = j ∪ {k | (k, z′, 1) ∈ RECEIVE()}
14 EXECUTE(b j[ℓ])

B.6 Results and Discussion

Fig. B.5 shows the final step of the synchronized behavior of the agents for

the example in Section B.4, where Â = {Agreen, Ablue, Aorange, Apink} with binding

assignments rgreen = {1}, rblue = {3}, rorange = {1}, rpink = {2, 3}. A simulation of the

full behavior is shown in the accompanying video1.

Optimizing teams: Our synthesis algorithm can be seen as a greatest fixpoint

computation, where we start with the full set of agents and remove those that

cannot contribute to the task. As a result, the team may have redundancies, i.e.

agents can be removed while still ensuring the overall task will be completed;

this may be beneficial for robustness. Furthermore, we can choose a sub-team to

optimize different metrics, as long as the agent bindings assignments still cover

all the required bindings. For example, minimizing the number of bindings per

agent could result in Â = {Agreen, Ablue, Apink}, rgreen = {1}, rblue = {3}, rpink = {2};

1https://youtu.be/Qx14xGza3Bg
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j r j cost j r j cost j r j cost j r j cost j r j cost
1 1 1.2 5 3 2.75 9 3 2.6 13 3 2.0 17 2,3 3.275
2 3 1.0 6 1 0.95 10 1 2.8 14 1 1.2 18 3 2.55
3 1 1.2 7 1 0.65 11 2,3 0.9 15 3 1.1 19 1 1.9
4 2,3 1.3 8 1 1.0 12 2,3 1.825 16 1 0.775 20 2,3 2.35

Table B.1: Example teaming assignment with 20 robots

minimizing the number of agents results in Â = {Agreen, Apink}, rgreen = {1}, rpink =

{2, 3}.

To illustrate other possible metrics, we consider a set of 20 agents and create

a team for the specification in Eq. B.4. Their final binding assignments and costs

are shown in Table B.1. Minimizing cost results in a team Â = {A7, A11}. Mini-

mizing cost while requiring each binding to be assigned to two agents results in

Â = {A4, A7, A11, A16}.

Figure B.5: The final step in the synchronized behavior of the agent team with
their corresponding actions.

Computational complexity: The control synthesis algorithm (Alg. 5) is agnostic

to the number of agents, since each agent determines its own possible bind-

ing assignments and behavior. For the team assignment (Alg. 4), we store the

current team and possible binding assignments as we build an accepting trace.

Thus, it has both a space and time complexity of O(|E| ∗ 2m ∗ n), where |E| is
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the number of edges in B, m is the number of bindings, and n is the number of

agents.

Fig. B.6a shows the computation time of the synthesis framework (Sec. B.5.2

– B.5.4) for simulated agent teams in which we vary the number of agents from

3 to 20, running 30 simulations for each set of agents and randomizing their ca-

pabilities. The task for each simulation is the example in Eq. B.4. We also ran

simulations in which we increase the number of bindings from 3 to 10 and ran-

domized the capabilities of 4 agents (Fig. B.6b). The variance in computation

time is a result of the randomized agent capabilities, which affects the compu-

tation time of possible binding assignments (Sec. B.5.3). All simulations ran on

a 2.5 GHz quad-core Intel Core i7 CPU.

Task expressivity: We compare LTLψ with other temporal logic approaches to

encode collaborative heterogeneous multi-agent tasks.

Standard LTL: One approach is to use LTL to express the task by enumerating

all possible assignments in the specification. In our example, Eq. B.4a would be

rewritten as:

φ
ψ
1=(^((regiong

B ∧ moisg ∧ UVg) ∧ (regionb
A ∧ pickupb)))

∨(^((regiong
B ∧ moisg ∧ UVg) ∧ (regiono

A ∧ pickupo))) ∨ ...

where each agent has its own unique set of AP, denoted here by each proposi-

tion’s superscript. As a result, the number of propositions increases exponen-

tially with the number of agents. The task complexity also increases, as the

specification must include all possible agent assignments. Another drawback

of using LTL for such tasks is that the specification is not generalizable to any

number of agents; it must be rewritten when the set of agents change.
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Figure B.6: Computation time as the number of agents (a) and bindings (b) in-
creases. The error bars show min/max values.

LTLχ: In [73], tasks are written in LTLχ, where proposition π
k,χ
i, j is true if at

least i agents of type j are in region k with binding χ. We can express φψ1 (Eq.

B.4a) of our example as ^(πregionB,2
1,mois ∧ π

regionB,2
1,UV ∧ π

regionB,3
1,mois ∧ π

regionB,3
1,UV ∧ π

regionA,1
1,arm ). The

truth value of πk,χ
i, j is not dependent on any particular action an agent might take.

LTLχ can be extended to action propositions, but since an agent can only be cate-

gorized as one type, each type of agent must have non-overlapping capabilities

(here, we have written the LTLχ formula such that each type of agent only has

one capability). In addition, φψ2 (Eq. B.4b) cannot be written in LTLχ because

the negation defined in our grammar cannot be expressed in LTLχ. On the other
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hand, the negative proposition ¬πk,χ
i, j from [73] is equivalent to “less than i agents

of type j are in region k”, which our logic cannot encode.

Capability Temporal Logic (CaTL): Tasks in CaTL [64] are constructed over

tasks T = (d, π, cpT ), where d is a time duration, π is a region, (ci,mi) ∈ cpT

denotes that at least mi agents with capability ci are required. Similar to our

grammar, CaTL allows agents to have multiple capabilities, but each task must

specify the number of agents required. Since it is an extension of STL, tasks

provide timing requirements, which our logic cannot encode. However, it does

not include the concept of binding assignments; in our example φψ1 (Eq. B.4a),

CaTL cannot express that the same agent that took a UV measurement must

also take a thermal image. Ignoring binding assignments and adding tim-

ing constraints, φψ1 (Eq. B.4a) can be rewritten in CaTL as ^[0,10)(T (0.1, regionB,

{(moisture, 2), (UV, 2)})∧ T (0.5, regionA, {(arm, 1)}). Each capability in CaTL is rep-

resented as a sensor and therefore cannot include more complex capabilities,

e.g. a robot arm that can perform several different actions. In addition, because

CaTL requires the formula to be in positive normal form (i.e. no negation), we

cannot express φψ2 (Eq. B.4b) in this grammar.

B.7 Conclusion

We define a new task grammar for heterogeneous teams of agents and develop

a framework to automatically assign the task to a (sub)team of agents and syn-

thesize correct-by-construction control policies to satisfy the task. We include

synchronization constraints to guarantee that the agents perform the necessary

collaborations.
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In the future, we plan to demonstrate the approach on physical systems

where we must ensure that the continuous execution satisfies all safety con-

straints. We will also explore different notions of optimality when finding a

teaming plan, and increase expressivity of the grammar to allow for reactive

tasks where agents modify their behavior at runtime in response to environ-

ment events.
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APPENDIX C

CONTINUOUS EXECUTION OF HIGH-LEVEL COLLABORATIVE TASKS

FOR HETEROGENEOUS ROBOT TEAMS

C.1 Introduction

This paper presents a framework to generate decentralized controllers and syn-

chronization signals, when needed, for a team of heterogeneous robots to sat-

isfy a collaborative task. We consider tasks in which the user requires specific

actions to be performed, but does not have requirements on the number or type

of robots needed to satisfy a task. For example, in a warehouse environment,

the user may want to move a pallet and then pick up a package from the pallet.

Depending on the number of available robots and their capabilities, the robots

may decide to collaborate to satisfy the task, or perform it by themselves. For

instance, there may be a mobile manipulator that can perform both actions on

its own, or, if it cannot handle a heavy pallet but there is a stationary manipula-

tor that can, the robots will team up so that one moves the pallet and then the

other picks up the package.

In our previous work [31], we introduced the logic LTLψ that allows us to

capture such tasks, and proposed a framework that transforms an LTLψ task to

high-level controllers. The logic uses bindings to allow users to specify the rela-

tionship between robots and parts of the task without providing explicit assign-

ments or constraints on the number of robots required. In [31], the synthesized

behavior assumes actions are discrete and treated as instantaneous. However,

in physical systems, robots may execute actions with varying duration, such as

picking up an object or navigating to an adjacent room. As a result, the syn-
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thesized behaviors may violate parts of the specification when executed by the

robots. For example, consider a task that requires a surveillance robot to mon-

itor a room only if other robots are present. In the symbolic controller, the two

robots can both be outside the room, then immediately be in the room in the

next step of their behavior. However, when the robots execute this desired be-

havior, it is extremely unlikely that they make the transition into the room at the

exact same time - any mismatch of timing will cause the task to fail.

In addition, under the instantaneous action assumption of [31], tasks of the

form “all robots must enter the room at the same time” and “at least one robot

must enter the room” can be solved by assuming all robots with that binding

move; however, under the varying action duration assumptions, tasks such as

“all robots must enter the room at the same time” are unrealistic and cannot be

synthesized. We modify the synthesis algorithms in [31] to explicitly look for

solutions of the form “at least one robot” when such specifications are given,

To address these issues, in this paper we define the semantics and synthe-

size symbolic correct-by-construction controllers for LTLψ tasks such that the

continuous-time behavior of the robots is still guaranteed to satisfy the specifi-

cation during execution.

C.1.1 Related Work

There is a wealth of literature in task assignment and scheduling for multi-robot

systems. Multi-robot task allocation problems are often treated as optimization

problems [69, 98, 99], such as the multiple traveling salesman problem [16] or

the vehicle routing problem [12]. To mitigate the challenges of finding an exact
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solution, common approximate methods are used to solve the problem, such as

learning algorithms, heuristics and meta-heuristics [81] [113], and contract net

protocols [47] [122]. Coalition formation algorithms allow robots to automati-

cally form teams to execute a task. Approaches include swarm algorithms [115]

and multi-stage coalition formation [71], where the authors provide a two-stage

approach to prune for a satisfying coalition.

The aforementioned approaches adopt a more generalized representation of

tasks that are agnostic to the specific characteristics of each task, with the pri-

mary objective being to map agents to tasks. Each task is abstracted with cer-

tain constraints associated with it, such as cost or number of agents required.

While these methods enable efficient task allocation algorithms, they do not ac-

count for the temporal dependencies and sequences of actions within the task

itself. For describing temporally extended tasks, temporal logics can be useful;

they allow users to rigorously define temporally extended tasks that may re-

quire complex action sequences and constraints. These logics define tasks with

symbolic abstractions of the given continuous system. For multi-robot systems,

existing work has extended Linear Temporal Logic (LTL) [18, 73, 86] and Signal

Temporal Logic (STL) [64] [40] to encode tasks that require multiple robots to

execute.

To ensure the satisfaction of multi-robot temporal logic specifications in con-

tinuous time, a common approach is to encode the task in STL, which allows

for discrete-time continuous signals. For example, in [13], the authors synthe-

size coordinated trajectories of a heterogeneous multi-robot team to satisfy a

global task written in STL. They also introduce integral predicates to provide a

quantitative metric for the cumulative progress of the tasks. The type of coordi-
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nation that can be encoded only includes accumulation (e.g. data collection), as

opposed to highly collaborative tasks that require strict synchronization. To ad-

dress strict synchronization constraints, the authors of [100] propose an event-

based synchronization approach in which robots execute local LTL specifica-

tions and send synchronization requests when needed. This removes the neces-

sity to synchronize at every discrete step, thus increasing efficiency. However,

this work assumes that each robot is assigned a local specification a priori, as

opposed to collectively satisfying a global task.

In [70], the authors address the problem of synthesizing controllers for a

multi-agent system by extending Capability Temporal Logic (CaTL), which is a

fragment of STL, to CaTL+. To ensure satisfiability, they encode two layers of

logic, one for individual trajectories and one for the team trajectory. The con-

trollers for each agent are then automatically synthesized by solving a central-

ized two-step optimization problem. For synchronization requirements, each

task includes a counting proposition to indicate the timesteps in which synchro-

nization must happen. The task explicitly encodes the number of capabilities

required for each part of the task. In our work, we use LTLψ to define multi-

agent tasks, which is an LTL-based grammar we first proposed in [31]. The

grammar allows users to define tasks based on actions required instead of the

number of agents/capabilities (e.g. “move the pallet and then pick up the pack-

age, irrespective of how many agents perform which actions”). In our work, we

provide guarantees about the satisfaction of continuous controllers while using

a discrete LTL-based logic. In this way, we can maintain the discrete abstraction

of actions without any information about their specific timings.

To take into account the fact that actions may have varying durations, the
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authors in [83] generate reactive hybrid controllers for LTL tasks such that the

continuous behavior of the robots are safe. The authors abstract actions with

timing constraints by using initiation and completion propositions, and add

constraints in the specification for activating these propositions. The specifica-

tion also includes constraints to ensure collision avoidance across robots. While

this approach accounts for collision avoidance, it does not consider collabora-

tive tasks and therefore also does not account for any necessary synchronization

constraints. [76] uses synchronization skeletons to coordinate a homogeneous

swarm of robots to collectively satisfy a task. The task contains both a macro

specification that describes the behavior of a group of robots, and a micro speci-

fication for individual robots to satisfy. To ensure the behavior satisfies the spec-

ification in the continuous space (i.e. when robots are between two regions), the

authors propose an iterative method of synthesizing labeled transition systems,

then removing unsafe transitions and adding safety formulas until a valid la-

beled transition system is found. Rather than an iterative synthesize-then-check

approach, our work aims to automatically abstract continuous actions and syn-

thesize symbolic controllers that are already correct-by-construction for contin-

uous execution.

Contributions: In this paper, we propose a framework for control synthesis for

continuous execution of collaborative tasks, where actions may take varying

duration of time to complete. Based on [31], we use LTLψto encode such tasks

and present a synthesis approach to automatically generate a teaming assign-

ment and corresponding symbolic behavior that is correct-by-construction dur-

ing continuous execution, while also ensuring synchronization requirements are

satisfied for collaborative portions of the task. We demonstrate our approach on

a physical multi-robot system.
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C.2 Preliminaries

C.2.1 Linear Temporal Logic

LTL formulas are constructed from atomic propositions AP, where π ∈ AP are

Boolean variables [29]. The atomic propositions represent an abstraction of

robot actions. For example, camera captures a robot taking a picture.

Syntax: We use the following syntax to define an LTL formula:

φ ::= π | ¬φ | φ ∨ φ | ⃝ φ | φU φ

where ¬ and ∨ are Boolean operators (“not” and “or”, respectively), and⃝ and

U (“next” and “until”, respectively) are temporal operators. Using these, we

can also define conjunction φ∧ φ, implication φ⇒ φ, eventually ^φ = TrueU φ,

and always □φ = ¬^¬φ.

Semantics: The semantics of an LTL formula φ are defined over an infinite

trace σ = σ(0)σ(1)σ(2)..., where σ(i) is the set of AP that are true at step i. We

use σ |= φ to denote that the trace σ satisfies LTL formula φ.

Intuitively,⃝φ is satisfied if φ is satisfied in the next step of the sequence; ^φ

is satisfied if φ is true at some step in the sequence; □φ is satisfied if φ is true

at every step in σ; φ1 U φ2 is satisfied if φ1 remains true until φ2 becomes true.

See [29] for the full semantics.
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C.2.2 Büchi Automata

An LTL formula φ can be translated into a Nondeterministic Büchi Automaton

that accepts infinite traces if and only if they satisfy φ. A Büchi automaton is a

tuple B = (Z, z0,ΣB, δB, F), where Z is the set of states, z0 ∈ Z is the initial state,

ΣB is the input alphabet, δB : Z × ΣB × Z is the transition relation, and F ⊆ Z is

a set of accepting states. An infinite run of B over a word σ = σ1σ2σ3... ∈ ΣB

is an infinite sequence of states z = z0z1z2... such that (zi−1, σi, zi) ∈ δB. A run is

accepting if and only if Inf(z) ∩ F , ∅, where Inf(z) is the set of states that appear

in z infinitely often [4].

C.3 Definitions

C.3.1 Actions

We categorize the actions the robots can execute into two types, instantaneous

and non-instantaneous. For example, the action of taking a picture is consid-

ered instantaneous; in contrast, the action of moving between rooms is non-

instantaneous.

Each action is abstracted as an atomic proposition (AP) π, and its correspond-

ing completion proposition, πc. π is true at σ(i) iff the action associated with π is

being executed at position i in the trace; πc ∈ AP is true at σ(i) iff the action asso-

ciated with π has been completed at position i in the trace. For example, roomA

indicates that the robot is currently moving towards room A; roomAc indicates

the robot has finished executing the action roomA and is currently in room A.
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The set of all AP is composed of the subsets APinst and APnon−inst, which are the

sets of propositions representing instantaneous actions and non-instantaneous

actions, respectively. Formally, an action is instantaneous iff T (π, πc) = 0, where

T is the timing function that outputs the amount of time it takes for the ac-

tion to be executed; thus, πc ∈ APinst. Similarly, an action is considered non-

instantaneous iff T (π, πc) , 0. For these types of actions, πc ∈ APnon−inst. For ex-

ample, for the action of beeping, T (beep, beepc) = 0 and therefore beepc ∈ APinst.

In contrast, T (roomA, roomAc) , 0 (i.e. moving into room A takes time), so

roomAc ∈ APnon−inst.

Note that, for synchronization purposes, we assume that robots can coordi-

nate such that they can execute an action simultaneously, so all π are in the set

of APinst. For example, roomAc ∈ APnon−inst but roomA ∈ APinst; beep, beepc ∈ APinst

(note that, for instantaneous actions, π and πc have equivalent meanings).

C.3.2 Robot Model

Based on our prior work [30], each robot j is modeled based on its set of ca-

pabilities, Λ j = {λ1, ..., λk}. Each capability is a weighted transition system

λ = (X, x0, AP,∆,L,W), where X is a finite set of states, x0 ∈ X is the initial state,

AP is the set of atomic propositions representing the actions the capability can

execute, ∆ ⊆ X × X is a transition relation, L : X → 2AP is the labeling function,

andW : ∆→ R≥0 is the cost function assigning a weight to each transition. The

cost function is predefined by the user and can represent execution time, power

usage, etc.

A robot model A j is the cross product of its capabilities: A j = λ1 × ... × λk
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such that A j = (S , s0, AP j, γ, L,W). S = X1 × ... × Xk is the set of states, s0 ∈ S

is the initial state, AP j =
⋃k

i=1 APi is the set of propositions, γ ⊆ S × S is the

transition relation, L : S → 2AP j is the labeling function, and W : γ → R≥0 is the

cost function (a function ofWi). More details on the full definition can be found

in [30]. See Fig. C.1 for an example of a robot model.

C.3.3 Task Grammar - LTLψ

We first introduced LTLψin [31]. In this work, because we are removing the

assumption of instantaneous behavior, the “next” operator is no longer mean-

ingful therfore we omit it. The task grammar for LTLψincludes atomic proposi-

tions that abstract robot action, logical and temporal operators, as in LTL, and

bindings that relate actions to specific robots; any action labeled with a certain

binding must be satisfied by all the robot(s) assigned that binding.

We define a task φψ recursively over LTL and binding formulas.

ψ := ρ | ψ1 ∨ ψ2 | ψ1 ∧ ψ2 (C.1)

φ := π | ¬φ | φ ∨ φ | φU φ (C.2)

φψ := φψ | ¬(φψ) |φψ1
1 ∧φ

ψ2
2 |φ

ψ1
1 ∨φ

ψ2
2 | φ

ψ1
1 Uφ

ψ2
2 | □φ

ψ (C.3)

where ψ, the binding formula, is a Boolean formula excluding negation over the

binding propositions ρ ∈ APψ, and φ is an LTL formula consisting of the set of

propositions APφ.

Semantics: The semantics of an LTLψ formula φψ are defined over the team

trace σ = σ1σ2...σn, where each σ j is the trace for robot j; and the set of binding

assignments R = {r1, r2, ..., rn}, where r j ∈ R is the set of bindings in APψ that are
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Figure C.1: Partial model of robot Ablue (see Sec. C.4): (a) λbeep (b) λmotion (c) Ablue
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assigned to robot j. A robot’s binding assignment does not change throughout

the task execution (i.e. R remains the same). For example, r1 = {2}, r2 = {1, 3}

indicates that robot 1 is assigned binding 2, and robot 2 is assigned bindings 1

and 3.

Given a set of binding propositions APψ, ζ : ψ → 22APψ outputs all pos-

sible combinations of ρ ∈ APψ that satisfy ψ. For example, ζ
(
(1 ∧ 2) ∨ 3

)
=

{{1, 2}, {3}, {1, 2, 3}}. We say that a team of robots satisfies the formula φψ if and

only if a binding assignment exists in ζ(ψ) such that all the bindings are assigned

to (at least one) robot, and the behavior of all robots with these binding assign-

ments satisfy φ. A robot may be assigned to multiple bindings, and a binding

may be assigned to multiple robots.

Formally, the semantics are defined recursively as follows:

• (σ(i),R) |= φψ iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp) and (∀ j s.t. K ∩ r j , ∅, σ j(i) |= φ)

• (σ(i),R) |= (¬φ)ψ iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp) and (∀ j s.t. K∩r j , ∅, σ j(i) ̸|= φ)

• (σ(i),R) |= ¬(φψ) iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp) and (∃ j s.t. K∩r j , ∅, σ j(i) ̸|= φ)

• (σ(i),R)|=φψ1
1 ∧ φ

ψ2
2 iff (σ(i),R)|=φψ1

1 and (σ(i),R) |=φψ2
2

• (σ(i),R) |=φψ1
1 ∨φ

ψ2
2 iff (σ(i),R) |=φψ1

1 or (σ(i),R) |= φψ2
2

• (σ(i),R) |= ⃝φψ iff σ(i + 1),R |= φψ

• (σ(i),R) |= φψ1
1 Uφ

ψ2
2 iff ∃ℓ ≥ i s.t. (σ(ℓ),R) |= φψ2

2 and ∀i ≤ k < ℓ, (σ(k),R) |= φψ1
1

• (σ(i),R) |= □φψ iff ∀ℓ > i, (σ(ℓ),R) |= φψ

Remark 5. The notation ¬φψ and (¬φ)ψ are equivalent. For example, ¬roomB1 ≜

(¬roomB)1.
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Remark 6. There is an important distinction between (¬φ)ψ and ¬(φψ). (¬φ)ψ requires

that the traces of all robots with binding assignments that satisfy ψ, satisfy ¬φ. ¬(φψ)

requires the formula φψ to be violated; at least one robot’s trace with a binding assign-

ment that satisfies ψ does not satisfy φ (equivalently, satisfies ¬φ).

Remark 7. Unique to LTLψ is the ability to encode constraints either on all robots or on

at least one robot. φψ captures “all robots assigned a binding in K ∈ ζ(ψ) must satisfy

φ”; ¬(¬φψ) captures “at least one robot assigned a binding in K ∈ ζ(ψ) satisfies φ”. This

allows the same binding to be assigned to multiple robots, but only one of those robots

needs to satisfy φ. This can be especially valuable when encoding safety requirements;

for example, the formula ¬(¬roomB1) ⇒ (roomB ∧ camera)2 captures “if any robot

assigned binding 1 is in room B, all robots assigned binding 2 must take a picture of the

room.”

Example: Task 1

Figure C.2: Büchi automaton for Task 1

φψ = ^(dock1
c) ∧ □(¬(¬dock1

c)→ (roomBc ∧ camera)2∧3) (C.4)

In English, the specification captures “All robot(s) assigned binding 1 must

eventually be at the dock. Anytime one of these robots is at the dock, all robot(s)

assigned bindings 2 and 3 must be in room B taking pictures.” The second part

of the task is a safety constraint that ensures that the dock is monitored anytime

a robot assigned binding 1 is in that room.
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C.4 Problem Statement

Given n heterogeneous robots A = {A1, ..., An} and a task φψ in LTLψ, find a team

of robots Â ⊆ A, their binding assignments RÂ, and synthesize behavior σ j for

each robot such that (σ(0),RÂ) |= φψ and can by design be implemented in contin-

uous execution (i.e., the physical execution of σ j does not violate any part of φ).

Similar to our prior work, this behavior includes synchronization constraints

implicitly encoded in the task for robots to satisfy the necessary collaborative

actions.

We assume that the system is nonreactive; robots cannot change their behav-

ior at runtime. We also assume that every state in both the Büchi automaton of

the task φψ and the robot model has a self-transition (i.e. the robot can wait in

any state).

Example: Let there be four robots A = {Agreen, Ablue, Aorange, Apink} in a

warehouse environment (Fig. C.3). The set of all capabilities is Λ =

{λmot, λarm, λbeep, λcam, λscan}, where λmot is the motion model representing how the

robots can move through the environment. λarm represents a robotic manipula-

tor; the arm can pick up and drop off packages, as well as push boxes. λbeep, λcam,

and λscan are a robot’s ability to beep, take a picture, and scan, respectively. λmot

and λarm execute non-instantaneous actions; the remaining capabilities contain

only instantaneous actions.

The robots’ capabilities and labels on their initial states are:

Λgreen = {λmot, λarm, λcamera}, L(s0) = {roomDc}

Λblue = {λmot, λbeep}, L(s0) = {roomCc}
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Λorange = {λmot, λarm}, L(s0) = {roomEc}

Λpink = {λmot, λbeep, λcam, λscan}, L(s0) = {roomEc}

The goal is to construct a team, i.e. a subset of these robots, and corre-

sponding binding assignments for the robots to satisfy the task captured as the

LTLψspecification provided in Eq. C.4. We assume that the robots have low-

level controllers that ensure collision avoidance and coordination when multi-

ple robots execute a capability together (e.g. pushing a cart).

Figure C.3: Environment and robot setup

C.5 Approach

To find a teaming assignment and synthesize the corresponding synchroniza-

tion and control that is guaranteed to satisfy the task even when actions

have varying execution times, we start with an approach similar to our prior

work [31]: first, we automatically generate a Büchi automaton B for the task φψ

(Sec. C.5.1). Each robot A j then constructs a product automaton G j = A j × B
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(Sec. C.5.2). The novelty in our current work is our approach to finding a team

of robots to satisfy the task. In prior work, we used a depth first search (DFS)

algorithm to find both a team of robots and a trace through B to an accepting

cycle. For every transition in the trace, every proposition in APψ is assigned to

at least one robot in the team. In this paper, we further ensure that the vary-

ing time durations of the actions do not result in violations of any part of the

task. To do so, we update the Büchi automaton as the DFS progresses to include

intermediate states that enforce the necessary ordering of actions without vio-

lating the original specification (Sec. C.5.3). As a result, we also update a robot’s

product automaton to reflect the changes in the Büchi automaton (Sec. C.5.4).

The entire DFS framework is outlined in Sec. C.5.5.

Once an accepting trace and corresponding robot team is found, each robot

synthesizes its own behavior that allows for parallel execution. However, some

parts of the task may require collaboration, in which case the robots must syn-

chronize. We create a synchronization policy where each robot communicates

to others when they need to synchronize and waits for other robots before exe-

cuting the collaborative portions of their behavior (Sec. C.5.6).

C.5.1 Büchi Automaton for an LTLψ Formula

To create a Büchi automaton from an LTLψ specification, we first modify

the specification to constrain binding propositions solely to individual atomic

propositions π ∈ APφ (i.e. the formula contains only πρ). For example, the for-

mula (^(pickup∧ roomAc))1∨2 is rewritten as (^(pickup1 ∧ roomA1
c)∨ (^(pickup2 ∧

roomA2
c)).
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Using APφ and APψ, we define APψ
φ, where ∀π ∈ APφ and ∀ρ ∈ APψ, πρ ∈ APψ

φ.

We automatically create the Büchi automaton from these propositions using

Spot [28].

Prior to control synthesis, we first convert the transitions in the Büchi au-

tomaton, labeled with Boolean formulas, into disjunctive normal form (DNF).

Subsequently, we substitute the transition labeled with a DNF formula contain-

ing ℓ conjunctive clauses with ℓ transitions between the same states. The label

for each of these transitions is a distinct conjunction of the original label.

When constructing a Büchi automaton from an LTL formula φ, σ ∈ ΣB are

Boolean formulas over APφ, the atomic propositions that appear in φ. In this

work, for a Büchi automaton of an LTLψ formula, ΣB = 2APψφ × 2APψφ × 2APψφ × 2APψφ ,

where σ = (σT , σexT , σF , σexF) ∈ ΣB contains the set of propositions πρ that must

be true/false for all robots (σT and σF), called for all propositions, and the set

of propositions πρ that must be true/false for at least one robot (σexT and σexF),

called there exists propositions. σexT are the set of propositions in which ¬(¬πρ)

is true; σexF are the set of propositions in which ¬(πρ) is true. Any proposition

that does not appear in σ can maintain any truth value.

We modify the definition of σ compared to our prior work [31], where we

assumed instantaneous robot actions; there, σ = (σT , σF). While [31] also had

there exists propositions, in practice the resulting behavior of there exists and for

all propositions was the same. This is because, for a there exists proposition

πρ, only one robot assigned binding ρ needs to execute πρ. However, since the

robots do not coordinate, if there are multiple robots assigned ρ, they all satisfy

πρ (satisfying for all propositions also satisfies there exists propositions). Thus, it

was unnecessary in [31] to differentiate between these two types of propositions.
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This is not true for time varying actions; there are scenarios in which a there exists

proposition is satisfied but a for all proposition is not.

Example. Consider the task defined in Eq. C.4. Supposed we have two robots

with rgreen = {1}, rblue = {2, 3}. Our prior approach may output a discrete teaming

plan in which the blue robot enters the dock at exactly the same time the green

robot enters room B. However, the physical execution of this plan may violate

the specification; although the robots can begin moving towards their respective

areas at the same time, the green robot may enter the dock before the blue robot

enters room B, thus violating the safety constraint.

C.5.2 Constructing the Product Automaton

To formally define the product automaton, we first modify the functions in-

troduced in [31]. For illustration, we will use the Büchi automaton for task

1 as our example (Fig. C.2). Let the outer self-transition on state 1 be σ11,o.

σ11,o = (σT
11,o, σ

exT
11,o, σ

F
11,o, σ

exF
11,o) = ({roomB2

c , camera2, roomB3
c , camera3}, ∅, ∅, {dock1

c}).

Definition 5 (Binding Transition Function). Bσ : ΣB → 2APψ such that for

σ= (σT , σexT , σF , σexF) ∈ ΣB,Bσ(σ) ⊆ APψ is the set {ρ ∈ APψ | ∃π
ρ ∈

σT ∪ σexT ∪ σF ∪ σexF}.

Bσ(σ) outputs the set of bindings that appear in a Büchi transition label σ.

For example, Bσ(σ11,o) = {1, 2, 3}.

Definition 6 (Binding Set Function). BΠ : 2APψφ → 2APψ such that for Π ⊆

APψ
φ,BΠ(Π) ⊆ APψ is the set {ρ ∈ APψ | ∃π

ρ ∈ Π}.
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BΠ(Π) outputs the set of bindings in a given set of LTLψ propositions Π. For

example, for Π = {roomB2
c , camera2, roomB3

c , camera3, dock1
c}, BΠ(Π) = {1, 2, 3}; for

Π = {dock1
c}, BΠ(Π) = {1}.

Definition 7 (Capability Function). C : ΣB × APψ → 2APφ × 2APφ × 2APφ × 2APφ such

that for (σT , σexT , σF , σexF) ∈ ΣB, ρ ∈ APψ, C(σ, ρ) = (CT ,CexT ,CF ,CexF), where for

k ∈ {T, exT, F, exF}, Ck = {π ∈ APφ | ∃π
ρ ∈ σk}.

CT and CF are the sets of for all propositions that are True/False

and appear with binding ρ in label σ of a Büchi transition and must

be True/False for all robots assigned binding ρ; CexT and CexF are de-

fined similarly but for there exists propositions with binding ρ. For exam-

ple, for σ11,o = ({roomB2
c , camera2, roomB3

c , camera3}, ∅, ∅, {dock1
c}), C(σ11,o, 2) =

({roomBc, camera}, ∅, ∅, ∅) (for binding 2, the relevant propositions are roomBc and

camera, both of which must be true and are for all propositions, i.e. the set σT ),

and C(σ11,o, 1) = (∅, ∅, ∅, {dockc}) (dockc is the only proposition with the binding 1

and is in σexF).

Definition 8 (Binding Assignment Function). Given a robot model A j and a label

σ = (σT , σexT , σF , σexF), R(s, σ, s′) = {r ∈ 2APψ \ ∅ | ∀ρ ∈ r, (CT ,CexT ,CF ,CexF) =

C(σ, ρ),
⋃

ρ∈r(CT ∪CexT ) ⊆ L(s′) and
⋃

ρ∈r(CF ∪CexF) ∩ L(s′) = ∅}.

To synthesize behavior for a robot, we find the minimum cost accepting trace

in its product automaton G j = A j × B, where A j = (S , s0, AP j, γ, L,W) is the robot

model, and B = (Z, z0,ΣB, δB, F) is the Büchi automaton.

Given a transition (s, σ, s′), R generates all possible combinations of binding

propositions that can be assigned to a robot to satisfy σ. A robot can be assigned

binding ρ if and only if two conditions hold on the robot’s next state, s′: 1) the
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state label of s′ contains all propositions π that appear in either σT or σexT as πρ,

and 2) the state label of s′ does not contain any propositions π that appear in σF

or σexF as πρ.

A binding assignment r can contain any binding propositions not in σ, since

there are no propositions required by those bindings. In addition, it follows

from condition (2) that if a proposition πρ is in σF ∪σexF and π is not in AP j (e.g.

camera1 ∈ σF and the robot does not have the capability λcamera), ρ can still be

assigned to robot j.

Given the binding assignment function R, and as shown in [31], we can now

define the product automaton:

Definition 9 (Product Automaton). G j = A j × B = (Q, q0, AP j, δG, LG,WG, FG),

where

• Q = S × Z is a finite set of states

• q0 = (s0, z0) ∈ Q is the initial state

• δG ⊆ Q × Q is the transition relation, where for q = (s, z) and q′ = (s′, z′),

(q, q′) ∈ δG if and only if (s, s′) ∈ γ and ∃σ ∈ ΣB such that (z, σ, z′) ∈ δB and

R(s, σ, s′) , ∅

• LG is the labeling function s.t. for q = (s, z), LG(q)=L(s)⊆AP j

• WG : δG → R≥0 is the cost function s.t. for (q, q′) ∈ δG, q = (s, z), q′ = (s′, z′),

WG((q, q′)) = W((s, s′))

• FG = S × F is the set of accepting states
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C.5.3 Adding Intermediate Transitions to the Büchi Automaton

To ensure correct team behavior when actions take different time durations, we

add intermediate transitions to the Büchi automaton B to reason about and en-

force an ordering on individual robot behaviors (Alg. 6). In doing so, we main-

tain the symbolic abstractions of actions while providing guarantees for the sat-

isfaction of the task by a physical system.

To motivate the use of intermediate transitions, we look at the transitions

σ11,i (the inner self-transition along state 1) and σ10 of the Büchi automa-

ton in Fig C.2, where σ11,i = (σT
11,i, σ

exT
11,i , σ

F
11,i, σ

exF
11,i ) = (∅, ∅, {dock1

c}, ∅), σ10 =

(σT
10, σ

exT
10 , σ

F
10, σ

exF
10 ) = ({roomB2

c , camera2, roomB3
c , camera3, dock1

c}, ∅, ∅, ∅). σ10 re-

quires all robots assigned binding 2 and 3 to be in roomB. Since it is unrealistic

for multiple robots to enter the room simultaneously, we can leverage the fact

that σ11,i does not explicitly assign truth values to roomB2
c and roomB3

c (i.e. these

propositions can have any truth value over σ11,i) in order to enforce that all the

robots assigned bindings 2 and 3 enter room B at some point before executing

the transition σ10. For clarity in the remainder of the paper, we define a propo-

sition πρ to be assigned an explicit truth value over a transition σ if it appears in

σ, i.e. πρ ∈ σT ∪ σexT ∪ σF ∪ σexF . If a proposition is not explicitly in σ, it can

maintain any truth value over that transition.

To automatically construct intermediate transitions, we first define the inter-

mediate propositions function, I(σ):

Definition 10 (Intermediate Propositions Function). I(σ) : ΣB → 2APnon−inst ×

2APnon−inst × 2APnon−inst × 2APnon−inst such that for σ = (σT , σexT , σF , σexF) ∈ ΣB, I(σ) =

(IT , IexT , IF , IexF), where ∀k ∈ {T, exT, F, exF}, Ik = {π
ρ ∈ σk |APnon−inst ∩ (Ck ∈
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C(σ, ρ)) , ∅}

IT , IexT , IF , and IexF are the sets of LTLψ propositions corresponding to non-

instantaneous actions that are assigned truth values over σT , σexT , σF , and σexF ,

respectively. For example, in Fig. C.2 where σ11,o = (σT
11,o, σ

exT
11,o, σ

F
11,o, σ

exF
11,o) =

({roomB2
c , camera2, roomB3

c , camera3}, ∅, ∅, {dock1
c}), the intermediate propositions

are I(σ11,o) = ({roomB2
c , roomB3

c}, ∅, ∅, {dock1
c}), since all the motion propositions

are non-instantaneous; camera is instantaneous and therefore omitted from

I(σ11,o).

We use the intermediate propositions function to determine which non-

instantaneous propositions change truth values across two transitions; we then

use these propositions to enforce constraints on the binding assignments and

on robot behavior. Let σ,σ′ be labels of two transitions in the Büchi automaton,

and I(σ) = (IT , IexT , IF , IexF),I(σ′) = (I′T , I
′
exT , I

′
F , I
′
exF). To categorize how these

propositions change their truth values, we define the following sets (Alg. 6, line

3):

ΠFT = IT ∩ (I′F ∪ I′exF) (C.5)

ΠT F = IF ∩ (I′T ∪ I′exT ) (C.6)

ΠFT ,ΠT F ⊆ APnon−inst are the sets of non-instantaneous for all propositions that

explicitly change truth values between σ and σ′.

ΠexT = IexT ∩ (I′F ∪ I′exF) (C.7)

ΠexF = IexF ∩ (I′T ∪ I′exT ) (C.8)

ΠexT ,ΠexF ⊆ APnon−inst include any non-instantaneous proposition that is a there
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exists proposition in σ that explicitly changes truth values between σ and σ′.

Π∅T = (I′T \ IT ) (C.9)

Π∅exT = (I′exT \ IexT ) (C.10)

Π∅F = (I′F \ IF) (C.11)

Π∅exF = (I′exF \ IexF) (C.12)

Π∅T ,Π∅exT ,Π∅F ,Π∅exF ⊆ APnon−inst are the sets of non-instantaneous proposi-

tions that are assigned truth values in σ′ but not in σ.

Example: Task 1. In Fig. C.2, consider the two transitions (1, σ11,i, 1),

(1, σ10, 0), where σ11,i = (∅, ∅, {dock1
c}, ∅) is the inner self-transition on state 1,

and σ10 = ({roomB2
c , camera2, roomB3

c , camera3, dock1
c}, ∅, ∅, ∅). Then ΠT F = {dock1

c},

Π∅T = {roomB2
c , roomB3

c}; the remaining sets are empty.

Violations of the task may occur when the robots execute a transition in the

Büchi automaton B. Thus, to prevent any violations, we check two sequen-

tial transitions in B, e1 = (z1, σ12, z2), e2 = (z2, σ23, z3), and update the Büchi au-

tomaton B if a specific ordering of propositions is necessary. When there is

at least one non-instantaneous proposition that changes truth values along e2,

we want to enforce an ordering such that the other non-instantaneous proposi-

tions are completed first. Thus, we only need to modify the Büchi automaton

if there exists more than one non-instantaneous proposition appears along e2

(|I′T ∪ I′exT ∪ I′F ∪ I′exF | > 1) and at least one of them explicitly changes truth values

(|ΠFT ∪ ΠexT ∪ ΠT F ∪ ΠexF | ≥ 1, line 8).

Binding Constraints (lines 4 - 7): There may be a sequence of transitions in

which non-instantaneous propositions change truth values, which may require

imposing constraints of the robot binding assignments. For example, looking at
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Algorithm 6: Update Büchi Automaton
Input : B, e1 = (z1, σ12, z2), e2 = (z2, σ23, z3) , where

σ12 = (σT
12, σ

exT
12 , σ

F
12, σ

exF
12 ), σ23 = (σT

23, σ
exT
23 , σ

F
23, σ

exF
23 )

Output: Bupd, Eupd, (csingle, ccombo)
1 Bupd = B, csingle = ∅, ccombo = ∅

2 (IT , IexT , IF , IexF) = I(σ12), (I′T , I
′
exT , I

′
F , I
′
exF) = I(σ23)

// compute sets of non-inst actions
3 ΠFT ,ΠT F ,ΠexT ,ΠexF ,Π∅T ,Π∅F ,Π∅exT ,Π∅exF =

NON INST SETS((IT , IexT , IF , IexF), (I′T , I
′
exT , I

′
F , I
′
exF))

// keep track of binding constraints
4 if |ΠFT ∪ ΠT F | ≥ 1 then
5 csingle = BΠ(ΠFT ∪ ΠT F)
6 if |ΠexT ∪ ΠexF | ≥ 2 then
7 ccombo = BΠ(ΠexT ∪ ΠexF)
// no need to update Büchi

8 if |I′T ∪ I′exT ∪ I′F ∪ I′exF | ≤ 1 or |ΠFT ∪ ΠT F ∪ ΠexT ∪ ΠexF | < 1 then
9 return B, ∅, csingle, ccombo

10 σ11∗ = (σT
11∗ , σ

exT
11∗ , σ

F
11∗ , σ

exF
11∗ ) =

INTERMEDIATE TRANS(σ12,Π∅T ,Π∅exT ,Π∅F ,Π∅exF) if z1 = z2 then
11 add (z1, σ12, z1∗), (z1∗ , σ11∗ , z1∗), (z1∗ , σ23, z3) to Bupd; remove (z2, σ23, z3)

from Bupd

12 Eupd = ((z1, σ12, z1∗), (z1∗ , σ11∗ , z1∗), (z1∗ , σ23, z3))
13 else

// modify first transition (non-self transition)
14 if σ12 , σ11∗ then
15 modify (z1, σ12, z2) = (z1, σ11∗ , z2) in Bupd

16 Eupd = ((z1, σ11∗ , z2))
17 else
18 Eupd = ()
19 return Bupd, Eupd, (csingle, ccombo)
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the same two transitions as before, (1, σ11,i, 1) and (1, σ10, 0), ΠFT ∪ΠT F = {dock1
c}.

In σ11,i, we require all robots assigned binding 1 to not be in the dock, and in the

next transition σ10, we require all robots assigned binding 1 to be in the dock. If

multiple robots are assigned binding 1, this realistically will not happen when

executing in continuous time, as it would require all robots to enter the dock at

the exact same time. Thus, to guarantee these transitions in the Büchi automaton

are satisfied, we constrain the binding assignments such that one and only one

robot can be assigned bindings in B(ΠFT ∪ ΠT F) (in this case, binding 1). The

same constraints apply if multiple bindings are present (e.g. if ΠFT ∪ ΠT F =

{dock1
c , roomB2

c}, then one and only one robot can be assigned both bindings 1

and 2; otherwise, two robots must make the transition at the exact same time,

which is not realistic). These combinations of bindings are stored in csingle.

Similar constraints apply when |ΠexT ∪ ΠexF | ≥ 2, i.e. multiple there exists

propositions change truth values. In this case, for each proposition πρ in ΠexT ∪

ΠexF , we require that at least one robot assigned ρ will change its truth value

of πc across the two transitions. For instance, if σ12 = {∅, ∅, ∅, {dock1
c , push2

c}},

σ23 = {{dock1
c , push2

c}, ∅, ∅, ∅}), σ12 requires at least one robot assigned binding 1 to

not be at the dock, and at least one robot assigned binding 2 to not complete the

pushing action, whileσ23 requires all robots assigned binding 1 and 2 to be at the

dock and complete pushing, respectively. On a physical system, it is unrealistic

for robots to be able to synchronize completing a non-instantaneous action at

the same time. As a result, to guarantee satisfiability, we constrain the binding

assignment such that if a robot is assigned to any binding in BΠ(ΠexT ∪ ΠexF),

then it must be assigned to all bindings within that set; otherwise, it cannot be

assigned to any of them. These binding assignments are stored in ccombo. Note

that the constraints are not necessary when |ΠexT∪ΠexF | = 1; in this case, only one
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Figure C.4: Updated Büchi automaton for Case 1 (e1 is a self-transition and e2 is
not). The blue represents the original transitions, the pink represents the added
intermediate states and transitions

robot assigned ρ must change its truth value across the two transitions, which

can easily be satisfied by a physical system.

If more than one non-instantaneous proposition appears along the second

transition e2, we generate an intermediate transition σ11∗ = (σT
11∗ , σ

exT
11∗ , σ

F
11∗ , σ

exF
11∗ )

(line 10), where σT
11∗ = σT

12 ∪ Π∅T , σF
11∗ = σF

12 ∪ Π∅F , σexT
11∗ = σexT

12 ∪ Π∅exT , σexF
11∗ =

σexF
12 ∪ Π∅exF ; because any proposition that does not appear in σ12 can maintain

any truth value, the transition σ11∗ ensures that all propositions that appear in

σ23 but not in σ12 (i.e. Π∅T ∪ Π∅exT ∪ Π∅F ∪ Π∅exF) change their truth values, in

any order, before any of the propositions that change truth values between the

transitions (i.e. ΠT F ∪ ΠexT ∪ ΠFT ∪ ΠexF) do so.

Updating transitions in B: Since we assume that every state in the Büchi

automaton B has a self transition, either e1 is a self-transition and e2 is not, or

vice-versa; the approach in updating B differs for the two cases.

Case 1: e1 is a self-transition and e2 is not (lines 10 - 12). We take advantage of

the fact that e1 is a self-transition and add an intermediate state along with the

transitions (z1, σ12, z1∗), (z1∗ , σ11∗ , z1∗), and (z1∗ , σ23, z3). These transitions satisfy
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the self-transition e1 while also including constraints that must be enforced to

ensure the robot’s continuous time execution of the actions do not violate any

part of e2.

Example: Given the Büchi automaton in Fig. C.2, let e1 = (1, σ11,i, 1),

e2 = (1, σ10, 0), where σ11,i and σ10 are defined earlier in the example. Then

σ11∗ = ({roomB2
c , roomB3

c}, ∅, {dock1
c}, ∅). We add an intermediate state 1∗ and

the corresponding transitions (1, σ11,i, 1∗), (1∗, σ11∗ , 1∗), and (1∗, σ10, 0). Fig. C.4

shows the Büchi automaton with these updates.

Case 2: e2 is a self-transition and e1 is not. Because e1 is not a self-transition,

we cannot add intermediate states between e1 and e2. In this case, we mod-

ify e1 from (z1, σ12, z2) to (z1, σ11∗ , z2). Intuitively, we are adding all the non-

instantaneous propositions explicitly in σ23 into σ12. Changing this transition

does not affect the satisfiability of the original task, since the modification only

adds more constraints on propositions that do not violate the original formula

along the transition.

Example: Given the Büchi automaton in Fig. C.2, let e1 = (1, σ10, 0), e2 =

(0, σ00, 0) , where σ10 is defined earlier in the example, and σ00 = (∅, ∅, {dock1
c}, ∅).

Since both Π∅T and Π∅F are empty, σ11∗ and σ10 are equivalent, and no updates

to the Büchi automaton are necessary. However, since ΠFT ∪ ΠT F = {dock1
c}, one

and only one robot can be assigned binding 1. Thus, csingle = {1}.

Algorithm 6 outputs Bupd, the updated Büchi automaton, Eupd, the edges that

have been modified/added, and (csingle, ccombo), which include constraints on the

bindings in which one and only one robot can be assigned to (i.e. csingle), or

bindings that a robot must be assigned either to all or none of those bindings
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(i.e. ccombo).

C.5.4 Updating the Product Automaton

Because we are modifying the Büchi automaton as we search for an accepting

trace through it, we also need to modify each robot’s product automaton G to

check if the robot can synthesize controllers to satisfy the given trace in the Büchi

automaton (Alg. 7). This is done for each transition we check in the Büchi

automaton, when constructing the trace.

Algorithm 7: Update Robot j’s Product Automaton
Input : B,Bupd, Eupd,G j

Output: G j,upd

1 if Bupd = B then
2 return G j

3 G j,upd = G j

4 if |Eupd| > 1 then
5 (z1, σ12, z1∗), (z1∗ , σ11∗ , z1∗), (z1∗ , σ23, z3) = Eupd

6 G j,upd = REMOVE EDGES(G j,upd, (z2, σ23, z3))
7 B′upd = GET SUBBUCHI(Bupd, Eupd)
8 A′j = GET SUBAGENT(G j, (z1, σ12, z2), (z2, σ23, z3))
9 G′j = A′j × B

′
upd

// join two product automata
10 G j,upd = G j,upd ∪ G

′
j

11 else if |Eupd| = 1 then
12 (z1, σ11∗ , z2) = Eupd

// sub product automaton to check
13 G′j = GET SUBPROD(G j, (z1, σ12, z2))
14 for (q, q′) ∈ δG′j do
15 if not VALID EDGE((q, q′), σ11∗) then
16 G j,upd.remove edge(q, q′)
17 return G j,upd

As mentioned in Sec. C.5.3, there are two types of modifications to the Büchi

automaton depending on whether the first transition is a self-transition and the

105



second is not, or vice-versa; as a result, there are two ways to update the prod-

uct automaton. In both cases, we take advantage of the fact that σ12 ⊆ σ11∗ (i.e.

the propositions in σ11∗ may have constraints on the truth values of propositions

in addition to the ones in σ12); rather than reconstructing robot j’s product au-

tomaton G j by taking the entire cross product A j × Bupd, we modify portions of

the existing G j based on the changes made to B to get Gupd
j .

Let the two transitions we checked in the original Büchi automaton B

be e1 = (z1, σ12, z2), e2 = (z2, σ23, z3), where σ12 = (σT
12, σ

exT
12 , σ

F
12, σ

exF
12 ), σ23 =

(σT
23, σ

exT
23 , σ

F
23, σ

exF
23 ), and the set of updated transitions Eupd is outputted by Alg.

6.

Case 1: e1 is a self-transition and e2 is not (i.e. |Eupd| > 1). In this case, the transi-

tion e2 has been removed and replaced with intermediate states and associated

transitions in the Büchi automaton (Alg. 6).

To update the product automaton, we first remove any transitions of the

product automaton ((s, z2), (s′, z3)) ∈ δG j , since we have also removed e2 from

Bupd. Then, we take the cross product only of the modified portions of each

graph and add it to G j,upd.

Case 2: e2 is a self-transition and e1 is not (i.e. |Eupd| = 1). In this case, Bupd does

not have any new transitions, but σ12 has been modified to become σ11∗ . Thus,

we check any transition in ((s, z1), (s′, z2)) ∈ δG j to see if it is still valid based on

(z1, σ11∗ , z2), the updated transition in Bupd.
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C.5.5 Robot Team Behavior

To find a team of robots that can satisfy the task, we need to find a trace in the

Büchi automaton such that every binding is assigned, with each robot maintain-

ing a consistent set of bindings throughout the entire trace.

In our prior work, we introduced a DFS algorithm to find a trace β in the

Büchi automaton, βÂ, a team of robots Â, and corresponding binding assign-

ments RÂ to collectively execute discrete actions. We extend this framework to

continuous actions so that the robots’ behaviors are guaranteed to satisfy the

original specifications (Alg. 8). To do so, during the DFS, for each transition

(z, σ, z′) we check, we update the Büchi automaton if intermediate states are

necessary (line 12). Each robot updates its product automaton, and determines

which bindings it can satisfy (line 16).

We want the robot’s behavior to satisfy not only the current transition, but

also the entire path with a fixed binding assignment. To ensure this, each robot’s

assigned binding set r j is first initialized to be the set of all possible binding as-

signments, and each robot removes binding assignments that are not possible

with each iteration of the DFS algorithm (line 17). It does so by finding a trace

through its product automaton following the current trace in the Büchi automa-

ton, βÂ ∪ Eupd. The robots also take the binding constraints (csingle, ccombo) into

account, reducing the number of combinations of bindings the robots need to

check (e.g. if ccombo = {1, 2} , then a robot assigned binding 1 must also be as-

signed binding 2; there is no need for the robot to check its ability to satisfy the

bindings separately). If r j = ∅ (i.e. the robot cannot be assigned any binding),

we remove the robot from the team Â entirely.
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Algorithm 8: Find Accepting Trace for Robot Team
Input : A = {A1, A2, ..., An}, B, G = {G1,G2...,Gn}, APψ

Output: β, δsel f , Â ⊆ A, RÂ, GÂ,Bupd

1 stack = ∅, visited = ∅
2 R = {rk = 2APψ \ ∅ | k = {1, 2, ..., n}}
3 for e ∈ {(z, σ, z′) ∈ δB | z = z0} do
4 stack = stack ∪ {(e,R, [e],B,G, ∅)}
5 while stack , ∅ do
6 ((z, σ, z′),RÂ, βÂ,B,GÂ,C) = stack.pop()
7 if (z, σ, z′) < visited then
8 visited = visited ∪ (z, σ, z′)
9 // update buchi automaton with intermediate

states
10 if |βÂ| > 1 then
11 e1 = βÂ[−1], e2 = (z, σ, z′)
12 Bupd, Eupd, (call, cex) = UPDATE BUCHI(B, e1, e2)
13 else
14 Bupd, Eupd, (call, cex) = B, ∅, (∅, ∅)
15 for G j ∈ GÂ do
16 G j,upd = UPDATE PRODUCT AUT(Bupd, Eupd,G j)
17 for r j ∈ RÂ do
18 r′j = UPDATE BINDINGS(r j, G j,upd, βÂ ∪ Eupd, (call, cex))
19 if r′j = ∅ then
20 RÂ = RÂ \ r j, GÂ = GÂ \ G j

21 else
22 RÂ = (RÂ \ r j) ∪ r′j
23 if

⋃
j(R j ∈ RÂ) = APψ then

24 if z′ ∈ F then
25 β, δsel f = PARSE TRACE(βÂ)
26 return β, δsel f ,RÂ,Bupd,C ∪ {(call, cex)}
27 E = {(z′, σ′, z′′) ∈ δB}
28 for (z′, σ′, z′′) ∈ E do
29 if (z = z′ and z′ , z′′) or (z , z′ and z′ = z′′) then
30 stack = stack ∪ {(z′, σ′, z′′),RÂ,

βÂ ∪ Eupd,Bupd,GÂ,C ∪ {(call, cex)}
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csingle is the set of bindings assignments for which exactly one robot must be

assigned, but the framework may output a teaming assignment that includes

multiple robots assigned those bindings. We keep track of these binding con-

straints and ask the user to choose one robot for each c ∈ csingle.

Because we are using a DFS approach to find a viable team, the final teaming

assignment may not be the globally optimal one. However, the framework is

sound; it is guaranteed to find an assignment if one exists.

C.5.6 Synthesis and Execution of Control and Synchronization

Policies

To guarantee that the behavior of the robots do not violate the original task, the

robots must implement synchronization policies to transition to the next non-

intermediate state in Bupd at the same time. The algorithm (Alg. 9) is similar

to [31]; a robot j first synthesizes its behavior b j for the entirety of the task that

satisfies the collective trace in the Büchi automaton β (function FIND BEHAVIOR,

line 1). For each transition (z, σ, z′) in β, the robot parses out bzz′
j , the behavior

that correlates to (z, σ, z′) (function SUB BEHAVIOR, line 3). Before it executes this

behavior, it checks if it is required to participate in the synchronization step. It

participates if 1) z′ is not an intermediate state, 2) r j contains a binding ρ re-

quired by σ and 3) is not the only robot assigned bindings from σ (line 8). If

the robot satisfied these criteria, its binding assignment r j is added to R, which

contains the binding assignments of every robot that needs to participate in the

synchronization step at state z′.
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Algorithm 9: Synthesize Robot j’s Behavior
Input : G j, r j, RÂ, β, δsel f

1 b j = FIND BEHAVIOR(G j, r j, β, δsel f )
2 for (z, σ, z′) ∈ β do
3 bzz′

j = SUB BEHAVIOR(b j, (z, σ, z′))
4 if z′ = z∗ then
5 p = ()
6 EXECUTE(bzz′

j , p)
7 continue
8 R = {rk ∈ RÂ | rk ∩B(σ) , ∅}
9 if r j < R or R = {r j} then

10 p = ()
11 EXECUTE(b j, p)
12 else
13 p = ( j, z′, 0), ℓ = length(b j)
14 EXECUTE(bzz′

j [1 : ℓ − 1], p)
15 zwait = b j[ℓ − 1], P = { j}
16 while

⋃
i∈P(ri ∈ R) , B(σ) do

17 p = ( j, z′, 1)
18 EXECUTE(zwait, p)
19 P = j ∪ {k | (k, z′, 1) ∈ RECEIVE()}
20 Φ = ( j, z′, 0)
21 EXECUTE NONINST(bzz′

j [ℓ],Φ)
22 EXECUTE INST(bzz′

j [ℓ], ())

One difference of this algorithm compared to our previous approach [31] is

that we do not need to execute the synchronization policy if z′ is an intermediate

state (Alg. 9. lines (4 - 7)), since the synchronization is only required on the

transitions of the original Büchi automaton.

The other key difference is in lines 20 - 22 of Alg. 9. Because instantaneous

actions may need to synchronize when another action finishes (e.g. a robot

must take a camera as soon as another robot enters room B), robots also need to

communicate when all of their non-instantaneous actions finish executing (e.g.

when roomBc is true) by executing the function EXECUTE NONINST (line 20). As
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soon as all the non-instantaneous actions across the robots in R are complete,

the robots execute their instantaneous actions (function EXECUTE INST, line 22).

The waiting state for each robot zwait is the penultimate state in its behavior,

b j[ℓ − 1]. Each robot stays in zwait until all the other robots in R are also in their

waiting states. Then, the robots execute the last step in their behavior, b j[ℓ],

synchronously.

C.6 Results

C.6.1 Demonstrations

We demonstrate our framework through two different collaborative high-level

tasks, executed on physical hardware. We use 4 robots - two Hello Robot Stretch

RE1, one Hello Robot Stretch 2, and a Clearpath Boxer with a Kinova Gen3

arm. We use an Optitrack motion capture system to track the robots and the

environment. The setup is shown in Fig. C.5. Their capabilities are the same as

those listed in Sec. C.4:

Λgreen = {λmot, λarm, λcamera}, L(s0) = {roomDc}

Λblue = {λmot, λbeep}, L(s0) = {roomCc}

Λorange = {λmot, λarm}, L(s0) = {roomEc}

Λpink = {λmot, λbeep, λcam, λscan}, L(s0) = {roomEc}

where the green and pink robots are Hello Robot Stretch RE1s, the blue robot is a

Hello Robot Stretch 2, and the orange robot is the Clearpath Boxer with a Kinova

Gen3 arm. Although all the Hello Robot Stretch robots have arms, we treat the
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blue and pink robots as not having those capabilities. The demonstrations of

the full behavior is shown in the accompanying video1.

Figure C.5: Initial setup on the physical system

C.6.2 Example: Task 1

We implement our framework for the team of robots to satisfy the task defined

in Eq. C.4. The team created by the framework is Â = {Agreen, Ablue, Aorange, Apink}

with binding assignments rgreen = {2, 3}, rblue = {1}, rorange = {1}, rpink = {2, 3} with

the constraints call = {{1}}. In this case, exactly one robot can be assigned binding

1, so the user chooses between Ablue and Aorange to be part of the team. If we

choose between the two based on minimizing cost, the final team is Â = {Agreen,

Apink, Ablue}.

Fig. C.6 provides key frames in the robots’ execution of the task. The boxes

on the right in each frame represents the pink and green robots’ cameras. We

1https://youtu.be/DiWjqXHQjmI
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Figure C.6: Robots executing task 1. The boxes on the right in each frame repre-
sents the pink and green robots’ cameras.

can see that the blue robot waits outside the dock area while the pink and green

robots make their way to roomB (Fig. C.6b). After they are in roomB, the blue
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robot moves to the dock area (Fig. C.6c); as soon as the blue robot enters that

room, the other robots immediately execute the instantaneous action of taking

a picture (Fig. C.6d).

C.6.3 Example: Task 2

For this task, we use the same environment with three available robots, Agreen,

Aorange, and Apink. Their capabilities and initial positions are the same as in the

previous example.

The task is φψ = φψ1 ∧ φ
ψ
2 , where

φ
ψ
1 = ^

(
(beep ∧ dockc)1∨2 (C.13a)

∧ ^(pickup ∧ storagec)1)
φ
ψ
2 = ¬roomB1∧2∧3

c U (pushc ∧ hallc)3 (C.13b)

φ
ψ
1 captures “robot(s) with bindings 1 or 2 should beep at the dock, then

robot(s) with binding 1 should pickup packages at the storage. φ
ψ
2 enforces

“none of the robots can be in room B until the cart in the hallway is pushed

out of the way”.

In this example, pushc, pickupc, and the location completion propositions

make up the set of APnon−inst, while beep is an instantaneous action. To guar-

antee the robots do not violate φψ2 , any robot assigned binding 3 must move into

the hallway first before any robots can be in room B. If we assume discrete ex-

ecution of actions, this constraint is not necessary; all the robots can move into

the respective areas simultaneously.
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Figure C.7: Robots executing task 2
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The final team is Â = {Agreen, Aorange, Apink} with binding assignments rgreen =

{1, 3}, rorange = {1, 3}, rpink = {2}. Snapshots of their behavior is shown in Fig.

C.7. We can see that the green and orange robots first move into the hall (Fig.

C.7b) to push the cart before the pink robot passes through roomB (Fig. C.7c) to

make its way to the dock. The pink robot beeps immediately as it enter the dock

(Fig. C.7d). Then, the green and orange robots move to pickup their respec-

tive packages at the dock and synchronize the pickup action (Fig. C.7e). We

assume the robots have low-level controllers to coordinate executing the push

and pickup actions. The robots begin pushing the cart together when they have

both grabbed it. The action pickup includes reorienting, reaching, and grasping

the packages; the robots begin executing this at the same time (i.e. they begin

reorienting simultaneously).

C.6.4 Computational Performance

We compare the computation performance (without significant code optimiza-

tion) of the approach for synthesizing a team of robots and their corresponding

binding assignments for instantaneous versus non-instantaneous actions.

Effects of number of robots: We analyze the effect of increasing the num-

ber of robots while keeping the task specification the same (task 1, Eq. C.4).

This task requires the generation of intermediate states when considering non-

instantaneous actions.

The instantaneous approach involves decentralized pre-processing for each

robot j’s possible combination of binding assignments for each transition in the

Büchi automaton before conducting the DFS algorithm to find an overall team-
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Figure C.8: Comparing computation times between the instantaneous and non-
instantaneous actions frameworks as the number of robots increases (a) and the
number of bindings increases (b). The error bars represent min/max values.

ing plan. As a result, this framework is largely agnostic to the number of robots.

However, the approach for non-instantaneous actions is centralized, as the DFS
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algorithm may need to update each robot’s product automaton during each it-

eration. As a result, while both framework’s scale linearly with the number of

robots, there is a larger impact on the computational performance of the frame-

work under the assumption of non-instantaneous actions.

Effects of number of bindings: We consider the effect of increasing the num-

ber of bindings while keeping the number of robots fixed at 4, but randomizing

their capabilities with each simulation. We add more bindings to the task speci-

fication through conjunction. By doing so, we increase the number of bindings,

but keep the number of edges in the Büchi automaton the same.

In both the instantaneous and non-instantaneous actions frameworks, we

need to store all possible binding assignments for the current team of robots

as we search for a possible trace in the Büchi automaton. As a result, both the

space and time complexity for each approach are exponential with the number

of bindings. The non-instantaneous actions framework scales worse with the

number of bindings because we determine the possible binding assignments for

each robot with every transition in the DFS; in the instantaneous action frame-

work, each robot had performed this computation in a decentralized manner

before conducting the DFS algorithm.

C.7 Conclusion

We introduced a method for control synthesis for a heterogeneous multi-robot

system to satisfy collaborative tasks in continuous time, where actions may take

varying duration of time to complete. We presented a synthesis approach to au-

tomatically generate a teaming assignment and corresponding discrete behav-
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ior that is correct-by-construction for continuous execution and ensured collab-

orative portions of the task are satisfied. We implemented our approach on a

physical multi-robot system in two warehouse scenarios.

In the future, we plan to explore different notions of optimality when finding

a teaming plan, as well as implement methods for robots to respond to capabil-

ity failures or modifications in real time.
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APPENDIX D

ONLINE RESYNTHESIS OF HIGH-LEVEL COLLABORATIVE TASKS FOR

ROBOTS WITH CHANGING CAPABILITIES

D.1 Introduction

There is a wealth of literature in planning for multi-robot systems due to its wide

variety of applications, such as search and and rescue and warehouse automa-

tion. Recently, there has been a growing interest in using formal logic, such

as Linear Temporal Logic (LTL), to capture multi-robot tasks with temporally

extended tasks, such as surveillance and coverage, in a mathematically precise

way (e.g. [18, 51, 56, 57, 101]).

During execution, robots may encounter changes to themselves and to their

environment; they may experience failures (e.g. a broken gripper) that limit

what they can do, or they may acquire additional capabilities, such as a change

in the environment (e.g. a new opening) that may allow them to reach previ-

ously unreachable areas. When considering multi-robot collaborative behavior,

a single robot modification may affect the ability of the overall team to accom-

plish the task; as a result, other robots’ behavior may need to change at runtime

in order to successfully accomplish the task.

To account for such changes during execution, we extend our framework

from [31,32] that both automatically assigns robots to the task, as well as synthe-

sizes high-level robot behaviors to satisfy a global task encoded in LTLψ. Here

we propose a method for the team to autonomously adapt when robot capa-

bilities change in the middle of execution while guaranteeing that the team is
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still able to satisfy the task. We aim to minimize the change in the original team

assignment and behavior and only locally resynthesize a robot’s behavior when

possible; our approach only reconstructs the entire team when necessary.

In addition to online resynthesis, we increase the expressivity of LTLψ to

allow users to provide information on 1) the minimum number of robots that

must be assigned to a specific subtask (captured through the notion of a binding),

and 2) which subtasks cannot be assigned to the same robot.

Related Work: Existing work have proposed methods to synthesize be-

havior for homogeneous multi-robot teams to satisfy temporal logic specifica-

tions [56, 57, 119]. For heterogeneous robots, the common approaches are either

to decompose the global task into independent sub-tasks [33,89], or a priori task

assignment [100, 104]. Approaches for heterogeneous teams to satisfy a global

task include [64, 73, 86]. The task is not explicitly decomposed; rather, portions

of the task are assigned to robots based on their type or onboard capabilities. In

our prior work [31], we proposed an extension of LTL, called LTLψ, in which a

user can encode information about the relationships between actions and robots

(e.g. the same robot that picks up a package must also drop it off). The synthesis

framework was then extended in [32] for LTLψ tasks to account for actions that

take varying time duration to execute. In the aforementioned work, the task al-

location happens offline prior to execution; resynthesis during execution is not

considered.

In prior work [30], we considered resynthesis in scenarios where robots are

already executing existing LTL tasks when new tasks are introduced. The dis-

tributed framework allows robots to resynthesize during execution such that

they can interleave both tasks rather than perform them sequentially. Another
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application in which resynthesis is critical is in partially known or uncertain

workspaces. In [42], robots revise their motion plan in real-time. The robots

synthesize a preliminary motion plan, then iteratively revise the plan as the

robot receives more information about its environment. [54] considers online re-

visions to robot plans for tackling reach-avoid problems encoded in LTL, specif-

ically when environment is dynamic and uncertain. There also exists work that

addresses the issue of robustness. For example, [101] generates plans online that

are robust to timing errors. The work in [68] introduces risk predicates to syn-

thesize behavior that reduces the amount of risk in violating spatial temporal

logic specifications.

To address resynthesis specifically due to robot failures, the approach in

[123] first decomposes the global specification into independent sub-tasks, char-

acterizes the disturbances into four types of failures, and uses a behavior tree to

autonomously react to those failures. These failures are specific to quadruped

and wheeled robots; they do not generalize to any type of robot. In [50], the

authors consider a homogeneous team of robots executing a navigation task en-

coded in co-safe LTL. The user specifies at most how many robots can fail, and

whenever a robot fails, the centralized planner updates the global plan. The au-

thors in [54] consider failures in capabilities, where each capability is a binary

variable (either the robot has the capability or it does not). Our work considers

a more granular level of failure in which a failure happens within a capability. A

robot may no longer be able to execute specific actions within the capability (e.g.

picking up an object with a robot manipulator), but other actions can still be ex-

ecuted (e.g. pushing an object with a robot manipulator). This approach allows

us to address a broader range of potential failures that a may occur to a robot.

In addition, we can consider other types of modifications to a robot’s capability,
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such as a gripper being added during runtime or a change in the environment

that increases the robot’s reachable workspace.

Contributions: In the context of synthesizing team and robot control from

a high-level specification given in LTLψ, we 1) increase the specification expres-

sivity by allowing the user to provide constraints regarding the binding assign-

ments (i.e. the minimum number of robots assigned to each binding and which

bindings are allowed to be assigned together), and 2) propose a resynthesis

framework for online adaptation to changes in robot capabilities. We demon-

strate our approach in a simulated warehouse scenario.

D.2 Task Grammar: LTLψ

We use LTLψ [31, 32] as the grammar for writing high-level collaborative tasks.

In this work, we extend the grammar to allow additional constraints on the

team composition. The task grammar for LTLψis defined over atomic proposi-

tions that abstract robot actions, as well as bindings that relate actions to specific

robots; any action associated with a given binding must be satisfied by all the

robot(s) assigned that binding. Note that a robot may be assigned to multiple

bindings, and a binding may be assigned to multiple robots.

An LTLψ specification φψ is defined recursively as:

ψ := ρ | ψ1 ∨ ψ2 | ψ1 ∧ ψ2 (D.1)

φ := π | ¬φ | φ ∨ φ | φU φ (D.2)

φψ := φψ | ¬(φψ) |φψ1
1 ∧φ

ψ2
2 |φ

ψ1
1 ∨φ

ψ2
2 | φ

ψ1
1 Uφ

ψ2
2 | □φ

ψ (D.3)

where ψ, the binding formula, is a Boolean formula (excluding negation) over
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the binding propositions ρ ∈ APψ, and φ is defined over the action propositions

π ∈ APφ.

In this work, we extend the expressivity of LTLψ by also defining the seman-

tics over two types of binding constraints the user can now specify: 1) cdistinct,

where c ∈ cdistinct are sets of two or more bindings that cannot be allocated to the

same robot (e.g. {I, II} ∈ cdistinct enforces “a robot cannot be assigned both bind-

ings I and II”), and 2) the set cmin, which contains the tuples (ρ, k); this enforces

that at least k robots must be assigned binding ρ.

Semantics: The semantics of an LTLψ formula φψ are defined over 1) a team

trace σ = σ1σ2 . . . σn, where σ j is the trace of robot j such that σ j(i) is the set of

atomic propositions APφ that are true for robot j at time step i; and 2) the team

binding assignments R = {r1, r2, . . . , rn}, where r j ∈ R is the set of bindings in APψ

that are assigned to robot j. For example, rgreen = {I}, rblue = {I, II} indicates that

green robot is assigned binding I, and the blue robot is assigned bindings I and

II. We also define the function ζ : ψ→ 22APψ , which outputs all possible combina-

tions of ρ ∈ APψ that satisfy ψ. For example, ζ
(
I∨ (II∧ III)

)
= {{I}, {II, III}, {I, II, III}}.

Given cdistinct and cmin, and given the semantics of LTL [4] we define the se-

mantics of LTLψ as follows:

• (σ(i),R) |= φψ iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp)

and (∀ j s.t. K ∩ r j , ∅, σ j(i) |= φ)

and (∀r j ∈ R,∀c ∈ cdistinct, c ⊈ r j)

and (∀(ρ, k) ∈ cmin, |{r j ∈ R | ρ ∈ r j}| ≥ k)

• (σ(i),R) |= (¬φ)ψ iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp)

and (∀ j s.t. K ∩ r j , ∅, σ j(i) ̸|= φ)
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and (∀r j ∈ R,∀c ∈ cdistinct, c ⊈ r j)

and (∀(ρ, k) ∈ cmin, |{r j ∈ R | ρ ∈ r j}| ≥ k)

• (σ(i),R) |= ¬(φψ) iff ∃K ∈ ζ(ψ) s.t. (K ⊆
n⋃

p=1
rp)

and (∃ j s.t. K ∩ r j , ∅, σ j(i) ̸|= φ)

and (∀r j ∈ R,∀c ∈ cdistinct, c ⊈ r j)

and (∀(ρ, k) ∈ cmin, |{r j ∈ R | ρ ∈ r j}| ≥ k)

• (σ(i),R)|=φψ1
1 ∧ φ

ψ2
2 iff (σ(i),R)|=φψ1

1 and (σ(i),R) |=φψ2
2

• (σ(i),R) |=φψ1
1 ∨φ

ψ2
2 iff (σ(i),R) |=φψ1

1 or (σ(i),R) |= φψ2
2

• (σ(i),R) |= φψ1
1 U φ

ψ2
2 iff ∃ℓ ≥ i s.t. (σ(ℓ),R) |= φψ2

2 and ∀i ≤ k < ℓ, (σ(k),R) |=

φ
ψ1
1

• (σ(i),R) |= □φψ iff ∀ℓ > i, (σ(ℓ),R) |= φψ

Intuitively, a team of robots satisfies the formula φψ if and only if the fol-

lowing conditions hold: 1) there exists a set of bindings K ∈ ζ(ψ) for which all

the bindings are assigned to (at least one) robot; 2) for all robots assigned these

bindings, their traces satisfy φ [4]; 3) none of the robots are assigned any com-

binations of bindings c ∈ cdistinct; any binding not appearing in cdistinct must still

be assigned to at least one robot; and 4) at least k number of robots are assigned

binding ρ for every (ρ, k) ∈ cmin.

Example:

φψ = ^(beep ∧ storagec)III ∧ ^dockI
c

∧ □(dockI
c → (roomBc ∧ camera)II)

cdistinct = ∅, cmin = {(I, 2)}

(D.4)
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In English, the task captures “all robots assigned binding III must go to the

storage room and beep, and all robots assigned binding I must eventually go to

the dock. Anytime all the robots assigned binding I are in the dock, all robots

assigned binding II must be in room B and taking a picture. At least two robots

must be assigned binding I.”

D.3 Prior work - Robot Model and Büchi Automaton

D.3.1 Robot Model

Each robot j is modeled according to its set of capabilities, Λ j = {λ1, . . . , λk} [30].

Each capability is a transition system λ = (X, x0, AP,∆,L,W), where X is a set of

states, x0 ∈ X is the initial state, AP is the set of atomic propositions that are an

abstraction of the actions the capability can execute, ∆ ⊆ X × X is a transition

relation, L : X → 2AP is the labeling function, and W : ∆ → R≥0 is the cost

function; each transition is assigned a weight usingW.

A robot model A j [30] is the product of its capabilities: A j = λ1 × . . . × λk such

that A j = (S , s0, AP j, γ, L,W). S = X1× . . .×Xk is the finite set of states, s0 ∈ S is the

initial state, AP j =
⋃k

i=1 APi is the set of propositions, γ ⊆ S × S is the transition

relation, L : S → 2AP j is the labeling function, and W : γ → R≥0 is the cost

function. The constraints of the workspace the robot operates in are encoded in

its motion capability.

126



D.3.2 Büchi Automaton for an LTLψ Formula

An LTL formula φ can be translated into a Nondeterministic Büchi automaton

B = (Z, z0,ΣB, δB, F), where Z is the set of states, z0 ∈ Z is the initial state, ΣB is

the input alphabet, δB : Z × ΣB × Z is the transition relation, and F ⊆ Z is the

set of accepting states. An infinite run of B over a word σ = σ1σ2σ3 . . . ∈ ΣB

is an infinite sequence of states Z = z0z1z2 . . . such that (zi−1, σi, zi) ∈ δB. A run

is accepting if and only if an accepting state or set of accepting states appear

infinitely often inZ, i.e. Inf(Z) ∩ F , ∅ [4].

When creating a Büchi automaton for an LTLψ formula, we first rewrite the

formula to include only propositions of the form πρ [31]; then ΣB = 2APψφ × 2APψφ ×

2APψφ×2APψφ andσ = (σT , σexT , σF , σexF) ∈ ΣB. σT andσF are the sets of propositions

πρ that are true/false for all robots; σexT and σexF are the sets of propositions πρ

that are true/false for at least one robot. The set of σT ∪σF are denoted as for all

propositions, and σexT ∪ σexF as there exists propositions.

D.4 Behavior Synthesis

To synthesize robot behavior, we take the product of the robot model and the

Büchi automaton and find a satisfying trace [32].

Definition 11 (Capability Function). C : ΣB × APψ → 2APφ × 2APφ × 2APφ × 2APφ such

that for (σT , σexT , σF , σexF) ∈ ΣB, ρ ∈ APψ, C(σ, ρ) = (CT ,CexT ,CF ,CexF), where for

k ∈ {T, exT, F, exF}, Ck = {π ∈ APφ | ∃π
ρ ∈ σk}.

Given a binding ρ, CT and CF are the sets of propositions π in which πρ is a

for all proposition that is True/False and appear with binding ρ in label σ of a
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Büchi transition; CexT and CexF are defined similarly for there exists propositions

with binding ρ. For example, the transition between states 3 and 0 of the Büchi

automaton in Fig. D.3 is σ = {{roomBII
c , cameraII, dockI

c}, ∅, ∅, ∅}. Then, C(σ, II) =

({roomBc, camera}, ∅, ∅, ∅).

We modify the following definition from [32] to account for the user-

specified constraint cdistinct:

Definition 12 (Binding Assignment Function). Given two states in the robot model,

s and s′, and σ = (σT , σexT , σF , σexF), R(s, σ, s′) = {r ∈ 2APψ \∅ | ∀c ∈ cdistinct, c ⊈ r and

∀ρ ∈ r,C(σ, ρ) = (CT ,CexT ,CF ,CexF),
⋃

ρ∈r(CT ∪ CexT ) ⊆ L(s′) and
⋃

ρ∈r(CF ∪ CexF) ∩

L(s′) = ∅}.

The output of function R is the set of all combinations of binding propo-

sitions that can be assigned to a robot over a given transition σ in the Büchi

automaton. A robot can be assigned a set of binding propositions r if and only

if the following are satisfied: 1) r is not a superset of any set in cdistinct, which are

combinations of bindings that cannot be assigned to the same robot; 2) for all

ρ ∈ r, all propositions π that are in σT ∪ σexT as πρ also appear in the state label

of the next state s′; and 3) for all ρ ∈ r, none of the propositions π that appear in

σF ∪ σexF as πρ also appear in the state label of s′.

To synthesize behavior for a robot [32], we find the minimum cost accepting

trace in its product automaton G j = A j × B = (Q, q0, AP j, δG, LG,WG, FG), where

• Q = S × Z is a finite set of states

• q0 = (s0, z0) ∈ Q is the initial state

• δG ⊆ Q × Q is the transition relation, where for q = (s, z) and q′ = (s′, z′),
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(q, q′) ∈ δG if and only if (s, s′) ∈ γ and ∃σ ∈ ΣB such that (z, σ, z′) ∈ δB and

R(q, σ, q′) , ∅

• LG is the labeling function s.t. for q = (s, z), LG(q)=L(s)⊆AP j

• WG : δG → R≥0 is the cost function s.t. for (q, q′) ∈ δG, q = (s, z), q′ = (s′, z′),

WG((q, q′)) = W((s, s′))

• FG = S × F is the set of accepting states

If a team of robots and their synthesized behavior follow the same trace in

the Büchi automaton B to an accepting cycle, the team is guaranteed to satisfy

the task. We denote such a collective trace as β.

D.5 Problem Setup

D.5.1 Modifications

We define a robot capability modification as a change in the capability’s tran-

sition relation ∆. Specifically, this involves either adding new transitions to

∆ or removing existing ones. For robot m, we define ∆add
m and ∆rem

m where

∆add
m = {∆add

m,a ,∆
add
m,b , . . .}, ∆

add
m,α is the set of transitions added to capability λα;

∆rem
m = {∆rem

m,a ,∆
rem
m,b , . . .}, ∆

rem
m,α is the set of transitions that are removed from ca-

pability λα. The cost function of a capabilityW may also change, particularly if

transitions are added. We represent the corresponding set of cost functions as

Wadd
m andWrem

m . Fig. D.1 shows examples of modifications to a robot’s motion

capability λmot.
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Figure D.1: Modifications to λmot in which (a) the robot can no longer move
between rooms G and H (∆rem

mot is the set of red transitions), and (b) the robot can
now move between rooms B and G (∆add

mot is the set of green transitions).

D.5.2 Problem Statement

Given a team of heterogeneous robots A executing φψ with binding assignments

RA, and given the sets of capability modifications to robot m, ∆add
m ,∆rem

m , and the

corresponding set of cost functions Wadd
m ,Wrem

m , find a (possibly) new assign-

ment Rmod
A and trace σmod such that (σmod,Rmod

A ) |= φψ.

130



Figure D.2: Environment and robot setup

We assume that at any instance, only one robot is modified. We also assume

each robot is aware of its modifications when they happen, and that robots have

all-to-all communication with one another; this is to facilitate the binding real-

location and synchronization processes.

D.5.3 Example

Consider a team of robots A = {Agreen, Ablue, Aorange, Apink} in a warehouse environ-

ment shown in Fig. D.2. The robots’ capabilities and labels on their initial state

are:

Λgreen = {λmot, λcamera} L(s0) = {roomDc}

Λblue = {λmot, λbeep} L(s0) = {roomCc}

Λorange = {λmot} L(s0) = {roomEc}

Λpink = {λmot, λbeep, λcam, λscan} L(s0) = {roomGc}

The robots are currently executing the task in Eq. D.4 with binding assign-
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Figure D.3: Buchi Automaton B for the example in Sec. D.5.3. The highlighted
transitions is β, the trace that the team of robots are collectively traversing to
satisfy the task.

ments RA = {rgreen, rblue, rorange, rpink}, where rgreen = {I}, rblue = {I, III}, rorange = {I},

rpink = {II, III}. The trace β in the Büchi automaton that the robots collectively

satisfy is shown in purple in Fig. D.3. RA and β are automatically found using

the method proposed in [32].

During execution, modifications to the robots’ capabilities occur. In the fol-

lowing sections, we illustrate how the robots conduct online resynthesis such

that the overall team still satisfies the task.

D.6 Approach: Resynthesis Framework

We update the behavior of the robots on the fly when capability modifications

occur. A summary of the overall framework is shown in Fig. D.4. We only

synthesize new behavior when necessary; Section D.6.1 describes how we de-

termine whether resynthesis is needed. Section D.6.2 outlines the method for a

robot to update its product automaton. Section D.6.3 outlines the binding reas-
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Figure D.4: Overview of resynthesis process

133



signment process.

D.6.1 Evaluating Modified Robot’s Behavior

When robot m is modified (i.e. ∆add
m ∪ ∆rem

m , ∅), it first determines whether its

modifications will affect the ability of the team to successfully execute the task.

It does so by executing the following steps:

Step 1: First, the robot checks if ∆add
m , ∅ (the robot has expanded its capa-

bilities) and ∆rem
m = ∅ (the robot has not lost any of its capabilities). In this case,

the robot is still able to execute its original behavior. Thus, this information

is stored and then incorporated when binding reassignment is necessary; the

robot continues executing its original behavior. When ∆rem
m , ∅, i.e. transitions

are removed from a robot’s capability, the robot checks if its original behavior

contains any of those transitions. If not, the robot continues to execute its origi-

nal behavior and stores these modifications.

Step 2: The robot proceeds to step 2 if its original behavior includes a tran-

sition it can no longer perform, i.e. for behavior bm = q1q2 . . ., where qi = (si, zi),

∃i ∈ {2, . . . , |bm|} and ∃(x, x′) ∈
⋃

a ∆
rem
j,a s.t. x ∈ si−1, x′ ∈ si}. It updates its model

and product automaton to reflect the modifications (Section D.6.2).

Based on its updated robot model and product automaton, it determines if

there are any bindings it was originally assigned, rm, that it can no longer do.

These bindings are stored in r f ail.

The team of robots may have overlapping binding assignments. Thus, if all

bindings in r f ail are already assigned to other robots and the user-specified con-
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straints regarding the minimum number of robots assigned to each binding cmin

are still satisfied, only robot m needs to resynthesize a behavior for the remain-

ing bindings it can do (rm \ r f ail); the rest of the team continues executing their

original behavior.

Step 3: If there are bindings in r f ail that are not already assigned to other

robots, then binding reallocation is necessary. Before this can happen, each

robot j updates R j, the set of all possible binding combinations it can do. To do

so, each robot updates its product automaton based on any modifications that

have been previously stored (see Sec. D.6.2). Updating of each robot’s model

and product automaton is done in a distributed manner; only the binding real-

location algorithm is centralized. During reallocation, we minimize the number

of robots that change assignments, since every reassignment requires the robot

to resynthesize its behavior.

Step 4: In the worst case scenario, if there is no possible binding realloca-

tion such that the robots can satisfy the task, we synthesize a new team using

the framework proposed in [32] to find another collective trace in the Büchi au-

tomaton.

D.6.2 Updating the Product Automaton

Before resynthesizing their behavior, each robot j updates its model and prod-

uct automaton based on current and past modifications, if any. We update the

product automaton G j based on the sets of transitions to be added ∆add
j and re-

moved ∆rem
j . To do so, we construct B j,t

β , which represents the portion of the

collective trace β that has not yet been executed by robot j at the step t when
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the modification is introduced, and Amod
j , which contains only the affected tran-

sitions of the robot model. This way, we can remove or add the transitions to

the product automaton based on Gmod
j = B

j,t
β × Amod

j , rather than reconstructing

the entire product automaton of a robot G j = B × A j from scratch.

Constructing B j,t
β : Since we know the trace β in the Büchi automaton that

the team is traversing, we only need to check how the capability modification

affects the transitions in β.

Let the modification to robot m occur when it is at qt
m = (st

m, z
t
m) in its behavior.

Then, for each robot j, we define B j,t
β as the reachable portion of β from zt

j. Note

that B j,t
β may not be equivalent Bm,t

β ; that is, given a robot j and the state it is at

when the modification occurs, qt
j = (st

j, z
t
j), zt

j may not be equal to zt
m for any robot

j , m due to the synchronization policy each robot executes, as outlined in [31]:

For each transition (z, σ, z′) ∈ β, where z , z′, robots that are assigned bindings

that appear in σ must wait to execute their transition ((s, z), (s′, z′)) until all other

relevant robots are also ready. Thus, any robots whose assigned bindings do not

appear in σ are not involved in the synchronization requirement. For example,

given the Büchi automaton shown in Fig. D.3, if a robot’s assigned bindings are

r = {II}, then it does not need to wait to synchronize for transition (2, σ, 3) ∈ β,

where σ = {{storageIII
c , beepIII}, ∅, ∅, {dockI

c}}, since binding II does not appear on

any proposition in σ.

Although the robots may be at different states in β when the modification

occurs, we want to ensure that the entirety of β is still satisfied when the robots

resynthesize new behavior. To do so, let INDEX(β, qt
j) = {i ∈ {1, . . . , |β|} | β[i] = zt

j},

where qt
j = (st

j, z
t
j). This outputs the index of state zt

j in trace β.
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If INDEX(β, qt
j) > INDEX(β, qt

m), then robot j is “ahead” of robot m in the trace

β, implying that it did not have to participate in any synchronization policies

between states zt
m and zt

j in β. This means that robot j can be in any state in its

robot model without violating any transitions (and states) between zt
m and zt

j.

Thus, to guarantee that the entire trace β is satisfied, we take the conservative

approach and move robot j “back” to zt
m ; i.e. we modify the state from qt

j =

(st
j, z

t
j) to qt

j = (st
j, z

t
m) and B j,t

β = B
m,t
β . Conversely, INDEX(β, qt

m) ≥ INDEX(β, qt
j)

indicates that the modified robot m is “ahead” of robot j in β and can maintain

any truth value between zt
j and zt

m. Thus, qt
j and B j,t

β remain unchanged.

Constructing Amod
j : The approach to constructing Amod

j , the robot model with

the modified transitions, differs depending on if the transitions in the robot ca-

pabilities need to be removed (∆rem
j ) or added (∆add

j ).

Constructing Amod
j with ∆rem

j

∆rem
j,a ∈ ∆rem

j is the set of transitions (x, x′) that are no longer valid in the

robot’s capability λa, and we need to remove the transitions ((s, z), (s′, z′)) ∈

δG in the robot’s product automaton G j that are no longer valid. To do

so, we first construct the robot model with the modified transitions, Amod
j =

(S rem
j , st

j, AP j, γ
rem
j , L,W), where S rem

j ⊆ S , γrem
j ⊆ γ are defined as

γrem
j = {(s, s′)∈γ j|∃(x, x′)∈

⋃
a

∆rem
j,a s.t. x∈ s, x′∈ s′} (D.5)

S rem
j =

⋃
(s,s′)∈γrem

j

s ∪ s′ (D.6)
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Constructing Amod
j with ∆add

j

∆add
j,a ∈ ∆

add
j is the set of transitions (x, x′) to be added to the robot’s existing

capability λa, andWadd
j,a is the set of cost functions that assigns a weight to the

added transitions. Note that x or x′ might be new states in the capability.

Let the current robot model be A j = λa × · · · × λk. Without loss of gener-

ality, let ∆add
j,a , Wadd

j,a be the set of transitions and cost function, respectively, in

capability λa that is being added, where λa = (Xa, xt
a, APa,∆a,La,Wa). Then,

λadd
a = (Xadd

a , xt
a, APa,∆

add
j,a ,La,W

add
j,a ), where Xadd

a =
⋃

(x,x′)∈∆add
j,a
{x, x′}. The added

portion of the robot model is Amod
j = λadd

a × · · · × λk.

Constructing Gmod
j : Using B j,t

β and Amod
j , we construct the affected product

automaton Gmod
j = Amod

j × B
j,t
β .

If we are considering ∆rem
j , then the portion of the product automaton that is

to be removed is Gmod
j = B

j,t
β × Amod

j . We modify the original product automaton

by removing the transitions δmod
G

, i.e. δG = δG \ δmod
G

.

If we are considering ∆add
j , then we add Gmod

j to the original product automa-

ton, i.e. δG = δG ∪ δmod
G

, Q = Q ∪ Qmod, and

WG((x, x′)) =


WG((x, x′)) (x, x′) ∈ δG \ δmod

G

Wmod
G

((x, x′)) (x, x′) ∈ δmod
G

where δmod
G

, Qmod, Wmod
G

are the transitions, states, and cost function, respectively,

in Gmod
j .
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D.6.3 Binding (Re)Allocation

We modify the binding allocation framework proposed in [31] such that it 1) al-

lows users to provide constraints on the minimum number of robots that must

be assigned to a specific binding or which bindings are not allowed to be as-

signed to the same robot (Section D.2, shown in green in Alg. 10), and 2) to

reallocate robots to bindings in response to modifications such that we mini-

mize the number of robots that are reassigned different bindings (shown in blue

in Alg. 10).

Given the set of robots and R, where R j ∈ R is set of all possible binding

assignments robot j can do, the goal is to assign each binding to the minimum

number of robots it requires (Alg. 10). We intialize the set of unassigned bind-

ings, unassigned, to be the set of all bindings b. For each round of binding allo-

cation, the framework selects the robot j to be assigned based on the following

ordering:

1. Given the set of unassigned robots, we first choose the robot j that has a

possible binding assignment containing at least one unique binding, i.e.

robot j contains at least one binding that can only be assigned to it. If mul-

tiple robots qualify, one is selected at random, and its unique bindings are

stored in r∗j (line 3). During the original allocation process, the final assign-

ment for robot j, rnew
j , is the largest set of bindings it can do that contains

the bindings in r∗j ; for reallocation, preference is given to the original robot

assignment r j.

2. If none of the unassigned robots satisfy the previous criteria, then we find

the set R′, where robot j’s possible binding assignment set R j is in R′ if
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and only if robot j can be assigned to at least one binding that is cur-

rently unassigned (line 8). If multiple robots qualify, the robot with the

least number of elements in its possible binding assignment set R j (i.e. the

robot with the least flexibility in its assignment) is chosen (line 10). We do

this to ensure that the robot with the most flexibility in its assignment (i.e.

has the most binding assignment options) will not be chosen first. Similar

to before, during reallocation, preference is given to the original robot as-

signment r j; otherwise, the final assignment for robot j, rnew
j , is the largest

set of bindings it can do that contains a binding in the set of unassigned

bindings (line 12).

3. If all bindings have been assigned, robot j is chosen at random. During

the original allocation process, it is assigned the maximally-sized set of

bindings (line 14); during reallocation, preference is given to the original

robot assignment r j.

For the constraints cmin, after a robot is assigned a set of bindings rnew
j , we

update cmin to be the set {(ρ, k − 1) | (ρ, k) ∈ cmin, ρ ∈ rnew
j , k − 1 > 0} (line 16).

Intuitively, for each binding ρ ∈ rnew
j , we decrement the corresponding value of

k, which represents the minimum number of robots that are still required to be

assigned ρ. If k − 1 ≤ 0 (i.e. at least k number of robots have now already been

assigned to ρ), we remove (ρ, k) from cmin and remove ρ from the set of bindings

that have not been assigned yet (line 17).

Because the robot is assigned the largest set of bindings, the team may have

overlapping assignments, i.e. robots can be removed while still ensuring the

overall task will be completed, which is beneficial for robustness. However, the

teaming assignment may vary depending on the ordering in which the robots
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are assigned. Thus, the reassignment may not be the globally optimal solution.

Algorithm 10: Binding (Re)allocation
Input : b,R = {R1, ...,Rn},RA= {r1, ..., rn}, cmin

Output: Rnew
A

1 unassigned = b
2 while R , ∅ do
3 r∗j = GET UNIQUE R(R)
4 if r∗j , ∅ then
5 R∗j = {r ∈ R j | r∗j ⊆ r}

6 rnew
j =

r j if r j , ∅, r j ∈ R∗j
RANDOF(argmaxr∈R∗j

|r|) otherwise

7 else
8 R′ = {R j ∈ R | ∃r ∈ R j s.t. r ∩ unassigned , ∅}
9 if R′ , ∅ then

10 R j = argminR̂∈R′ |R̂|
11 R′j = {r ∈ R j | r ∩ unassigned , ∅}

12 rnew
j =

r j if r j , ∅, r j ∈ R′j
RANDOF(argmaxr∈R′j

|r|) otherwise

13 else

14 rnew
j =

r j if r j , ∅, r j ∈ R j

RANDOF(argmaxr∈R j
|r|) otherwise

15 R \ R j, Rnew
A ∪ {rnew

j }

16 cmin = UPDATE C(cmin, rnew
j )

17 unassigned = UPDATE UNASSIGNED(unassigned, cmin, rnew
j )

18 if unassigned = ∅ then
19 return Rnew

A
20 else
21 return ∅

D.7 Demonstration and Evaluation

We illustrate the modification resynthesis framework using the example in Sec.

D.5.3. The behavior of the robots as modifications occur in simulation is shown

in the accompanying video.
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D.7.1 Mod 1: Adding Transitions

During execution, the blue robot gains the ability to move between

rooms B and G (Figure D.1(b)), ∆add
blue = {({roomGc}, {roomGc, roomB}),

({roomGc, roomB}, {roomBc}), ({roomBc}, {roomBc, roomG}), ({roomBc, roomG}, {roomGc})}.

On a physical system, this could represent a door opening or a ramp being in-

troduced between the two rooms. Because adding transitions does not violate

the current behavior of the robot, the blue robot stores this modification and

continues executing its original behavior. The overall time for this modification

was 0.00715 ms.

D.7.2 Mod 2: Removing Transitions without Reallocation

The orange robot can no longer move between room D and the hall,

∆rem
orange = {({roomDc}, {roomDc, hall}), ({roomDc, hall}, {hallc}), ({hallc},{hallc, roomD}),

({hallc, roomD},{roomDc})}. This could represent a door closing, or the size of the

entrance changing such that the robot is no longer able to move through it.

The orange robot’s original behavior included transitioning from room D

to the hall in order to get to room B. Thus, it updates its model and prod-

uct automaton and checks if it can still satisfy its original binding assignment

rorange = {I}. Since it can still reach room B by going through rooms D and C, the

robot can still satisfy binding I. Thus, the orange robot resynthesizes its behav-

ior, and no other robots are affected. The overall time for this modification was

18.79 ms.
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D.7.3 Mod 3: Removing Transitions with Reallocation

During execution, the pink robot’s camera fails, ∆rem
pink = {(∅, {camera}),

({camera}, {camera})}. In this scenario, the robot is unable to perform its origi-

nal binding assignment rpink = {II, III}; since it no longer has a camera, it cannot

satisfy binding II, and therefore r f ail = {II}. If any other robots were already as-

signed binding II, then reallocation is not required. However, this is not the case

in the original assignment. Thus, the robots go through the reallocation process.

After each robot updates their individual models and product automata, their

possible binding assignments are Rgreen = {(I), (II)}, Rblue = {(I)}, Rorange = {(I)},

Rpink = {(I), (III), (I, III)}.

During reallocation, the green robot is reassigned from binding I to binding

II and the pink robot is reassigned to bindings I and III; all other robots maintain

their original assignment and therefore do not resynthesize their behavior. The

overall time for this modification was 196.03 ms. The time for the pink robot

to update its model and product automata and find r f ail was 109.0 ms; subse-

quently, the time for the remaining robots to update their models and product

automata was 21.35 ms; the time for the task reallocation was 0.0699 ms; the

time for the robots to resynthesize their behavior was 37.39 ms.

D.8 Conclusion

We introduced a hierarchical method for a team of heterogeneous robots to react

to modifications in their capabilities during execution of a LTLψ specification.

We also increase the expressivity of the LTLψ grammar by allowing the user to

143



require a minimum number of robots for a binding, as well as constrain which

bindings cannot be assigned to the same robot. We implemented our approach

in simulation in a warehouse scenario.

In the future, we plan to extend the resynthesis framework to other aspects

of reactivity, such as reacting to external events. We also plan to explore ways

to incorporate optimality (e.g. minimizing cost) when finding a teaming assign-

ment, as well as relaxing all-to-all communication constraints as they synchro-

nize their behavior.
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APPENDIX E

DECENTRALIZED CONTEXT-BASED PLANNING FOR EARTH

OBSERVATION MISSIONS

E.1 Introduction

This paper introduces a new decentralized methodology for autonomous on-

board planning of Earth Observation (EO) missions using contextual informa-

tion. As requirements for EO missions grow tighter, re-purposing available EO

satellites currently on orbit is increasingly considered as a valid alternative to

launching new missions, especially for missions that require high revisit times

only attainable through the use of constellations [39]. For example, NASA’s

Technology Taxonomy1 (a compendium of technologies that are of interest to

advancing NASA’s mission) identifies technologies that foster reasoning, act-

ing, collaboration, and interaction as priorities for development in space au-

tonomous systems in the next years.

For the most part, current EO satellites are similar to silos as far as planning

goes: they have a simple static imaging concept (e.g., cross-track scanning) that

implicitly defines an observation schedule before the beginning of the mission

and that schedule never or rarely changes. Some newer imaging satellites actu-

ally have pointing capabilities, like the Sentinel constellation [8], and they can

modify those static plans to capture events of interest. It is quite rare to find

systems for which the schedule is fully defined in near real time, but when this

happens (e.g., the Planet constellation [9]) the scheduling problem is solved on

the ground and plans uploaded to individual satellites. In these few cases the

1https://www.nasa.gov/offices/oct/taxonomy/index.html
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system is always homogeneous and centrally owned and operated by one actor.

Many approaches to scheduling and planning for EO missions have been de-

veloped assuming this centralized, on-ground paradigm, including approaches

based on Constraint Satisfaction [103], Genetic Algorithms [110], or Integer Pro-

gramming [36].

One limitation of the ground-based planning approach is that it potentially

misses short-lived events due to the time incurred between the observation and

the data processing on the ground (which includes the time from observation to

downlink plus the time for data distribution and processing). Stochastic urgent

events require fast revisit times, but the average revisit time for many of the

most commonly used satellites (which are in Low Earth Orbit) is on the order

of a day at best (such as the observations of MODIS from the Aqua and Terra

satellites) and up to two weeks (e.g. Landsat satellites), and that is only if the

satellites have no other constraints, such as VNIR sensors requiring cloud-free

observations. This revisit time may be too long for short-lived or short-notice

events such as cloud formation or volcano eruptions.

A limitation of the centralized planning approach it does not scale well to

very large constellations of satellites (which are gaining popularity) due to re-

quiring expert input. These experts have to be knowledgeable on contextual

information about the mission and available assets to make a decision, and that

leaves no time for evaluating many different options, which may lead to a solu-

tion that is not optimal.

Both of these limitations are particularly problematic given the trends in

EO system architectures. Experts in the field have postulated for decades that

the future of EO is the Sensor Web [27], i.e., decentralized networks of intelli-
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gent nodes carrying heterogeneous sensors with on-board decision making and

cross-link capabilities. However, nothing close to this has been actually flown.

In terms of a having a large constellation of heterogeneous systems actually

flown, QB50 [78] is the closest system. QB50 is a constellation of CubeSats de-

signed and launched by different universities with heterogeneous and comple-

mentary sensors, but it lacks the advanced on-board decision making and full

cross-link capabilities. These technologies however have been demonstrated

independently – satellite cross-links by Iridium for example [35] and on-board

decision making by EO-1 [21].

Another proposed (but not demonstrated) concept that illustrates the trend

towards decentralization and on-board decision-making is that of federated sys-

tems [39], in which satellites owned and operated by different organizations

come together opportunistically and temporarily to work on emerging tasks.

Our approach is particularly suited for such future EO system concepts, as

the different actors involved in a federation or large distributed system like

QB50 may have used different onboard “dictionaries” to define and reason

about their satellites’ capabilities. Our approach’s context mining and reason-

ing are suited to deal with different sources of data to harmonize them and get

some level of interoperability between these satellites.

All these new approaches to EO –the Sensor Web, federated systems, the

QB50 constellation– require new decentralized planning algorithms. Other than

the approach described in this paper, in recent years there has been a constant

stream of research in on-board scheduling for EO satellites. In [66], Li et al. in-

troduce an autonomous online approach to satellite scheduling that can handle

urgent tasks arriving stochastically during the planning by using two heuristics
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to decide when to schedule and how to do so. In more recent work, Li [65] ex-

pands their work to encompass a whole distributed satellite system, and bases

their algorithm on the asynchronous version of the consensus-based bundle al-

gorithm (ACBBA) [23]. Another example, also based on CBBA, is the approach

by Gallud and Selva described in [37] for decentralized planning in distributed

and federated EO systems.

As an example of a reentative problem and corresponding distributed EO

system, consider the case of detecting volcano eruptions. NASA has developed

two parallel approaches for this purpose. On the one hand, it has been using

data from both the Aqua and Terra satellites’s MODIS sensor to create MOD-

VOLC [112], a detector for eruptions around the Earth with a revisit frequency

between 24 and 48h, which may not be fast enough in the case of explosive erup-

tions. The other, more recent, approach is described in detail in [22]. It combines

in-situ and space observations to monitor when an eruption happens and trig-

ger special observations for some satellites and ground assets. In the case of

ESA, they developed the Geohazards Exploitation Platform (GEP)2, which com-

bines images and radar information from the Sentinel 1 and 2 constellations to

detect natural disasters, including volcano eruptions. In the three cases, point-

ing satellites to take extra images of a region of interest requires a complicated

process involving humans and approval processes on the ground.

In this paper, we propose a new approach for the decentralized planning

problem for heterogeneous, distributed (and potentially federated) EO systems.

In this approach, agents independently choose whether and how to respond to

a new mission through the use of contextual information. A preliminary offline

step of our approach is the mining of such contextual information. Through this

2https://geohazards-tep.eu/
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paper, we use an extensive definition of contextual information, including facts

ranging from the capabilities of a satellite and its sensors such as accuracies,

power, image resolution, fields of view, and other characteristics, as well as in-

formation about their current status including orbital information and whether

sensors are operational or not. This contextual information also includes knowl-

edge about the physics of the Earth system and remote sensing, such as how dif-

ferent so-called Level-1 measurements (e.g., TIR radiances or radar back-scatter

cross-sections in L-band) relate to geophysical parameters or Level-2 products

(e.g., land surface temperature or soil moisture) and the relation between a mis-

sion specification and a set of geophysical parameters to observe. This context

could optionally include information about other satellites and their capabili-

ties. Going back to the volcano eruption example, this means the context has

information on volcano eruptions generating heat, land displacements, and ash

plumes, and we also know that Thermal Infrared (TIR) and Short-Wave Infrared

(SWIR) radiance can be used to measure temperature at different ranges, and

SAR interferometry can provide ground surface motions (gradients of velocity

vectors). Note the wealth of information that is fed to the planning algorithm.

In comparison, the approaches mentioned before only take into account a much

more narrowly defined state of the satellite as needed to schedule their missions.

This comprehensive context information is intended to help with planning by

eliminating the need for an EO expert at different steps of the process. While

a classic approach requires an expert to realize that TIR sensors can be used to

measure the temperature increase in the surface of a volcano during an eruption

and then consider the available TIR sensors, our proposed method can derive

this piece of information by itself and conduct those steps autonomously. Once

this is done, the algorithm can use each satellite and sensor status information
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to decide what are the best out of all these to participate in a mission to mon-

itor a specific volcano. In order to extract all the necessary information about

sensors, observables, etc, we have used unstructured text mining techniques to

fill a probabilistic knowledge graph (KG), which is a set of tuples consisting of

a fact reented as a triplet (concept C1, relation R, concept C2) and a probability p

of that fact being true. This KG is then coupled with a mixed probabilistic- and

logic-based reasoning system in order to infer more relations and reason about

which satellites can participate in a given mission. Since such a general problem

has never been considered before in EO, no other approach in the literature uses

a similar reasoning system to start the planing procedure.

Once we have the contextual information for each agent, our approach has

three steps, each adding significant novelty to the way scheduling is done for

EO systems: first, each satellite decides whether it can participate in the mission

by comparing its capabilities with the mission specification (e.g., a satellite with

a VNIR or TIR imager can participate in a volcano detection mission) and check-

ing if it has potential visibility of the target region in the specified period of time.

This step is done by reasoning over a knowledge graph (partially mined from

scientific papers) containing relations between different sensor types, geophys-

ical parameters and observables. While this first step provides a very computa-

tionally efficient down-selection of the agents that need to consider the mission,

it is essentially a binary check that only considers the capabilities of the satel-

lite as opposed to the expected performance. Hence, in the second step, each

satellite that has decided it can participate rates its potential to add information

and thus value to the mission by considering more detailed sensor specifications

(e.g., sensor accuracy) and the specific processes involved, in order to decide if

it should participate. In the literature, these scores are usually calculated semi-
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qualitatively. For example, in the VASSAR methodology [91], scores are com-

puted through a set of rules that take into account sensor characteristics such

as spatial resolution, revisit time, accuracy, etc. Often, this number comes from

subjective numbers based on expert judgment. Rather than relying on subjec-

tive assessments of the value of different combinations of parameters, our ap-

proach is based on the physics and mathematics of sensing. Because computing

a full error budget for the parameters of interest onboard is impossible based

on the information available, we propose a new simple but powerful theoreti-

cal framework to estimate the uncertainty in the measurements of each sensor

based on a decentralized Kalman filter. In this paper, we consider the case of an

event detection mission (specifically volcanic eruption detection) as opposed to

other types of missions. Hence, the result of the Kalman filter is fed to a classi-

cal binary hypothesis testing framework to assess the probability that the sen-

sor can detect the event of interest. In a completely decentralized system, each

satellite could simply decide to act based on the output of this step. However,

in practice, there is likely value in considering some coordination between the

satellites. In this paper, we consider the case where a central node synthesizes a

teaming plan based on the input from each sensor and formally verifies that it

can satisfy the mission using probabilistic temporal logic. While the approach

does do some search for a good team, it does not find the optimal team as it

is a computationally intractable problem. The formal methods approach to the

verification of the decentralized plan based on probabilistic model checking is

very new for EO and provides a rigorous theoretical framework to synethesize

and reason about plans including complex constraints, e.g. related to scarce on

board resources. Our method is applicable for space-based observation of any

geophysical parameter, although it is most useful for remote sensing of short-
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lived or short-notice processes and phenomena by constellations of satellites

with heterogeneous sensors (e.g. QB 50) or federated systems.

More generally, the problem we are trying to solve is formulated as follows:

given a mission specified by 1) a geophysical parameter of the Earth to observe

such as sea surface height or soil moisture, or an event such as a volcano erup-

tion, 2) a region (e.g. the Arctic, the Mediterranean basin, or the Pacific Ring

of Fire), and 3) some time-related requirements (mission duration of a week

or month, revisit time of two measurements a day, or a maximum gap between

measurements of 24 hours), find a selection of teams of satellites that will per-

form the required observations to successfully carry out the mission. Optionally,

the mission statement can also include other parameters such as spatial resolu-

tion, accuracy, etc. Of note, relevant requirements for many parameters can be

readily obtained from the online World Meteorological Organization (WMO)

OSCAR database3.

The main performance metric in this paper is in the form of a probability of

success in the mission. Since teams with more satellites have higher probabili-

ties of success, the output of the system is a Pareto frontier of teams generated

by our decentralized approach, with a probability of the mission succeeding for

each team vs the number of satellites involved. This probability can be calcu-

lated a priori without seeing any dataset. If a real dataset is provided, a proba-

bility for each of the teams successfully carrying out the mission in the context

of the data can be computed for verification.

The set of available agents can be the set of all Earth observing satellites cur-

rently in space, which can be extracted from the CEOS database4. This database

3https://www.wmo-sat.info/oscar/
4http://database.eohandbook.com/
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contains information about all the current and planned Earth observation mis-

sions and their sensors.

For example, if the mission is to measure soil moisture in the Mediterranean

basin daily for one month, one would expect that the Soil Moisture and Ocean

Salinity (SMOS) and Soil Moisture Active Passive (SMAP) satellites would both

volunteer to participate in the mission, but more sensors (e.g., C-band radar

from Sentinel) may be required to achieve the desired mission attributes. In or-

der to compare against a team that is already in the literature to validate our

approach, we formulate a simple but general and relevant test problem con-

sisting of detecting a volcano eruption based on remote sensing of land surface

temperature, aerosol plumes (especially SO2), and land surface displacements

in one out of the 10 most active volcanic areas on Earth, but the problem is read-

ily generalized to any other event that can be linked to one or more geophysical

parameters.

In order to ensure our planning algorithm works, we compare our set of

teams to the team used in [22] to perform exactly the same task. Their team is

comprised of the following satellites: Aqua, Terra, the Sentinel 1 constellation,

the Sentinel 2 constellation, and all active GOES satellites. Given that a similar

metric to the probabilities outputted by our algorithm for that team is unknown,

we have processed the team through the same pipeline as our teams in order to

ensure a fair comparison.
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E.2 Methodology

E.2.1 Overview

An outline of the system can be seen in Figure E.1. The outline described in the

flowchart is the approach with a centralized decision node (reented by the opti-

mization algorithm). In the case of the decentralized approach, the optimization

algorithm changes to a threshold-based approach where each satellite decides

to participate based on its own perceived usefulness to the mission. The next

subsections describe the subsystems in the flowchart, as well as the teaming

algorithms.

E.2.2 Knowledge representation

The knowledge representation framework requires different types of knowl-

edge: 1) domain knowledge, which includes knowledge about: a) events of

interest and related observable physical phenomena (e.g., volcano eruptions

generate heat and S O2 aerosols), and b) sensor types and their capabilities to

measure various geophysical parameters (e.g., a short-wave infrared sensor

can measure aerosols, thermal infrared sensors can measure heat); 2) knowl-

edge about the mission at hand (e.g., to detect volcano eruptions in Hawaii); 3)

knowledge about the agents and their sensors that are available to perform mis-

sions (e.g., a particular agent can measure TIR radiance with 5% accuracy); 4)

knowledge about the state of each agent (e.g., is sensor operational, is the target

in visibility of the sensor).
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Figure E.1: System flowchart, showcasing the interactions between the compo-
nents in our approach
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These different types of knowledge can all be reented with a probabilistic

knowledge base, as seen in Figure E.2. Each agent has a copy of this knowledge

base, which can either contain only relevant information to the agent or all the

information for the system. Part of the knowledge is intrinsically probabilistic,

as seen in the figure.

Figure E.2: Different types of knowledge in the probabilistic knowledge base,
with their sources and their associated uncertainty

While the sources of knowledge for the mission, the agent state, and the sen-

sor characteristics are relatively clear, finding the domain knowledge linking

the sensor capabilities and characteristics to the mission at hand is a challenge.

The basic idea is that one must find a path in the KG from the geophysical pa-

rameters observable by the sensor to the target observable event required by the

mission. This path may in general require multiple steps (e.g. volcano eruption

→heat →thermal infrared (TIR) radiation →TIR sensor). If the path already ex-

ists in the KG, then one can proceed with inference. However, if such a path

does not exist in the KG (e.g., the agent does not currently know that heat is

related to TIR radiation), the agent will then attempt to find new information

linking those entities from other existing corpuses. In the case an Internet con-

156



nection is available, the agent will source the information from there. This being

said, most satellites in space lack access to the Internet, so they might have to

look for such information in local copies stored in each agent. This requires ex-

tracting information from unstructured text sources such as databases of papers,

using techniques such as Named Entity Recognition (NER) [117] and Relation

Extraction (RE) [96]. For the approach described here, we have built a Natu-

ral Language Pipeline (NLP) to extract the links between different observations,

sensors, and physical phenomena from papers published in the Transactions on

Geoscience and Remote Sensing journal5. Specifically, our pipeline includes an

NER pipe based on the Scibert Transformer [7], followed by an Entity Linker

(EL) to match the extracted entities to out KG. The EL is based on the models

in SpaCy 2 [48], and retrained for our KG. The last part of the pipeline is an RE

engine that we have built for this project that creates new relationships in the

KG between the entities that have been found in the previous steps.

Two longer term research challenges related to both knowledge representa-

tion and reasoning in our system are: 1) modeling the different types of uncer-

tainty that exist in the problem, and 2) how the knowledge and its uncertainty

change over time.

We define two sources of uncertainty. It may be aleatory (e.g., random noise

in the sensor) or epistemic (e.g., lack of information about a sensor, observable,

mission, or relations between them). Aleatory uncertainty can be modeled as

usual with probability theory. However, for epistemic uncertainty, KGs lack the

capacity to easily reent uncertain facts. We are exploring approaches combining

probability and logic, such as Probabilistic Soft Logic [3] and Markov Logic Net-

works [74]. In Markov Logic Networks (MLN), rules can have weights related

5https://ieeexplore.ieee.org/xpl/RecentIssue.jsp?punumber=36
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to the probability of the rule being true, but the evidence is still Boolean. Soft

logic approaches allow for uncertain evidence. Regardless of the implementa-

tion, the requirement is to have a probabilistic knowledge base where both the

evidence and rules have an associated probability of being true. How we obtain

these probabilities for the case of epistemic uncertainty is another challenge that

can be addressed, for example, with embedding-based methods, which will be

explained in more detail in the next section.

In the case of the time dependency of both knowledge and uncertainty, we

have to take into account all the different time-dependent sources of informa-

tion. For example, the mission might change at any time, as well as the agent

state, with sensors being taken down or up depending on system status. While

the sensor characteristics are relatively stable, the domain knowledge is contin-

uously being updated with the publication of new information, and a successful

system will require keeping up to date with the latest advances in the field in

order to stay competitive. Such changes might add new relationships to the KG

or change the uncertainty on existing ones.

E.2.3 Reasoning over KG

Notation A knowledge graph, denoted by G = {E,R,O}, consists of a set of

entities E, a set of relations R, and a set of observed facts O. Each fact in O is

reented by a triple (ei, rk, e j), where ei ∈ E, e j ∈ E, and rk ∈ R denote subject

entity, object entity, and relation, respectively.

The KG reasoning module is responsible for deciding whether a satellite

can participate in a given mission. Given a KG containing both common sense
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knowledge about the field and knowledge about the sensors we have, and a set

of logical rules specified by domain experts, we aim to predict which sensors

can participate in the mission by leveraging the relations between geophysical

parameters observable by the sensors and the objective events required by the

mission.

There are two main directions for solving the posed problem, which is also

known as KG inference: logical rule reasoning and knowledge graph embed-

dings (KGE). Traditional logical inference aims to find unobserved facts given

a set of rules and the currently observed facts, which results in maximizing the

number of rules that can be satisfied; on the other hand, KGE aims to capture

the similarity of entities by embedding entities and relations into continuous

low-dimensional vectors. With the learned embeddings, the KGE approach is

able to compute a score for each triple in a KG that indicates the plausibility

of the triple. We denote the score of a triple (ei, rk, e j) computed by KGE as

frk(ei, e j). Logical rules and KGE can mutually enhance the reasoning ability of

each other in an iterative process [43]. To better model the interactions between

embedding learning and logical inference, we will use a unified framework to

integrate embeddings and First Order Logic Horn rules in an iterative manner

called UniKER [20] developed by authors Cheng and Sun, referred as Reason-

ing over Knowledge Graph in Figure E.1. In particular, UniKER shows that the

knowledge contained in Horn rules can be exploited and completely transferred

them into the embeddings without the need for sampling ground rules or hid-

den triples in KGs. Additionally, UniKER can tolerate erroneous data and thus

shows robustness to noise (extraneous facts) and errors (incorrect facts) in the

KGs, which previous methods cannot cope with [85, 107].
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The basic idea of the algorithm is as follows: we leverage the reasoning

power of Horn rules by deriving a satisfying truth assignment vT
H
∗ and vF

H
∗ by

a forward chaining algorithm, where vT
H
∗
= {rk(ei, e j) = 1 | rk(ei, e j) ∈ vH} and

vF
H
∗
= {rk(ei, e j) = 0 | rk(ei, e j) ∈ vH}. Knowledge contained in Horn rules is guar-

anteed to be fully exploited by taking vT
H
∗ and vF

H
∗ as guidance to optimize the

KGE model. We summarize the iterative learning procedure as follows. We

start by training a KGE model over the observed facts O. Next, following the

forward chaining algorithm, we derive the triples set vT
H
∗. In particular, each

iteration consist of the following steps:

1. Considering that potential noise could affect the performance of forward

chaining, we regard θ% triples with lowest prediction scores frk(ei, e j) as

noise and remove them from observed facts O to have a cleaner KG.

2. To relieve the data sparsity issue in real-world KGs, we also include po-

tential useful hidden triples to enhance the reasoning ability of Horn rules.

Then, we classify all triples in ∆ and add the positive triples to O.

3. After that, by looking for the ground rules whose bodies are satisfied in O,

we obtain a subset vT
H

i∗ of the satisfying truth assignment vT
H
∗.

4. To reduce some of the uncertainty brought by logical rules, we utilize the

trained KGE model to check the correctness of the inferred triples in vT
H

i∗

and exclude θ% triples with lowest prediction scores frk(ei, e j) from vT
H

i∗.

5. After that, we continually train the KGE model over vT
H

i∗ and add vT
H

i∗ to

KGs by setting O = O ∪ vT
H

i∗.

The final triples obtained through UniKER are used to create a list of satel-

lites and sensors within them that can participate in a given mission. This list
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of satellites is then sent to the Sensor Planning Framework to compute whether

they should participate in a mission or not.

E.2.4 Sensor Planning Framework

The Sensor Planning Framework is an analytic algorithm to compute an a pri-

ori error probability on sensing objectives (e.g., the probability of one sensor

successfully detecting an event, or the probability of successfully detecting an

event if multiple sensors join the mission) based on the contextual knowledge

each agent has. We have developed a sensor planning algorithm to calculate

the error probability of each participating sensor based on the specific estima-

tion algorithm chosen. Given agents that decide to participate in the mission,

the estimation algorithm computes an estimate of the mission objective (e.g.

probability of an event P(Eventt)) using the agents’ sensor capabilities.

To be more specific, it provides the certainty that our sensors are going to tell

the truth about their own observation, i.e. the probability that a sensor success-

fully detects the corresponding observation of an event given the event hap-

pened, as well as the probabilities of a false positive, true negative, and false

negative. The sensor planning algorithm assumes the process is linear and es-

timation of mission objectives are done through the estimation algorithm. In

our case, we use a Kalman Filter series estimation algorithm such as the ones

in [55] [120] [17], given their track record in satellites and other vehicles. Kalman

filters can also be applied to multi-sensor data fusion [94] [15].

Thus, our method takes the following matrices as input for each sensor

from the KG: Process Model:=A, B, Observation Model:= H, Covariance of
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Measurement noise:=R, Covariance of undetermined/initial process noise:=Q.

Then, the algorithm outputs the error bound of the estimation algorithm Σ and

P(Detected|Event) over time. The sensor teaming planning algorithm is run be-

fore observing the real-world data feed. The idea behind this algorithm is to

gather information in order to create a team before it commits to taking the

measurements for the estimation algorithm, thus avoiding resources and time

waste.

Given observation data from a formed team (e.g. temperature, aerosols, and

land displacements close to a volcano), the estimation part of the algorithm will

compute the optimal estimated states of the sensors (e.g. near-optimal estimate

of real land surface temperature). The estimation algorithm takes real-world

measurements: observations of sensors zt, system matrices of the sensors as

mentioned in the previous paragraph and confidence factor wi of each sensor as

inputs, and outputs the probability of an event happening over time P(Eventt),

but this time with the real data behind it instead of just an apriori estimation.

The formal definition of the problem is given below:

Problem statement

Given A, B, H, Q, R of a sensor, we use this particular sensor to observe physical

quantities for a long period of time (e.g. t = 100 days). Then, we assume that on

the next time step t+ 1, the sensor outputs either ut = 0 or 1 (event does not hap-

pen or event happens). First, compute the probability that the sensor decides

ut = 1 given the fact that ut = 1 (true positive). Then, compute the probability

that the sensor decides ut = 0 given the fact that ut = 1 (false positive). Further,
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compute the probability that the sensor decides ut = 0 given the fact that ut = 0

(true negative). Finally, compute the probability that the agent decides ut = 1

given the fact that ut = 0 (false negative).

Problem Clarification

The probability that we calculate here is actually a testing in a binary situation.

Assuming that we have two hypotheses:

• H0 : ut = 0 (no events happen)

• H1 : ut = 1 (events happen)

There are four probabilities that need to be computed:

• H1 is true, decide H1 : given the H1 is true hypothesis, decide H1 is in force:

Prob{decideH1|H1true} = PD (probability of detection)

• H0 is true, decide H1 : given the H0 is true hypothesis, decide H1 is in force:

Prob{decideH1|H0true} = PFA (probability of false alarm)

• H1 is true, decide H0 : Prob{decideH0 | H1true} = PM = 1 − PD (probability

of missing)

• H0 is true, decide H0: Prob{decideH0 | H0true} = PCR = 1 − PFA (probability

of correct rejection)

Method and derivation

Consider the system model and the observation model:
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• Prior: xt | z0:t, u0:t−1 ∼ N(µt|t,Σt|t)

• System model: xt+1 = Axt + But + wt,wt ∼ N(0,Q), where xt+1|xt ∼ N(Axt +

But,Q)

• Observation model: zt+1 = Hxt+1 + vt, vt ∼ N(0,R), where zt|xt ∼ N(Hxt,R)

Using a Kalman filter as a linear quadratic optimal estimator, the Kalman

prediction step to estimate state x and its likelihood is defined as follows:

• µt+1|t = Aµt|t + But

• Σt+1|t = AΣt|tAT + Q

Then, we define the update step as follows:

• µt+1|t+1 = µt+1|t + Kt+1|t(zt+1 − Hµt+1|t)

• Σt+1|t+1 = (I − Kt+1|tH)Σt+1|t

where the Kalman gain is: Kt+1|t = Σt+1|tHT (HΣt+1|tHT + R)−1

In the Kalman filter, the objective is to calculate:

pt+1|t+1(x) =
p(zt+1|x)pt+1|t(x)
p(zt+1|z0:t, u0:t)

In our method, the objective is to calculate uncertainty of the input in the

last time step ut. More specifically, given a binary candidate input sequences

u j
t = {0, 1}, j ∈ {1, 2}, evaluate the likelihood of each input over time given only

observations z0:t+1. Therefore, the error probability function that we try to com-

pute is pd f (ut|z0:t+1, x0:t, u0:t−1), denote it as pd f (U).

pd f (ut|z0:t+1, x0:t, u0:t−1) = pd f (U) = zt+1 − HAµt|t = zt+1 − Hµt+1|t
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In the Kalman filter, pd f (U) is also Gaussian under each hypothesis and its dis-

tribution is as follows:

U(zt+1) ∼


N(µu1 ,Σu1) under H0

N(µu2 ,Σu2) under H1

where,

µut = E[zt+1 − Hµt+1|t] = E[Hxt+1 + vt − Hµt+1|t] = E[HAµt|t + vt − H(Aµt|t + But)] =

E[vt + HBut] = HBE[ut]

Σut = Var[zt+1 − Hµt+1|t]
indepen
= Var[zt+1] = Var[Hxt+1 + vt] = HΣt+1|tH−1 + R =

H(AΣt|tAT + Q)H−1 + R

Therefore, the error probabilities PD, PFA, PM, PCR can be calculated using the

following equations:

PD =
∫ ∞
λ

pd fH1(U) =
∫ ∞
λ

N(µu2 ,Σu2)

PFA =
∫ ∞
λ

pd fH0(U) =
∫ ∞
λ

N(µu1 ,Σu1)

PM = 1 − PD

PCR = 1 − PFA

where, λ is when N(µu2 ,Σu2) = N(µu1 ,Σu1)

For each single sensor that observes a single geophysical property, we can

use the above method to calculate their error probabilities respectively. In the

case of a sensor with more than one measurement, we assume it can be split into

multiple sensors so the former is always valid.

The results of this portion of our approach are used to inform the creation of
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teams by either the fully decentralized approach or the team synthesis approach

described in the following section. (E.2.6).

E.2.5 Verification and Synthesis of Team Assignment

Formal verification has been used in a wide range of applications to verify the

safety and correctness of systems with respect to given specifications [10] [75]

[72]. In our system, the aim of the verification step is to provide information

about the likelihood of mission success given a teaming assignment and sensor

properties. Individual agents decide whether to participate or not, but a central-

ized decision needs to be made to ensure that the mission constraints are met

at a team level. If it is determined that the mission is likely to fail, the Sensor

Planning Framework then assigns a new team of agents.

Alternatively, the centralized node can also create a teaming plan using syn-

thesis. Formal synthesis provides a framework for automatically translating

high-level specifications into correct-by-construction controllers. The user is

able to reason about the task specification rather than the actual implementa-

tion [61]. The aim of the synthesis step is to create an optimal teaming plan

given a list of possible agents and their capabilities. This method provides a

globally optimal teaming solution.

There are three main steps in performing synthesis for the mission:

1. Encoding the mission as a formal specification. Specifications are often

written using temporal logic [26], which allows us to reason about require-

ments and constraints that change over time. In particular, we use prob-
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abilistic computation tree logic (PCTL) [45] to write the specification. The

specification can also include constraints on the system (e.g. sensor inter-

ference).

2. Creating a system model. The assigned team is modeled as a Markov

Decision Process (MDP). Each state within the MDP contains information

about which agents and sensors are used, as well as which observations

are measured.

The uncertainty in the sensor readings are reented as probabilities, which

change over time as the Sensor Planning Framework receives more mea-

surements to improve the sensors’ state estimations. From these probabili-

ties, we calculate the transitions between states in the MDP. The transitions

reent the probabilities that a specific combination of sensors measure the

necessary observations are measured at a given timestep.

Also encoded in the MDP is the physical behavior of the agents. For ex-

ample, in our use case, the target volcano is only visible to the satellites

periodically.

3. Verifying the decentralized team. Once the mission specification and sys-

tem model is created, we use PRISM [63], a probabilistic model checker, to

calculate the probability of success of the decentralized teaming plan. If

this probability falls below a designated threshold, the verification step

requests a new team assignment from the Sensor Planning Framework.

4. Synthesizing the optimal team. Optionally, the centralized node can syn-

thesize a globally optimal team from a list of potential agents. To do so,

the model checker maximizes the probabilities of the MDP state transi-

tions, while taking into account any constraints given in the specification.

If the mission contains multiple objectives (e.g. maximize the probabil-
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ity of mission success while minimizing the number of satellites), PRISM

outputs the Pareto front for all viable teams.

E.2.6 Teaming Algorithm

The teaming decision, as explained in the introduction, can be done through

two approaches, depending on whether centralization of decisions is accept-

able. Both of them start with mission control sending a mission to all satellites.

Each satellite and sensor comes up with a probability of completing the mis-

sion successfully (aka detecting the event in our case), as described in Section

E.2.4. In the decentralized case, if they clear a predetermined threshold they

decide to participate. In the centralized approach, a central node receives the

probabilities from each satellite and performs a greedy optimization based on

the success probability for the chosen team, creating a Pareto front of teams of

different sizes and their respective probability of success.

E.3 Results

In order to validate our complete approach to the planning problem, we com-

pare the teaming results of our approach to the team described in [22]. This

comparison can be seen in Figure E.3, where each dot is a team with their daily

assignment of satellites (e.g., Day 1: Sentinel-1, EO-1, Day 2: GOES-13) (which

we will call Teaming Strategies going forward), as outputted by the Verification

module . The X axis reents the mean number of satellites that have to be used

per day, and the Y axis is the maximum computed probability of mission success
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based off the results of our system. In order to ensure that the scores are fair to

each team, each dot is computed as the average of the teaming strategy applied

to 50 random missions generated by a Monte-Carlo approach. Thus, the blue

dots reent the best teaming strategies by tasking the whole Earth Observation

constellation currently on orbit to figure out a plan for our random missions,

while the red dots are the best teaming strategies our approach returns when

given the choice of only using the satellites in the benchmark team for the same

random missions.
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Figure E.3: Probability of mission success as a function of mean number of satel-
lites used per day for various teaming strategies. Results demonstrate that our
approach is capable of creating teams and daily assignments out of those teams
that compete and even improve upon expert-designed teams.

The mission assigned to our teams and the benchmark team is the same,

and that is to observe at least 2 out of 4 parameters (MWIR, TIR, SAR, and

Cloud Cover) every day for two weeks in a random location of Earth with high

volcanic activity.

169



We observe that the best teaming strategies –in terms of the trade-off be-

tween probability of success and satellite usage– generated by our approach

(the blue dots) dominate the teaming strategies generated from the benchmark

team at NASA we described (the red dots). Therefore, our approach appears

to create better teams and teaming strategies than the benchmark team that is

already in use – according to our own metrics, which may be different from the

ones used by NASA to make this decision.

Additionally, we provide some intermediate results showing the outputs of

the different subsystems in this method.

E.3.1 Results from Knowledge Representation

The main result of this subsystem is an initial Probabilistic Knowledge Base,

which can be reented either as triples or as part of a Graph Database, as seen

in Figure E.4. The knowledge base has a total of 2460 nodes and 12500 rela-

tionships. Specifically, there are 635 satellites, 927 sensors, 168 Measurements,

519 Types of Sensors, and 169 Agencies, among others. The relationships are

between sensors, satellites, measurements, events, with some examples being

what types of sensors can measure what properties (with 3403 of those), and

which measurements can be used to create higher level measurements and data

products (a count of 519), as well as relations between events and their observ-

able properties. For example, it finds that TIR Imaging multi-spectral radiome-

ters can generally measure Earth’s surface reflectance.

If we include the results from the knowledge extraction pipeline, there is

an increase of nodes in the knowledge graph from 2460 to 3063 (an increase of
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24.5%, with new measurements and properties leading the increase), while the

number of relationships between nodes has increased from 12500 to 14500 (an

increase of 16%, mostly in the field of what sensors can measure what).

Figure E.4: Excerpts from the Graph and Triples databases, showing informa-
tion on the satellites and sensors currently in orbit

E.3.2 Results from Reasoning over KG

The main result of this subsystem is a list of candidate satellites that can partic-

ipate, i.e., that are potentially useful for the given mission. There are 161 active

EO satellites orbiting Earth right now in the CEOS database. For the given mis-

sion “Active Volcano Monitoring”, UniKER gives a total of 113 satellites among

them as candidate satellites as far as sensor capabilities go. To validate our pre-

diction, we compare our prediction with a handcrafted ground truth based on

results from the CEOS database and the accesses of the satellite over the Kı̄lauea

volcano. 89 satellites are identified in this ground truth as potentially useful

satellites for our example mission from those in the CEOS database, according
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to their status as currently active, a path in the KG connecting their sensors to

the observable properties (e.g. a TIR sensor can measure TIR Radiance - TIR ra-

diance is generated by heat - a volcano eruption generates heat), as well as flying

over the volcano at the right times. UniKER’s logic prediction is able to find all

89 satellites given that all relationships linking measurements and events are

ent in the KG.

In addition, as our approach combines embedding and logical rules for bet-

ter KG inference, in order to show the enhancement of logical rules over embed-

dings we compare our proposed framework with TransE. TransE is the most

reentative knowledge graph embedding model, which learns graph embed-

dings without the incorporation of logical rules. As shown in Figure E.5, we

have plotted the two principal components of the learned embeddings for all

satellites. In particular, the red nodes reent the potential useful satellites given

in our ground truth while the black nodes reent other satellites in the KG. We

can observe that with only the embedding model, it is difficult to distinguish the

useful satellites from the others, while with the help of logical rules, the quality

of embeddings is improved dramatically.

E.3.3 Results from Sensor Planning Framework

The sensor planning framework outputs the probability of each participating

satellite successfully detecting an event given the event happened (true posi-

tives), as well as the probabilities of a false positive, true negative, and false

negative. To show an example of this intermediate result, we use the sen-

sor planning algorithm to calculate the p(Detected|EventHappens) for NASA’s
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(a) Result for TransE (b) Result for Our Proposed Framework

Figure E.5: Visualization of a Principal Component Analysis of Embedding Vec-
tors, showing that UniKER is capable of distinguishing useful satellites better
than TransE.

benchmark team in Table E.1. We can see that, as we would expect from pieces

of technology that usually cost millions of dollars, most sensors are good at

what they do. This seems to prove that our system can accurately predict the

probabilities we have mentioned.

E.3.4 Results from Synthesis of Teaming Assignment

The synthesis subsystem outputs the probability of mission success and the op-

timal team given information from the Sensor Planning Framework and the KG.

We generate a Pareto front of two objectives: minimizing the number of satel-

lites and maximizing the max probability of mission success, where the mis-

sion is to monitor any eruptions of the Kı̄lauea volcano over a two-week time

frame. To reduce the computation time, the process is parallelized to synthesize

a Pareto front for each timestep, which is then aggregated into an overall plot

(see Fig. E.6). To cover the entire length of the mission, we generate a sample
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Table E.1: Benchmark Team From NASA and the computed probabilities of
event detection from the sensors in each satellite

Satellites Sensors Observation p(Detected|EventHappens)

Aqua

AIRS Land surface temperature 0.99899652

MODIS Land surface temperature 0.99899652
Fire temperature 0.99999966

AMSU-A Land surface temperature 0.99899652
Cloud type 0.84130652

Terra
ASTER

Land surface topography 1.
Land surface temperature 0.99899652

Cloud type 0.99899652

MODIS Land surface temperature 0.99899652
Fire temperature 0.99999966

Sentinel-1 A C-Band SAR Land surface topography 0.99899652
Sentinel-1 B C-Band SAR Land surface topography 0.99899652

GOES-15 Imager Land surface temperature 0.99122158
Fire temperature 0.99999882

GOES-17 ABI
Fire temperature 0.99999966

Land surface temperature 0.99899652
Cloud type 0.84130652

of all possible teaming combinations of the parallelized daily results, which are

shown in gray. The red points reent the approximate Pareto front found from

the sample.

The Pareto front provides a way to compare the benchmark team to the final

team our system outputs. While the objective is to maximize probability, the

other objective of the Pareto front can change depending on the priorities of the

mission (e.g. minimizing energy usage instead of number of satellites, or some

more complicated utility function).
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Figure E.6: Pareto front for a mission to monitor any eruptions of the Kı̄lauea
volcano over two weeks, given a list of potential satellites. Each point on the
plot corresponds to a different synthesized teaming plan.

E.4 Conclusion

This paper described a new decentralized, context-based, on-board planning al-

gorithm for future EO systems such as sensor webs, smart heterogeneous con-

stellations, or federated systems. We explained in detail the three steps of our

method, where each satellite first decides whether it can participate, then if it

should participate, and finally a central node creates and formally verifies a

good (potentially optimal) team for the mission. Two different teaming algo-

rithms were described, based on the desire for more optimal centralized syn-

thesis. Initial results for each step as well as the whole method were provided.

These initial results show that our approach can create teams with a higher prob-

ability of success while using less satellites daily to perform a volcano monitor-

ing mission than currently available systems that perform the same task.
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The main limitation of this paper is the lack of more valid benchmarks and

comparison systems to characterize the performance of the proposed approach.

Although the comparison described in the Results section is a good first step,

a more exhaustive performance benchmark is necessary. In order to further

validate our system, we plan to create a benchmark platform with missions

and benchmark teams against which our approach can be compared to the ap-

proaches mentioned in the introduction. We are particularly interested in com-

paring our system to other decentralized approaches such as the ACBBA-based

approach described in [65], as well as the modified CBBA approach in [37].

A further limitation of the approach is that when it checks whether a satellite

should participate in a mission, it does not check what that would imply for

the current mission being performed by that satellite. We plan to extend the

approach to a multi-mission framework in the future in order to address this

limitation, as well as allow for different types of mission, such as multiple event

detection, instead of the current single event detection approach. For example,

we would like to test the system with a meta-mission to detect multiple natural

disasters instead of just limiting it to a single one, like a Volcano Eruption. This

requires expansions in all parts of our approach, among other things to support

the testing of multiple simultaneous hypotheses.

In addition, in order to validate the a priori probabilities of success that are

given as an output of our approach, we plan to enhance our current Monte-

Carlo simulation system to include timelines for each of the physical observa-

tions for each random event and check whether the system’s is capable of de-

tecting the correct percentage of events (i.e. if the approach says a certain team

will detect an event 90% of the time, it should detect 9/10 events).
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Finally, we plan on further expanding the text mining capabilities to keep in-

creasing the size of the KG, as well as incorporating more complex constraints

on the mission specification that involve spacecraft resources, which are as-

sumed as infinite and perfect right now. Besides, we plan on adding a capa-

bility for the system to understand and exploit sensor synergies. Furthermore,

our team synthesis approach has two steps where a random algorithm is used

due to the time complexity of the optimal approach. These will be improved

upon by using algorithms currently available in the literature such as Tourna-

ment Selection and Genetic Algorithms.
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