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ABSTRACT

This thesis explores a decentralized multi-robot task scheduling problem in which a heterogeneous

group of energy-constrained robots collaborates to complete tasks with varying capability requirements and

cross-schedule dependencies. We introduce a framework along with three distributed algorithms, coined

Greedy plus Wiggle Scheduling (G+WS), Monte Carlo plus Wiggle Scheduling (MC+WS), and Q-Learning

plus Wiggle Scheduling (QL+WS), which utilize a task allocation approach termed wiggle scheduling to

allocate tasks to robots. To benchmark performance, the proposed algorithms are compared against a

centralized mathematical optimization solution implemented using Gurobi.

Experimental evaluations demonstrate that the MC+WS algorithms consistently produce better

solution rewards than the other distributed algorithms and can produce solution rewards at 95% average of

optimal solution while having a significantly faster algorithm run time compared to the centralized

solutions, but are still slower than the other distributed algorithms and lack scalability. The G+WS

algorithm yields the lowest solution rewards, at 86% average of optimal, but consistently achieves the

fastest algorithm run time and demonstrates strong scalability as the number of tasks and robots increases.

The QL+WS algorithm offers a balanced trade-off, requiring less algorithm run time than MC+WS while

producing better solution rewards than G+WS, at 89% of optimal.
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CHAPTER 1

INTRODUCTION

Multi-robot systems (MRS) have become integral to applications such as warehouse automation,

manufacturing, and disaster response. By enabling robots to work collaboratively, MRS can achieve higher

efficiency, improve scalability, and increase safety compared to single-robot or human-based solutions.

However, effective coordination within these systems requires reliable Multi-Robot Task Allocation

(MRTA) algorithms to assign tasks in a manner that optimizes key objectives such as efficiency, energy

usage, and task completion time.

The MRTA problem is highly diverse, with variations based on task requirements, robot capabilities,

and environmental constraints. These variations lead to challenges in designing algorithms that can

effectively allocate tasks under complex conditions. Centralized solutions are commonly employed due to

their ability to optimize globally. However, they suffer from critical drawbacks, including scalability

limitations, increased computation time, and single points of failure. Centralized approaches are also

particularly problematic when the robots are deployed and lack reliable infrastructure that enables

centralized decision making. These limitations are particularly problematic in scenarios such as disaster

response, where timely decisions making and system robustness are important.

In this work, we focus on a disaster response variation of the MRTA problem where a heterogeneous

group of robots must coordinate to complete a set of reward carrying tasks that vary in complexity and

resource requirements, including needing multiple robot working on it at the same time to complete.

Moreover, energy constraints add an additional layer of complexity, as robots must optimize and

coordinate task allocation while ensuring sufficient energy for task execution and mobility. Furthermore,

robots need to wait for other robots to arrive for tasks requiring more than one robots to complete, adding

an additional layer of complexity to energy constraints. For example, a disaster response scenario might

include multiple locations that needs help. Depending on the importance of each location, a different

priority is given (in our case, a reward). Some tasks might need coordination from multiple robots. For

instance, a task might need a robot to push debris while the other robot help the victims get out. In a

real-world situation, robots’ energy are limited. Thus, the algorithm would need to ensure that the robots

are able to complete as many tasks as possible.

To address these challenges, we created a framework and made three distributed MRTA algorithms,

coined the Greedy plus Wiggle Scheduling (G+WS), Monte Carlo plus Wiggle Scheduling (MC+WS), and

Q-Learning plus Wiggle Scheduling (QL+WS) algorithms. All these algorithms incorporates a task

1



allocation approach termed wiggle scheduling, which enables adjustment of task schedules to satisfy

cross-schedule dependencies. To evaluate the performance of our distributed approach, we compared it

against a centralized optimal solution generated using the Gurobi mathematical optimization solver.

Through experiments grounded in real-world disaster scenarios, we demonstrate that the MC+WS

algorithm achieves optimal or near-optimal rewards for most problem sets but struggles with scalability.

The G+WS algorithm produces the lowest rewards but scales efficiently with increasing numbers of tasks

and robots. The QL+WS algorithm lies between the two, achieving better rewards than G+WS and offers

better scalability than MC+WS. With these distributed algorithm, we are able to overcome the limitations

of centralized solution with faster computation time and high scalability.
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CHAPTER 2

RELATED WORK

The MRTA problem has been extensively studied in the literature and can be categorized using the

taxonomy introduced by [1, 2]. There are single-task robots (ST) or multi-task robots (MT), where robots

can only work on one task at a time or multiple tasks at a time, respectively, single-robot tasks (SR) or

multi-robot tasks (MR), where tasks require one robot to complete or some tasks require multiple robot to

complete, respectively, and instantaneous assignment (IA) or time-extended assignment (TA), where tasks

can only be assigned instantaneously or tasks can be assigned over a time horizon, respectively. The

variation considered in this thesis is classified as ST-MR-TA with additional cross-schedule dependencies

(XD), where robots have to coordinate their schedules for task assignment.

There exist some similarities between the MRTA problem and the Vehicle Routing Problem (VRP),

particularly in the need to assign agents to locations under various constraints. Like MRTA, VRP is often

approached using centralized methods. For instance, [3] presents a deep reinforcement learning framework

for the Vehicle Routing Problem with Backhauls (VRPB), where dependencies exist between delivery and

pickup customers. The work in [4] addresses the Vehicle Routing Problem with Parcel Lockers (VRPPL)

using a simulated annealing algorithm, accounting for parcel locker capacity, customer time windows, and

vehicle constraints. In the context of electric vehicles, [5] introduces a bilevel ant colony optimization

algorithm for the Capacitated Electric Vehicle Routing Problem (CEVRP), simultaneously handling route

planning and recharging schedules. As our work involves energy constraints, planning energy-efficient

routes between tasks is one of the important factors for our work, showing some commonalities with VRP

in terms of route optimization. However, unlike VRP tasks, which are typically independent and served by

a single vehicle, our setting involves MR tasks. Furthermore, while VRP dependencies often involve

sequential constraints such as a delivery needing to occur before a pickup, our work incorporates more

complex XD that needs coordination between robots since all involved robots in MR tasks have to be

present at the task location before task execution. Another distinction is that VRP typically has agents

visiting a waypoint but not remaining there for a specific duration, whereas our formulation implicitly

requires task duration to be accounted for during scheduling. These constraints, combined with a

decentralized framework, distinguish our problem from traditional VRP formulations.

MRTA typically requires some form of conflict resolution for situations where more robot are assigned

to a task than necessary. Auction-based algorithms address this by treating assignment as an auctioning

process where robots submit bids for tasks and tasks are awarded to the best bidders. For example, the
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auction-based algorithm evaluated in [6] enables robots to bid on either a single task or a bundle of tasks

while resolving conflicts through a consensus phase. Similarly, the work in [7] has robots compute feasible

sets of tasks, then bid on entire groups, improving efficiency in complex logistics setting. Other methods

such as [8] present a marginal-cost-based auction algorithm that guarantees a bound on a solution. The

broader market-based approaches surveyed in [9] highlight that most algorithms rely on explicit bidding

mechanisms such as auctions or consensus phases to achieve conflict resolution and task convergence. In

contrast, our approach relies on a simple distributed heuristic, where robots autonomously unassign

themselves from tasks that have too many assigned robots based on remaining energy, effectively

prioritizing robots with more energy left without a formal bidding phase. This is particularly suitable for

our problem domain, where not all tasks can be completed in most scenarios, resulting in a single robot

dominating tasks execution unlikely.

Numerous solutions have been developed for different MRTA variations. Many of them are centralized

solutions. For example, studies such as [10–14] focus on ST-SR-TA problems using centralized methods.

However, our problem includes MR tasks, which adds more complexity to the problem. Centralized

solutions for ST-MR-TA problems have been explored in several works such as [15–21]. These works

employ a variety of approaches, including Genetic Algorithms (GA) [16, 17], Ant Colony algorithms

[18, 19, 21], heuristic-based algorithms [15], and a combination of Deep Q-Learning and Evolutionary

Algorithms [20]. While these approaches address some challenges, they inherit the drawbacks of centralized

solutions such as scalability and robustness issues.

Decentralized solutions, by contrast, offer better potential for scalability and resilience to robot failure,

making them more suitable for our problem setup. From the literature review, we found that research

efforts in this domain have largely resulted in distributed solutions for ST-SR-TA problems. For example,

the authors in [22] utilize graph-based reinforcement learning for distributed MRTA. The work in [23]

introduced a parallelized and decentralized GA, where each agent runs its own GA and broadcasts the best

solution to others. Two distributed solutions are presented in [24], where one uses a sequential approach

(i.e., the robot with the highest priority chooses the task first) and the other uses a negotiation approach

for task allocation. The authors in [25] introduced two strategies for reaching consensus among robots

during task allocation and incorporated a local route optimization method to improve task sequencing.

Finally, [26] presents a rank-based consensus mechanism that first allows each robot to select tasks using

any heuristic and then goes through a bidding process to allocate tasks, with conflicts resolved through

fixed rankings. These methods provide promising solutions for ST-SR-TA problems, but the problem we

are focusing on for this thesis is MR tasks, which involve more coordination and dependencies between

agents’ schedules. Although not as much, there also exist distributed solutions for ST-MR-IA problems.
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The work in [27] presented a solution where a local search algorithm is used to minimize the probability

that robots fail during task execution. However, in this thesis robot failure is currently not considered for

our approach.

Communication constraints are an important consideration in real-world decentralized MRS. Prior

research has addressed task allocation under constrained or unreliable communication. For example, [6]

evaluates decentralized auction algorithms under different communication models, while [8, 28] considers

robots with limited communication range. In our work, we assume reliable communication between robots.

Specifically, we assume that robots can communicate indirectly via message hopping, ensuring that no

robot is isolated before completing task assignments and robot deployment.

Our problem setup incorporates energy constraints to more accurately reflect real-world operational

limitations faced by disaster response robots. From the literature review, we found that although some

prior works consider energy as an optimization objective, few enforce it as a hard constraint. For example,

in [12, 14], although energy consumption is part of the objective function, there is no explicit upper limit on

how much energy a robot can spend. In contrast, [28, 29] introduced explicit energy limits for robots but

allows recharging at a charging station, allowing energy recovery during operation. In our problem setup,

robots do not have the ability to recharge, making the energy constraint strict and non-recoverable, posing

a more challenging constraint. Other works such as [10, 13, 24] also enforce energy constraints, but focus on

centralized ST-SR-TA variants of MRTA. Among decentralized approaches, [25] includes a maximum travel

cost, which can be interpreted as an energy cap, and uses cost minimization as the objective. However,

their work also remains within the ST-SR-TA variants of MRTA. In contrast, our work addresses MR tasks

with XD (ST-MR-TA-XD), where all participating robots must be present for a task to commence. An

example of an MR task with XD constraints is a task that requires an aerial robot to provide real-time

video footage while a ground robot works on clearing debris, requiring both to be present simultaneously.

This necessitates robots to wait for others, increasing idle energy consumption. As such, energy constraints

play a critical role in our ST-MR-TA-XD formulation and further differentiate it from prior work.
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CHAPTER 3

PROBLEM DEFINITION AND FORMULATION

We consider a disaster response scenario where a team of energy-constrained robots with heterogeneous

capabilities are required to complete a set of tasks that carries rewards. Each task requires some amount of

time to complete and might need two or more robots working on it at the same time for the task to be

completed. For each robot needed, there is a set of capability requirements. The goal is to find a matching

of robots to tasks such that a maximum reward is achieved. The problem is easily shown to be NP-Hard by

reduction from the traditional MRTA problem found in Gerkey and Matarić [1].

The problem can be more formally defined as the following Mixed Integer Non-Linear Program. Let I

be a set of robots, J be a set of tasks, K be a set of “task slots” where tasks ordering are defined for each

robot, L be a set of robot capabilities, and S be a set of “capabilities match” between robot and tasks that

determine the set of tasks capabilities requirements met by robots, where |I| = n, |J | = |K| = m, |L| = r,

and |S| = z. Binary variable yj determines if task j is completed while xijks determines if robot i has a

capabilities match with set s capability requirements for task j and is queued as the robot’s kth task. For

simplicity, xkijs =
∑

k∈K xijks, x
s
ijk =

∑
s∈S xijks, xij =

∑
k∈K

∑
s∈S xijks. Constant µj is the reward

achieved for completing task j and γj is the minimum required number of robots to complete the task.

Continuous variable tj sets the start time of task j, constant τ cj is the time required to complete the task,

and τ i
jĵ

is the time required for robot i to move from task j to ĵ. Binary variable ajĵ determines if task j is

completed strictly before task ĵ starts. ρjls and κil are both constant binary term that involves

capabilities, where ρjls store set s capabilities requirement l for task j and κil informs robot i capabilities

l. Continuous variables tci , t
t
i, and t

w
i track the total time robot i spend completing tasks, moving from one

task to another, and waiting, respectively (all measured in seconds). We assume that the energy consumed

by robot i for each type of action (completing tasks, moving, and waiting) can be calculated as the product

of the total time spent doing each action and some constant, where αi
1, α

i
2, and α

i
3 are the constants for

completing tasks, moving, and waiting. Each robot has a maximum energy budget of φi. In our

formulation, M represents an arbitrary large value.

Additionally, all robots have a “start-task” and an “end-task”. These are tasks in J that determine the

start location of a robot (the robot’s start-task) and the ending location of a robot (the robot’s end-task).

For robot i, we denote these tasks as ì ∈ J and í ∈ J for the robot’s start-task and end-task, respectively.

Since ì and í are only there to provide robot i with a starting location and ending location, there are no

actual tasks that need to be completed. Thus we are setting τ c
ì
= τ c

í
= 0.
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Our objective is to maximize the reward achieved for completing tasks.

max
∑
j∈J

µjyj (3.1)

Subject to:

xsijkx
s
iĵ(k+1)

≤ ajĵ ≤ 1,∀i ∈ I, j ∈ J, ĵ ∈ J (3.2)

tĵ +M(1− xijxiĵajĵ) ≥ tj + τ cj + τ i
jĵ
,∀i ∈ I, j ∈ J, ĵ ∈ J (3.3)

yj
∑
i∈I

xij +M(1− yj) ≥ γj ,∀j ∈ J (3.4)

(ρjls − κil)xkijs ≤ 0,∀i ∈ I, j ∈ J, l ∈ L, s ∈ S (3.5)

∑
j∈J

xsij(k+1) ≤
∑
j∈J

xsijk,∀k ∈ K, i ∈ I (3.6)

∑
j∈J

xsijk ≤ 1,∀k ∈ K, i ∈ I (3.7)

tci =
∑
j∈J

τ cj xij ,∀i ∈ I (3.8)

tti =
∑
k∈K

∑
j∈J

∑
ĵ∈J

xsijkx
s
iĵ(k+1)

τ i
jĵ
,∀i ∈ I (3.9)

twi = t́i − (tci + tti),∀i ∈ I (3.10)

αi
1t

c
i + αi

2t
t
i + αi

3t
w
i ≤ φi,∀i ∈ I (3.11)

xs
ìi0

= 1,∀i ∈ I, ì ∈ J (3.12)

xìi = 1,∀i ∈ I, ì ∈ J (3.13)
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xíi = 1,∀i ∈ I, í ∈ J (3.14)

xs
íik

∑
j∈J

xsij(k+1) = 0,∀i ∈ I, k ∈ K, í ∈ J (3.15)

aìj = 1,∀i ∈ I, j ∈ J, ì ∈ J (3.16)

Constraint 3.2 forces task j to be completed strictly before ĵ if robot i is performing both task j and ĵ.

Constraint 3.3 forces tasks ĵ start time to be after task j ’s end time if robot i is assigned to both task j

and ĵ and it has been determined that ĵ should begin strictly after j has been completed. Constraint 3.4

requires that the minimum number of robots required to complete task j (γj) are assigned to the task if

the task is to be completed. Constraint 3.5 ensures that any robot i assigned to task j meets all

capabilities requirements for task j. Constraint 3.6 ensures task filling task slots for robot i leave no empty

slots between filled slots. Constraint 3.7 ensures that robot i is not assigned more than one task for each

task slot. Constraints 3.8 and 3.9 are used to track the time that robot i spends completing tasks and

traveling from task to task while constraint 3.10 tracks the amount of time that the robot spends waiting

using the start time of robot i ’s end task í. Constraint 3.11 enforces the robot’s energy budget based on

the time the robot spends completing tasks, moving, and waiting. Constraints 3.12 and 3.13 force robot i

to perform start task ì as the first task of robot i. Constraints 3.14 and 3.15 forces robot i to perform end

task í as the final task of robot i. Lastly, constraint 3.16 further ensures that start-task ì is performed

before any other task.
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CHAPTER 4

PROPOSED FRAMEWORK

Figure 4.1 Framework for distributed algorithms created for this MRTA problem.

We developed a framework that outlines the execution process of our distributed algorithms. The

framework is shown in Figure 4.1 where we can see different stages of the algorithms. Before delving into

the details of the algorithms itself, we first describe the overall structure of the framework, which can be

summarized as follows:

1. The first step involves assigning rewards to tasks. All tasks have a predefined reward that is used to

calculate the final rewards obtained by the complete tasks assignment. However, a new temporary

reward may be reassigned during this stage, if needed, to better support the task assignment process.

As shown in Figure 4.1, two reward assignment strategies are available. The “Predefined” method

uses the predefined rewards associated with each task, while the “Random” method reassigns rewards

using randomly generated values.

2. The second stage initiates the task assignment process. This stage involves a loop between choosing a

task and assigning it using a task assignment method called wiggle scheduling. Two strategies are

made for choosing a task. The “Greedy” method selects the highest reward task that is unassigned.

The “Q-Learning” method refers to a Q-Learning based approach, which uses a basic reinforcement

learning strategy to choose the next task. A detailed explanation of the task assignment process is

provided in the next subsection.

3. The final stage produces the complete task assignments for all robots. Reward calculation from this

stage will be using the original, predefined reward.
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4.1 Tasks Assignment: Pseudocode

Algorithm 1 Tasks Assignment

1: ζ = Null
2: X, tai , Ic, yj ←Inputs()
3: if there is tasks available then
4: ζ ← ChooseTask()
5: if insufficient robot assigned to task then
6: if this robot not assigned to ζ then
7: assign ζ to this robot
8: else if all robots are assigned to ζ then
9: find a new task for this robot

10: end if
11: else
12: if this robot not assigned to ζ then
13: assign ζ to this robot
14: else
15: verify task requirements and reallocate if necessary
16: if all task requirements fulfilled and no redundancy then
17: run WiggleScheduling(ζ)
18: end if
19: end if
20: end if
21: if there is changes on X, Ic = 0, else Ic += 1,
22: else
23: no changes made to X, Ic += 1
24: end if
25: Update variables→Update(X, tai , Ic, yj)
26: if Ic == n then
27: Task assignment complete
28: else
29: Send message to neighbor→Send(X, tai , Ic, yj)
30: end if

In this subsection, we are diving deeper into the process of task assignment. Algorithm 1 presents the

pseudo-code for tasks assignment. Five functions are defined to help with the process. They are

“ChooseTask,” “WiggleScheduling,” “Inputs,” “Update,” and “Send,” where the “ChooseTask” function is

responsible for choosing the next tasks, the “WiggleScheduling” function is responsible for assigning the

task, the “Inputs” function initializes variables or receives incoming messages from other robots, the

“Update” function is used to update variables accordingly, and the “Send” function compiles all relevant

variables into a message and transmits it to the next robot. The “ChooseTask” and “WiggleScheduling”

function will be discussed further in the following subsections.

The robot with the lowest index number, i, will run algorithm 1. All other robots will only run

algorithm 1 when they receive a message. Variables are initialized based on the problem set for the robot

with the lowest index number. The other robot will update the variables associated with new information
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received with the “Inputs” function, as shown from line 2.

The algorithm then checks if there are still tasks available for robot i. If there are no more tasks, the

algorithm will proceed to increment a counter that counts when no changes are made to the schedule, Ic,

by one, as shown from line 22 to line 24. If there are tasks available, a task is chosen with the

“ChooseTask” function and is stored in variable ζ, as shown in line 4. Next, if the number of robots

working on task ζ does not meet the minimum number of robots required for the task, robot i will either

assign itself to the task, if not already assigned, or find a new task to do if all robots that can work on task

ζ have already assigned themselves to the task. Otherwise, do nothing since other robots might still need

to assign themselves to task ζ. These steps are represented by line 5 to line 10 of the algorithm. Then, if

there are sufficient robots working on task ζ, but the robot itself is not assigned to the task, it will assign

itself to the tasks since this robot might be the optimal choice for that task (lines 12 and 13). If robot i is

already assigned to task ζ, the algorithm proceed to check if all the task’s requirements have been satisfied.

If there are more than the required number of robots assigned to the tasks, the robots that are fulfilling the

same capabilities requirements will unassign themselves if their tasks schedule are fuller then others (line

15). If all task requirements are satisfied and there is no extra robot assigned to task ζ, the algorithm will

proceed to run the “WiggleScheduling” function (lines 16 and 17).

After completing the “WiggleScheduling” function, if changes are made to the global task schedule, X,

where the schedules of all robots are compiled together, Ic will be set to 0, otherwise Ic is incremented by

one, as shown by line 21. After that, X is updated together with other data as necessary by the “Update”

function. The information is then sent to the next robot by the “Send” function if Ic is not equal to n. If

Ic is equal to n, it means that the task assignment have been completed and the algorithm stops, as shown

from line 25 to line 30.

4.2 Tasks Assignment: Task Selection

The first component of “Tasks Assignment” is choosing a task. This is where the “ChooseTask”

function is discussed. Two methods are created for the function. The first method is called “Greedy” since

the highest reward task is chosen from the set of unassigned and doable tasks without further

consideration. The second method is called “Q-Learning” since the next task is chosen using a Q-Learning

based approach.

The Q-function incorporates several features to guide task selection. For task j, they are:

• Feature 1 (f1): The reward for completing task j.

• Feature 2 (f2): The average percentage of energy consumed when moving from task j to other tasks.
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• Feature 3 (f3): The percentage of energy needed to complete task j.

• Feature 4 (f4): The number of robots required to complete task j.

• Feature 5 (f5): The average percentage of potential energy consumed by adding task j to the

schedule of robot i.

• Feature 6 (f6): The minimum percentage of potential energy consumed by adding task j to the

schedule of robot i.

Together, the Q-function is as follows, where wq is the weight associated with the feature, fq:

Q-function = w1f1 − w2f2 − w3f3 − w4f4 − w5f5 − w6f6 (4.1)

Modification is made to the traditional Q-Learning method so that it can be used in a distributed

algorithm. The process of the “Q-Learning” method proceeds as follows:

1. Each robot calculates a Q-value for all available tasks it is capable of performing using the Q-function

mentioned above (equation 4.1). The Q-values are computed independently without knowledge of

other robots’ capabilities.

2. Robot i sends its calculated Q-values to its neighboring robot. The Q-values associated with the

same task are then summed together.

3. After one round of message passing, robot i receives the final sum of Q-values from all robots and

selects the next task based on the highest total Q-value.

For training, the reward for the Q-Learning approach, Qreward, is computed by subtracting the actual

reward µj of tasks j with the percentage of energy consumed for completing task j by all the robots

involved.

ψi = (% of energy consumed by robot i for completing task j) (4.2)

Qreward = µj −
∑
i∈I

ψixij (4.3)

After the reward for Q-Learning has been computed, it is used to update the weight, wq, following the

equations below:

β = Qreward + ν max
Qvalue,ĵ∈Q

Qvalure,ĵ −Qvalue,j (4.4)
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wq = (1− δ)wq + δβfq (4.5)

For Equation 4.4, Qvalue,j denotes the Q-value of the previously chosen task j, and

maxQvalue,ĵ∈QQvalue,ĵ denotes the maximum Q-value for next potential task ĵ from the set of Q-value, Q,

for all tasks.

Equation 4.4 calculates the temporal difference error, β, which is the difference between the current

Q-value and the target value. In the equation, ν is the user-defined discount factor that controls the

importance of future predicted reward. Then, the equation 4.5 will update the weight using δ, which is a

user-defined learning rate that determines how much the weights are adjusted in response to β. The

feature vector fq is also included in updating the weights, resulting in features that are more prominent

getting larger updates. Together, these two equations allow the Q-Learning method to refine its prediction

of tasks’ Q-value over time. With a more accurate prediction, the algorithm will perform better in select

tasks that are expected to yield higher overall rewards.

4.3 Tasks Assignment: Task Assignment via Wiggle Scheduling

After the task is chosen, the second component of “Task Assignment” starts. This is where the

“WiggleScheduling” function is discussed. The tasks mentioned in our problem have cross-schedule

dependencies since they involve MR tasks. Robots that are assigned to MR tasks need to arrange their

schedule in such a way that they will all be present at the task location at the same time before the task

can be worked on. However, since this is a distributed approach, each robot has its own task schedule.

Robots do not have information about other robots except for the information transmitted.

During startup, each robot will be given some global and system information. Global information given

includes the number of tasks, m, number of robots n, reward for completing each tasks, µj , number of

robots required to complete tasks, γj , time required to complete tasks, τ cj , and tasks capabilities

requirement, ρjls. The algorithm will also be given system information regarding the robot. This includes

the time required for robot i to move from one task to another, τ i
jĵ
, energy required from robot i to

complete task, αi
1, move, αi

2, and wait, αi
3, the energy budget for robot i, φi, and robot i ’s capabilities, κij .

Since each robot does not have information about other robots’ capabilities and energy usage, they could

not freely assign tasks or change the task ordering of other robots, making it hard to coordinate the task

scheduling of each robot. Thus, a new task scheduling method for robots is created, coined wiggle

scheduling.
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Wiggle scheduling provides robots with the ability to store tasks as a time-needed block that can be

moved around easily. This allows easier coordination of tasks that require more than one robot to

complete. By combining information on how much time it takes for robot to move from its current task j

to the new task ĵ and the time needed to complete task ĵ, we obtain the time-needed block, with bs
ĵ
and be

ĵ

representing the start and end time of the time-needed block for task ĵ, respectively. It is important to

notice that bs
ĵ
is not the start time of task ĵ, but rather the time when the robot should begin moving from

the prior task j to task ĵ, while be
ĵ
is the end time of task ĵ. Since each robot has energy constraints, an

absolute end time is needed to prevent tasks from being scheduled beyond the robot’s energy capacity.

Absolute end time, tai , represents the latest time after startup by which the robot absolutely must start

moving towards the end task location to prevent running out of energy before reaching it. Absolute end

time can be calculated using the following equation:

ti
jí
=

∑
k∈K

∑
j∈J

xsijkx
s
íi(k+1)

τ i
jí
,∀i ∈ I, í ∈ J (4.6)

twi =
φi − tciαi

1 − ttiαi
2

αi
3

,∀i ∈ I (4.7)

tai = twi + tci + tti − tijí,∀i ∈ I (4.8)

Where equation 4.6 provides ti
jí
, which represents the time it takes for robot i to move to the end task í

from the task scheduled immediately prior. Equation 4.7 calculates the amount of time robot i spends

waiting, assuming that all energy is used. Equation 4.8 shows that absolute end time is calculated by

summing the time robot i spent waiting, completing tasks, and moving, excluding the time required for

robot i to travel from the last scheduled task to the end task.

The process of wiggle scheduling can be summarized as follows, assuming that task j is the chosen task:

1. Identify all available time slots in which task j can be scheduled.

2. Verify each time slot by checking whether there is sufficient energy and time between the preceding

and succeeding tasks within the time slot.

3. Assign task j at the verified time slot with the least time between the preceding and succeeding tasks.

4. If the task is not an MR task, the task is successfully assigned.

5. If the task is an MR task, attempt to align tasks with other involved robots. Robot can shift the

position of tasks in other robots’ task schedules, as long as the ordering of tasks remains unchanged.
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If the ordering of tasks is preserved, the time-needed block and absolute end time remain valid,

allowing tasks to “wiggle” as needed, making it easier for MR tasks to align across different robots’

schedules.

6. If alignment fails, save the current task schedule and forward it to the next robot.

7. Robots with the same tasks assigned go through similar process.

8. Each robot is allowed to change the task order within its own schedule (changing time slot), including

placing tasks in between already assigned tasks, as long as there is enough time in between the

preceding and succeeding tasks and there is enough energy. If the task order changes, the

time-needed block and absolute end time are updated appropriately by wiggle scheduling.

9. After one round, if any schedule changes occurred, try to align again. If no changes were made, check

whether any verified time slot can be aligned, and place the task in that time slot. If none are

feasible, do nothing. Send the resulted task schedule to the next robot.

10. If there are still no changes to the schedule in the second round, move to the next best-verified time

slot.

11. All involved robots repeat step 5 to step 10 until either there are no more time slots or the task has

been successfully aligned. In both cases, mark the task as either unassignable or completed,

respectively.

Figure 4.2 shows a simple example of wiggle scheduling, starting with robot 1 at round n, where it

attempts to align task 4. The example involves 4 robots and 5 tasks, where task 4 involves robots 0, 1, and

2. The gray spots on the schedules represent time periods when robots are waiting.
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(a) Robot 1 starts aligning process, arrows show potential time slot.

(b) Verified time slot are sorted based on the amount of time between
preceding task and succeeding task, with lowest possible time leading. Task 4
moved to time slot one.

(c) Task 4 on robot 2 stays while task 4 on robot 0 moves.

(d) while running steps 7 of the algorithm, robot 1 found a better time slot for
task 4 and moved task 4 to time slot 2.

(e) Robot 1 successfully aligns task 4 with robot 0 and robot 2.

Figure 4.2 Process of robot 1 trying to align task 4. The varying length of the gray column represents the
difference in tai .
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First, the arrows in Figure 4.2(a) show the potential time slots for placing the task. Then, Figure 4.2(b)

shows elimination of one of the time slots due to either insufficient energy or insufficient time between task

0 and task 2. The numbering on the arrows indicate the priority of the verified time slot, with the slot

having the lower gap between the preceding and succeeding tasks receiving higher priority. Figure 4.2(b)

shows that Task 4 in robot 1’s schedule is moved to time slot 1. Next, Figure 4.2(c) shows the schedule

after one round. During that round, both robot 0 and robot 2 had the opportunity to start the alignment

process. Task 4 on robot 2’s schedule remained in the same time slot while task 4 on robot 0’s schedule

moved time slot. Robot 1 made no changes. After another round, Figure 4.2(d) shows the wiggle

scheduling moving task 4 on robot 1 to time slot 2. Finally, robot 1 adjusted the schedule of robots 0 and

2, successfully aligning task 4 across all involved robots, as shown in Figure 4.2(e). It is important to

notice that during the alignment of task 4, tasks 0 and 2 on all involved robots’ schedules remained aligned

even when moved. This ensures that tasks which have already completed their alignment do not

unintentionally misalign during the assignment of new tasks.

4.4 Algorithms

Using the above framework, three different algorithms are created. They are the Greedy plus Wiggle

Scheduling (G+WS) algorithm, the Monte Carlo plus Wiggle Scheduling (MC+WS) algorithm, and the

Q-Learning plus Wiggle Scheduling (QL+WS) algorithm.

4.4.1 G+WS Algorithm

The G+WS algorithm uses the “Predefined” method for assigning rewards to tasks. For tasks

assignment, the “Greedy” method is used to choose tasks while tasks assignment is carried out using wiggle

scheduling.

4.4.2 MC+WS Algorithm

To maximize the total reward obtained from the problem set, the “Greedy” method is designed to

prioritize tasks that offer higher rewards. However, since this problem involves energy constraints and

varying capabilities requirements, choosing tasks based solely on reward might not always be the better

choice. To address this, the MC+WS algorithm uses the “Random” method for assigning task rewards,

effectively introducing randomized prioritization. Below summarize the process of MC+WS algorithm:

(a) λ instances of the algorithm will be executed, where λ is a positive integer value of either one or more.

(b) Assign reward to task. There must exist one instance of λ using the “Predefined” method. The

others will use the “Random” method.
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(c) “Greedy” method is used to choose task for the tasks assignment stages, and wiggle scheduling is

used to assign task. This step is repeated until all task are either assigned or deemed unassignable.

(d) Store the complete tasks assignment and calculate the reward obtained using the original µj .

(e) Repeat process (b) to (d). After all instances of λ are completed, the task assignment yielding the

highest total reward is selected as the final solution.

4.4.3 QL+WS Algorithm

The MC+WS algorithm has the potential of obtaining better rewards, but it might not be reliable due

to its randomized nature and the requirement to run λ instances can result in higher run time of the

algorithm. To avoid the need for multiple runs with MC+WS, QL+WS algorithm uses the “Predefined”

method when assigning rewards to tasks and employs the “Q-Learning” method when choosing a task to

ensure that the tasks with the highest Q-value are chosen. Similarly, wiggle scheduling is used to assign

tasks to robots.

4.4.4 Algorithms’ Robustness

While the current solutions do not support continued execution in the event of a robot failure,

robustness to such failures can be incorporated relatively easily. When one of the robots is deemed to have

failed, its associated task schedule can be removed from the global task schedule X. The tasks affected can

then be marked as incomplete and be reassigned to the remaining robots using the same task assignment

process. This is worth exploring for future work.

4.5 Message Passing Between Robots

For our distributed implementation, the robots will form a unidirectional ring topology for

communication. During startup, the robot with the lowest ID initiates the message-passing process. The

global task schedule X is propagated through the network, allowing all robots to have the most up-to-date

task schedules. It is worth mentioning that while a ring topology is used in our implementation for

simplicity, the algorithm does not rely on it specifically, it only requires that each robot execute once and

only once per round. During the first round of message passing, if the “Random” method is used to assign

task rewards, the lowest ID robot will also transmit the reward values µj as determined by the randomizer

to inform other robots. The message also includes yj and metadata such as Ic. Additional metadata is

included for the time-needed block, specifically ωijs that specifies which set s of capabilities requirements

from task j are met by robot i, if applicable. The value of ωijs is interpreted as follows:

• -2 if robot i cannot perform task j.
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• -1 if robot i might be able to perform task j.

• s if robot i have been assigned to task j and matches set s’s capabilities requirements.

Each robot’s schedule has one time-needed block for each task, resulting in a total of m time-needed

blocks per robot. These are stored in an array χi, representing the schedule of robot i. X is constructed by

combining χi arrays from every robot. The message passing would then include X, tai for all robots, Ic,

and yj .

Algorithm 2 Initialization

1: X.array[n] = χi = Ic = yj = bsj = bej = tai = Null
2: for ∀j ∈ J do
3: ωijs = 0
4: update ωijs based on capabilities to complete task j
5: χi.append({j, ωijs, b

s
j , b

e
j})

6: end for
7: X.Insert(i, χi)

During startup, all robots will run algorithm 2 to initialize their task schedules. The algorithm will

iterate through each task and check whether the robot meets the minimum requirements to work on task j.

If so, ωijs is updated accordingly, as shown in line 4. Both bsj and bej are initially set to Null since task

assignment has not begun. Next, the time-needed block is formed by combining j, ωijs, b
s
j , and b

e
j , which

are then pushed into the array χi, as shown in line 5. After all tasks have been initialized for robot i, the

array χi is inserted into position i of the global task schedule X, as shown in line 7.
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CHAPTER 5

PERFORMANCE EVALUATION VIA FIELD EXPERIMENT

This experiment was conducted to evaluate the performance of our algorithms for the MRTA problem.

All of our code was implemented in Python. For our decentralized implementation, socket programming is

used.

5.1 Realistic Setup

In 2023, Nurdağı, Turkey [30] experienced a devastating natural disaster involving an M7.8 and M7.5

earthquake sequence. Figure 5.1 shows the image of Nurdağı after the incident. To better align our

experimental setup with real-world conditions, we extracted potential task locations from [31]. A total of

75 potential locations representing places where robots may be required to perform tasks were identified

and used in this experiment.

Figure 5.1 Post-disaster image of Nurdağı, Turkey, where potential locations representing places robots
may be required are extracted. Image from Disasters via Soar with Maxar Technologies [31].

The robots in our experiment are simulated based on data provided by researchers and manufacturers.

Four different types of robots are included in the experiment. The first and second robots are Clearpath

Warthog Unmanned Ground Vehicles (UGV) with the ability to push debris. The first robot is additionally

equipped with both thermal and 4K cameras, while the second robot is equipped with message relay

capabilities. The energy information used for these robots is obtained from [32]. The third and fourth

robots are drones, each equipped with different camera systems. The third robot carries a thermal camera,
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and the fourth carries a 4K camera. These drones are modeled after the DJI Mavic 3 Pro and the DJI

Inspire 3, respectively, and their energy information is obtained from [33] and [34].

By combining real-world location data with the robots’ energy information, datasets containing tasks

that reflect real-world requirements can be generated. For each task, a random location is selected from the

extracted real-world locations. Each task is then randomly assigned requirements, including the number of

robots needed, the capabilities required for completion, and the time needed to complete. There are four

possible capability requirements for tasks, which are thermal camera, 4K camera, message relay, and flight

(no flight means push debris capability is required). Furthermore, to more effectively evaluate the impact

of energy constraints in our problem, the energy budget of each robot is limited to 15% of its original

capacity in most of the experiments.

Two different scenarios are evaluated in the field experiment. In the first scenario, the number of robots

is kept constant while the number of tasks is incrementally increased by one. This experiment begins with

four robots and twelve tasks (including the start and end tasks of each robot) and ending with four robots

and seventeen tasks. Second, the number of tasks is kept constant while the number of robots increases

incrementally by one. This experiment starts with three robots and ten tasks and ends with eight robots

and twenty tasks. The increase in task count is due to the inclusion of each robot’s start and end task. For

both of the scenarios, twenty datasets are generated for each task and robot combination.

All three algorithms created are used in the field experiment. The MC+WS algorithm’s λ (number of

instances that the algorithm will be executed for) is set as λ = 1+ 5 ∗ η, where η = m− n ∗ 2. The QL+WS

algorithm is trained with the following data:

• Constant number of robots at four robots. The number of tasks starts at twelve tasks, incremented

by one until seventeen tasks. Fifty datasets are used for each combination.

• Constant number of tasks at ten tasks (number of tasks will increase with addition of robot due to

robot’s start and end tasks). The number of robots starts at three robots, incremented by one until

eight robots. Fifty datasets are used for each combination.

• Constant number of tasks and robots. The energy budget of robot starts at ten percent of original,

incremented by ten until hundred percent of original. Fifty datasets are used for each combination.

5.2 Field Experiment Result

The experiment is conducted using Raspberry Pi nodes as robots. Figure 5.2 shows the experiment

setup, where the red circles indicate the locations of the Raspberry Pi nodes.
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Figure 5.2 Field experiment setup, where the red circle shows the location of the Raspberry Pi.

5.2.1 Solution Reward

Figure 5.3 shows the total reward obtained by each algorithm in the field experiment, with 95%

confidence intervals shown. From Figure 5.3(a) and Figure 5.3(b), we observe that the MC+WS algorithm

consistently outperforms the other two algorithms in terms of reward. The QL+WS algorithm performs

better than the G+WS in scenarios with a high number of tasks relative to the number of robots, but it

falls behind when the number of tasks is low relative to the number of robots. However, when we look at

the confidence interval on Figure 5.3(b), we see that all three algorithms have similar intervals, suggesting

that none of our algorithms shows superiority in scenarios where there is a higher number of robots

compared to tasks. These results indicate that MC+WS provides the most effective solutions in cases

where there is a high number of tasks relative to the number of robots, with QL+WS coming in second,

while G+WS has the worst solution reward.
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(a) Impact of number of Tasks on reward from the field experiment with 95% confidence interval.

(b) Impact of number of robots on reward from the field experiment with 95% confidence
interval.

Figure 5.3 Total reward obtained by each algorithm for the field experiment with 95% confidence interval.

23



5.2.2 Algorithm Run Time and Number of Messages Exchanged

Table 5.1 Impact of number of tasks on algorithm run time and number of messages for field experiment.
Standard deviation is σ.

# of Tasks
Algorithm Run Time (s) # of Messages

G+WS MC+WS QL+WS G+WS MC+WS QL+WS
Mean σ Mean σ Mean σ Mean σ Mean σ Mean σ

12 0.89 1.21 13.13 4.48 1.80 0.42 30.05 14.83 596.30 212.81 107.25 12.29
13 1.40 0.96 25.18 10.25 2.77 0.88 44.75 29.75 1005.45 373.56 133.50 22.33
14 2.39 1.86 38.00 14.31 3.64 0.93 56.95 29.16 1465.75 404.21 166.75 14.01
15 3.37 2.30 64.53 50.80 4.06 1.27 69.80 31.98 2134.10 549.11 199.75 28.06
16 3.10 1.46 94.40 31.25 5.24 1.79 72.95 28.89 2673.65 490.03 219.60 26.95
17 2.64 1.95 193.82 56.86 6.96 3.37 89.05 48.89 3449.35 699.02 262.50 27.25

Table 5.2 Impact of number of robots on algorithm run time and number of messages for field experiment.
Standard deviation is σ.

# of Robots
Algorithm Run Time (s) # of Messages

G+WS MC+WS QL+WS G+WS MC+WS QL+WS
Mean σ Mean σ Mean σ Mean σ Mean σ Mean σ

4 0.55 0.38 15.71 4.16 1.32 0.24 36.85 14.96 695.30 243.43 109.10 14.31
5 0.66 0.23 20.25 4.85 3.35 0.79 52.05 18.82 972.55 292.75 148.35 19.50
6 1.08 0.39 27.48 5.84 4.79 3.70 73.25 21.04 1327.95 309.85 191.75 19.01
7 1.07 0.29 31.36 6.02 3.42 0.64 76.05 21.26 1406.70 304.83 216.50 21.17
8 1.25 0.36 31.25 6.12 3.99 0.66 93.05 29.85 1679.85 394.64 252.55 25.31

From Table 5.1 and Table 5.2, the G+WS algorithm consistently achieves the fastest run time and the

lowest number of messages passed. Both the G+WS and the QL+WS algorithms exhibit gradual and

manageable growth overall. In contrast, the MC+WS algorithm shows the steepest increase in algorithm

run time as the number of tasks increases, from 13.13 seconds to 193.82 seconds (as shown in Table 5.1 for

12 tasks and 17 tasks). The algorithm run time for the MC+WS approach can be reduced by lowering λ,

although this may result in a lower reward and diminish the benefits of using MC+WS. These results

suggest that the MC+WS approach is not scalable and may not be suitable for real-world scenarios where

time is often a critical factor.

From both Table 5.1 and Table 5.2, we observe that the standard deviation for the number of message

passing is growing as the problem size grows, which is within our expectation. However, the standard

deviation of the algorithm run time exhibits a significant spike in value for some cases, such as G+WS and

MC+WS algorithms showing 2.30 and 50.80, respectively, when there are 15 tasks (Table 5.1). These

standard deviations suggest that there is a large variance which may be attributed to real-world anomalies

such as communication delays or environmental noise. Additionally, we observe relatively high standard

deviations in smaller problem sizes for both algorithm run time and message passing. This may be because
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in smaller problem sizes, the randomly generated datasets exhibit greater variation, while larger problem

sizes tend to produce more similar datasets. Since the random values are drawn from the same data pool

(for example, the 75 potential tasks locations), increasing the problem size leads to a higher likelihood of

datasets being closer in structure. As a result, smaller problem sizes have a more scattered solution space,

whereas larger problems exhibit a denser solution space. This contributes to more consistent performance

in terms of algorithm run time and message passing as the problem size increases.

5.2.3 Effect of Increasing Tasks Compared to Increasing Robot

Looking at the change in the number of messages, we observe that the MC+WS algorithm experiences

a higher rate of increase in message count for varying numbers of tasks compared to varying number of

robots. Specifically, the number of messages increases from 596.30 messages to 3449.35 messages from

Table 5.1 and 695.30 messages to 1679.85 messages from Table 5.2, respectively. This trend is due to how

the value of λ is configured for the experiments, where an increase in the number of tasks directly

influences the value of λ, thereby increasing the number of algorithm iterations and, consequently, number

of messages passed. From Table 5.1 and Table 5.2, we observe that for G+WS and QL+WS, increasing the

number of robots leads to lower algorithm run time when compared to increasing the number of tasks,

while the number of messages remains similar. When there are 17 tasks, the algorithm run time for G+WS

and QL+WS is 2.64 and 6.96 seconds, respectively, with an average of 89.05 and 262.50 messages

(Table 5.1). In comparison, with 8 robots, the algorithm run time are 1.25 and 3.99 seconds, respectively,

while the number of messages is 93.05 and 252.55 (Table 5.2). The trend suggests that the increase in

algorithm run time from the increasing number of tasks is not because there is more number of message

passing alone. Instead, the complexity introduced by MR tasks due to XD requires more coordination and

computation by the algorithm to achieve task alignment. Therefore, the number of tasks plays a more

dominant role than the number of robots in influencing overall algorithm run time.

5.2.4 Summary of Findings

Among the three algorithms evaluated, MC+WS consistently achieves the highest solution reward in

scenarios with a high number of tasks relative to the number of robots. However, this performance comes

at the cost of significantly increased algorithm run time, which limits its scalability and makes it less

suitable for time-sensitive applications. Although the run time can be reduced by lowering the value of λ,

doing so would also reduce the algorithm’s effectiveness and diminish its advantage. The QL+WS

algorithm yields higher rewards than G+WS in task-heavy scenarios but has a higher algorithm run time.

In contrast, although G+WS produces the lowest solution reward for task-heavy scenarios, it consistently
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achieves the fastest algorithm run time and demonstrates strong scalability across different problem sizes.

In scenarios where the number of robots is high relative to the number of tasks, none of the algorithms

demonstrates clear superiority in solution reward, as indicated by overlapping confidence intervals.
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CHAPTER 6

PERFORMANCE EVALUATION VIA SIMULATION

In this section, we are going to evaluate the algorithms further on a simulated environment. We will be

benchmarking and checking the scalability of the algorithms. Four different scenarios are evaluated in this

simulation experiment. The first and second scenarios mirror those used in the field experiment. In the

third scenario, both the number of robots and tasks are kept constant at four robots and sixteen tasks,

while the energy budget is varied. The energy budget begins with ten percent of the original value and

increments by ten percent until it reaches one hundred percent. In the fourth scenario, the number of

robots starts at four and increases to ten (in increments of one), while the number of tasks starts at fifteen

and increases to seventy-five (in increments of ten). For the first, second, and third scenarios, fifty datasets

are generated for each configuration of task, robot, and energy. For the fourth scenario, twenty datasets are

generated for each task and robot combination.

All three algorithms are used for the first, second, and third simulation experiments. For the fourth

simulation experiment, only QL+WS and G+WS are evaluated, as MC+WS was previously determined to

be non-scalable during the field experiment.

6.1 Benchmark

The first, second, and third simulation experiments include an additional centralized optimal solution

created using a mathematical optimization solver called Gurobi. This solution is formulated based on the

constraints listed in equations 2 to 16 and the objective function defined in equation 1. Gurobi is capable of

solving the problem optimally, providing the highest possible total reward achievable given the robot and

task configuration. However, due to the NP-hard nature of the problem, the computational time required

by Gurobi increases exponentially as the problem size grows. Despite this limitation, the optimal solution

serves as a valuable point of comparison, as it establishes an upper bound on performance in terms of

reward. The centralized solution will henceforth be referred to as “Centralized” when discussing the results.

6.2 Simulation Results

All the simulation experiments are completed on a single computer.

6.2.1 Comparing with Optimal Reward

Figure 6.1 (page 29) presents the total reward obtained from the first, second, and third simulation

experiments. It is evident that the MC+WS algorithm consistently achieves rewards closest to the
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centralized solution compared to the other two algorithms, while QL+WS and G+WS achieve reasonably

good rewards. On average, our algorithms are able to achieve rewards that are 86%, 95%, and 89% of

optimal for G+WS, MC+WS, and QL+WS, respectively.

From Figure 6.1(a), we observe that all of our distributed algorithms achieve solution rewards

comparable to the centralized solution when the problem size is small. However, the difference widens as

the problem size increases. This may be because with fewer tasks, robot schedules can be packed more

freely while still completing all tasks, making it easier for our distributed algorithms to approach optimal

results. In contrast, as the number of tasks grows, schedules must be packed more efficiently to achieve

optimal reward. This added complexity likely contributes to the increasing disparity between centralized

and distributed solutions.

In the simulation experiment involving varying number of robots (Figure 6.1(b)), the total reward does

not increase as expected with the increasing number of robots. Furthermore, we observe that the

confidence intervals of all three distributed algorithms overlap, indicating similarly poor performance as

number of robots increases. A larger team size leads to more frequent instances where more robot are

assigned to a task than necessary, resulting in increased conflict. This observation suggests that the current

simple greedy-based heuristic for conflict resolution is insufficient. To improve overall performance, a more

effective conflict resolution strategy can be employed.

Looking at Figure 6.1(c), we see the confidence interval of all of the algorithms (centralized and

decentralized) narrows as the percentages of energy budget grows. This is especially true for the

centralized solution and the MC+WS algorithm. As robots are given more energy, the energy constraints

become less restrictive, allowing greater flexibility in task assignment. This increased flexibility makes it

easier for the algorithm to search for optimal reward, resulting in more consistent performance and a

smaller variance in solution rewards.
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(a) Impact of number of tasks on reward from simulation experiments with 95%
confidence interval.

(b) Impact of number of robots on reward from simulation experiments with 95%
confidence interval.

(c) Impact of percentage of energy budget on reward from simulation
experiments with 95% confidence interval.

Figure 6.1 Total reward obtained by each algorithm and the centralized solution from simulation
experiments.
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6.2.2 Comparing with Optimal Algorithm Run Time

Table 6.1 Impact of number of tasks on algorithm run time and number of messages from simulation
experiments. Standard deviation is σ.

# of Tasks
Algorithm Run Time (s) # of Messages

Centralized G+WS MC+WS QL+WS G+WS MC+WS QL+WS
Mean σ Mean σ Mean σ Mean σ Mean σ Mean σ Mean σ

12 0.13 0.13 0.04 0.05 3.03 0.42 0.06 0.03 30.08 14.53 587.00 208.54 107.52 12.42
13 0.64 1.41 0.06 0.05 4.27 0.74 0.09 0.05 41.34 26.54 955.56 343.45 135.54 16.83
14 10.55 59.70 0.09 0.07 5.54 0.88 0.10 0.04 55.98 26.90 1481.44 409.49 165.18 21.03
15 476.31 2777.43 0.12 0.10 7.70 1.99 0.14 0.07 66.38 31.47 2082.10 491.38 195.20 23.16
16 428.57 2348.40 0.12 0.08 11.42 1.85 0.19 0.09 74.88 33.80 2687.30 604.20 223.84 31.56
17 3344.02 14452.18 0.14 0.08 26.97 3.07 0.28 0.16 88.67 40.44 3410.09 677.74 257.60 30.25

In the simulation experiment with an increasing number of tasks (Table 6.1), we observe that the

algorithm run time of the centralized solution increased exponentially as the number of tasks grows,

whereas the G+WS, MC+WS, and QL+WS algorithms exhibit more gradual and manageable growth.

The centralized solution initially outperforms the MC+WS algorithms in run time, taking only 0.13

seconds compared to the 3.03 seconds for MC+WS. However, as the tasks count increases, the centralized

approach becomes drastically slower, reaching 3344.02 seconds compared to the 26.97 seconds for MC+WS

at 17 tasks. Although the centralized solution is capable of achieving the optimal result, these results

highlight that its algorithm run time is too long for realistic real-world implementation.

Table 6.2 Impact of number of robots on algorithm run time and number of messages from simulation
experiments. Standard deviation is σ.

# of Robots
Algorithm Run Time (s) # of Messages

Centralized G+WS MC+WS QL+WS G+WS MC+WS QL+WS
Mean σ Mean σ Mean σ Mean σ Mean σ Mean σ Mean σ

4 0.16 0.16 0.02 0.01 2.83 0.21 0.04 0.01 39.70 15.93 738.52 257.68 112.22 11.52
5 0.68 1.48 0.03 0.01 3.06 0.20 0.06 0.01 54.66 19.52 998.90 279.25 152.26 21.39
6 0.68 1.23 0.04 0.01 3.25 0.19 0.07 0.01 68.82 24.61 1253.48 346.34 190.24 22.18
7 0.72 1.20 0.04 0.01 3.38 0.16 0.08 0.01 72.74 21.66 1371.80 333.69 212.12 20.11
8 0.73 0.74 0.06 0.02 3.57 0.19 0.10 0.01 88.52 29.00 1657.08 416.91 244.00 27.74

When we look at Table 6.2, we see that the centralized solution achieves faster algorithm run time

compared to the MC+WS algorithm. This can be attributed to the lower complexity introduced by ST

robots, which results in a more modest increase in algorithm run time for the centralized solution.

However, it is important to note that scenarios with a high number of robots relative to the number of

tasks are unlikely to occur in real-world disaster response applications.
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Table 6.3 Impact of percentage of energy budget on algorithm run time and number of messages from the
simulation experiments. Standard deviation is σ.

% of Energy Budget
Algorithm Run Time (s) # of Messages

Centralized G+WS MC+WS QL+WS G+WS MC+WS QL+WS
Mean σ Mean σ Mean σ Mean σ Mean σ Mean σ Mean σ

10 4.47 6.39 0.04 0.03 8.18 0.67 0.08 0.01 58.68 26.93 2138.10 810.97 189.68 42.89
20 215.05 922.20 0.08 0.04 9.36 0.49 0.09 0.01 97.40 37.17 3254.72 681.27 228.70 17.53
30 1489.08 4917.51 0.10 0.05 9.68 0.63 0.11 0.02 93.58 39.02 3246.30 733.93 231.66 33.80
40 6398.46 25920.58 0.09 0.06 10.45 1.15 0.14 0.05 75.76 28.12 2938.56 563.90 230.61 19.32
50 680.67 1935.08 0.11 0.07 10.98 1.91 0.18 0.08 71.34 33.61 2589.68 699.43 224.80 17.86
60 2311.47 15622.15 0.22 0.27 13.39 3.70 0.26 0.24 84.20 42.36 2720.76 732.57 220.48 26.16
70 43.66 263.40 0.18 0.14 14.47 4.29 0.35 0.36 75.18 34.61 2764.02 741.25 227.54 29.05
80 2.45 3.54 0.20 0.20 14.16 4.59 0.28 0.19 76.92 44.85 2604.72 768.42 221.62 23.75
90 3.36 7.55 0.33 0.40 18.57 15.12 0.35 0.30 82.66 44.88 2855.04 1079.27 223.50 19.57
100 1.93 1.98 0.34 0.31 22.37 14.51 0.49 0.60 89.3 57.72 3226.50 1140.83 231.36 29.95

Looking at Table 6.3, we observed that the algorithm run time of the centralized solution increased

exponentially until the maximum at 40% energy budget with an algorithm run time of 6398.46 seconds,

before decreasing sharply afterward. This is because when the robots have more energy, it is easier for

Gurobi to optimize the objective function. Higher energy availability means that the task schedule of a

robot can be packed more freely, resulting in a faster search for the optimal objective function. In contrast,

the algorithm run time of the three distributed algorithms generally increases as the energy budget

increases. Specifically, the G+WS algorithm run time increases from 0.04 seconds to 0.34 seconds, the

MC+WS algorithm run time increases from 8.18 seconds to 22.37 seconds, and the QL+WS algorithm run

time increases from 0.08 seconds to 0.49 seconds. This behavior can be attributed to the design of the

distributed algorithms, which build each robot’s tasks schedule iteratively. A higher energy budget

increases the absolute end time, tai , expanding the scheduling window. As a result, more scheduling options

are evaluated and more tasks can be assigned, contributing to longer algorithm run time. The increase in

the number of messages exchanged by each algorithms follows the same reasoning.

The algorithm run time for centralized solutions on all involved scenarios has a high standard deviation.

This is likely due to variations in the datasets, where some instances may have most or even all tasks

defined as MR tasks, while others may include only a single MR task. The differences introduce varying

levels of problem complexity, especially since the problem is NP-hard. Because the centralized solution

relies on a mathematical optimization solver, there is a significant fluctuation in algorithm run time,

resulting in high standard deviations. This highlights that centralized solutions, especially those relaying

on a mathematical optimizer to solve NP-hard problems can be unreliable due to unpredictable

computation times.
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6.2.3 Scalability of G+WS and QL+WS

Figure 6.2 Impact of number of robots (scale with number of tasks) on reward from simulation experiments
with 95% confidence interval.

As shown in Figure 6.2, the QL+WS algorithm outperforms the G+WS algorithm as the problem size

increases, achieving an average improvement of 5.89% in solution reward. Importantly, the datasets used in

this experiment were not part of the QL+WS training data, indicating that the algorithm is capable of

generalizing to more complex and previously unseen problem instances. However, the slight overlap in

confidence intervals between G+WS and QL+WS suggests that the observed performance gain, while

positive, may not be statistically significant.

Table 6.4 Impact of number of robots and number of tasks versus algorithm run time and number of
messages from simulation experiments. Standard deviation is σ.

# of Robots # of Tasks
Algorithm Run Time (s) # of Messages

G+WS QL+WS G+WS QL+WS
Mean σ Mean σ Mean σ Mean σ

4 15 0.08 0.05 0.16 0.08 55.00 26.69 191.75 15.43
5 25 0.70 1.10 1.01 0.93 207.35 104.96 583.20 108.87
6 35 1.27 0.84 3.86 3.85 311.95 122.11 1162.60 176.23
7 45 3.20 1.52 16.59 42.09 708.75 318.64 2036.75 169.58
8 55 4.60 2.46 26.79 25.26 830.25 320.15 2879.95 214.20
9 65 10.11 7.07 139.40 208.46 1410.10 691.31 3941.55 180.74
10 75 13.10 9.45 197.91 253.31 1309.00 598.92 5068.25 259.71

Table 6.4 shows that G+WS algorithm have strong scalability, with algorithm run time increasing from

just 0.08 seconds to 13.10 seconds, even with a significantly larger problem size. In contrast, the QL+WS

algorithm experiences a much steeper increase in algorithm run time, from 0.16 seconds to 197.91 seconds

as the problem size grows. Furthermore, QL+WS exhibits a high standard deviation in algorithm run time
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at 197.91 seconds on average with a standard deviation of 253.31, while the number of message passing

remains relatively stable, with an average of 5068.25 messages and a standard deviation of 259.71. This

contrast suggests that the variability in algorithm run time is primarily due to the Q-Learning component.

While increased runtime is expected as problem size scales, the observed variance may impact the

reliability of the QL+WS algorithm as problem size grows, particularly under the current Q-Learning

implementation.

These observations suggest that although the G+WS algorithm produces lower solution reward than

the QL+WS algorithm, the difference is not substantial. Furthermore, G+WS demonstrates strong

scalability, wheres QL+WS exhibits a much steeper increase in algorithm run time and reduced reliability

due to high variability in algorithm run time as the problem size grows.

6.2.4 Summary of Findings

We found that while the current conflict resolution heuristic performs well in scenarios that closely

reflect real-world disaster response, where the number of tasks is high relative to the number of robots,

there is room for improvement in cases where the number of robots exceeds the number of tasks. Outside of

these scenarios, the MC+WS algorithm achieves solution reward closest to the optimal centralized solution

but has previously been shown to lack scalability. The QL+WS algorithm produces the second highest

solution reward overall and demonstrates good generalization to unseen problems, but its high algorithm

run time and variability under larger problem sizes make it less reliable at scale. The G+WS algorithm

produces the lowest solution reward but consistently achieves the fastest algorithm run time and exhibits

strong scalability. While centralized solutions perform well on small problems size, their effectiveness drops

sharply with larger task sizes due to increased scheduling complexity, enforcing their scalability limitations.
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CHAPTER 7

CONCLUSION

In this thesis, we investigate a decentralized multi-robot task scheduling problem involving tasks with

varying capability requirements that requires an energy-constrained heterogeneous group of robots to

collaborate to complete. The problem is identified as the ST-MR-TA-XD variation of the MRTA problem

and is further represented by a mathematical formulation which is used to create an optimal centralized

solution using Gurobi. Based on a proposed framework, three distributed solutions called the G+WS,

MC+WS, and QL+WS algorithms are created, utilizing a new task assignment method called wiggle

scheduling. The experiment results shows that all three of the algorithms produced satisfactory outcomes.

The MC+WS algorithms often provide rewards as great as the optimal centralized solution but might not

be practical for real-world scenarios due to its long algorithm run time and poor scalability, the G+WS

algorithms have the lowest reward but is practical for real-world implementation due to its scalability and

low algorithm run time, and the QL+WS algorithm provide a good balance between reward and algorithm

run time. All three of the algorithms are created by using different combination of methods within the

framework, and new methods can easily be introduced, demonstrating that new strategies can easily be

integrated to develop alternative solutions for this problem.

In practical applications, different distributed algorithms may be better suitable for different scenarios.

For example, if time is not a critical constraint, the MC+WS algorithm may be preferred for its high

solution reward. In contrast, for time-sensitive situations, the G+WS algorithm offers a faster and more

scalable alternative. For situations that fall somewhere in between, where there is moderate time sensitivity,

the QL+WS algorithm provides a good balance between solution quality and algorithm run time.

Currently, the algorithms do not support continued execution in the event of a robot failure. However,

this capability could be added in future work, allowing the system to dynamically reassign tasks and

continue coordination when a robot drops out. Similarly, handling lossy communication links is an

important direction for extending robustness in real-world deployment, especially if reliable model for

continued execution during robot failure is to be implemented. Future work could also explore more

sophisticated methods of choosing task such as utilizing Graph Neural Networks (GNN) to improve both

algorithm speed and solution reward. Furthermore, while the current conflict resolution approach performs

well for our proposed application, a more robust strategy could be developed to handle less common

scenarios, such as those with a high number of robots relatives to tasks.
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