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With advances in technology expanding the capabilities of obots, while at
the same time making robots cheaper to manufacture, robots i@ rapidly becoming
more prevalent in both industrial and domestic settings. An increase in the num-
ber of robots, and the likely subsequent decrease in the rati of people currently
trained to directly control the robots, engenders a need forobots to be able to act
autonomously. Larger numbers of robots present together mvide new challenges
and opportunities for developing complex autonomous robotbehaviors capable of
multirobot collaboration and coordination.

The focus of this thesis is twofold. The rst part explores applying machine

Vi



learning techniques to teach simulated humanoid robots skis such as how to move
or walk and manipulate objects in their environment. Learning is performed using
reinforcement learning policy search methods, and layeretearning methodologies
are employed during the learning process in which multiple dwer level skills are
incrementally learned and combined with each other to devalp richer higher level
skills. By incrementally learning skills in layers such tha new skills are learned in
the presence of previously learned skills, as opposed to ividually in isolation, we
ensure that the learned skills will work well together and can be combined to perform
complex behaviors (e.g. playing soccer). The second part dhe thesis centers on
developing algorithms to coordinate the movement and e orts of multiple robots
working together to quickly complete tasks. These algoritims prioritize minimizing
the makespan, or time for all robots to complete a task, whilealso attempting to
avoid interference and collisions among the robots. An unddying objective of this
research is to develop techniques and methodologies thatlalv autonomous robots
to robustly interact with their environment (through skill learning) and with each
other (through movement coordination) in order to perform tasks and accomplish
goals asked of them.

The work in this thesis is implemented and evaluated in the RiooCup 3D
simulation soccer domain, and has been a key component of thdT Austin Villa
team winning the RoboCup 3D simulation league world champimship six out of the

past seven years.
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Chapter 1

Introduction

With advances in technology expanding the capabilities of obots, while at the same
time making robots cheaper to manufacture, robots are rapity becoming more
prevalent in both industrial and domestic settings. It is edimated that by 2025
about 1.2 million advanced robots will be added to and deplogd in these settings
in the U.S. alone [l]. Such an increase in the number of robots, and the likely
subsequent decrease in the ratio of people currently trairgk to directly control the
robots, will necessitate more robots to be able to act autonmously. In addition
to the heightened importance of robot autonomy, larger numters of robots present
together in the same environment will provide new challengse and opportunities for
multirobot collaboration and coordination. More robots, coupled with the advent
of improved robot capabilities, motivate and provide a fertile ground for developing
autonomous robot and multirobot behaviors capable of compting complex tasks.
The focus of this thesis is twofold. The rst part explores usng machine
learning techniques|jautomated computing algorithms and m ethods that adapt or

learn from datalto teach humanoid robots skills (e.g. how to move or walk and



manipulate objects in their environment) within a realisti ¢ physics-based simulator.
Multiple lower level skills are incrementally learned and @mbined with each other
to develop richer higher level skills for use in complex behaors. After robots have
developed higher level skills, and can complete single robacomplex behaviors, the
second part of the thesis segues to the development of algdnins to coordinate
the movement and e orts of multiple robots working together to quickly complete
tasks. These algorithms prioritize minimizing the makespa, or time for all robots
to complete a task, while also attempting to avoid interference and collisions among
the robots. An underlying objective of this research is to deelop techniques and
methodologies that allow autonomous robots to robustly interact with their environ-
ment (through skill learning) and with each other (though movement coordination)
in order to perform tasks and accomplish goals asked of them.

The work in this thesis is implemented and evaluated in simuétion using
physically realistic simulated humanoid robots in the RobdCup 3D simulation soccer
domain. Working in simulation enables the use of large-scal machine learning
techniques where learning can be performed on hundreds ofnsilated robots in
parallel running as fast as computationally possible (faser than real-time). Learning
in simulation avoids many of the diculties and limitations of learning directly
on physical robots, including time and cost constraints as ll as wear and tear
on robots. There is a drawback to learning in simulation, hovever, as policies
learned in simulation are often not directly transferable to physical robots due to
di erences between a simulator and the real world. Although not a focus of this
thesis, there is work to bridge the gap between learning in saulation and on physical
robots [46, 54, 36, 85].

The remainder of this chapter is organized as follows. Seain 1.1 presents



the research question that this thesis focuses on answeringection 1.2 enumerates
and describes each of the contributions of this thesis, and &ttion 1.3 provides an

organizational overview and road map of the dissertation.

1.1 Research Question

Given the preceding problem description and motivation, the key question to be

addressed in this thesis is the following:

How can autonomous simulated mobile robots leverage exteng computational
resources to learn complex multilayered skills, and then aply these learned skillg

to perform coordinated behavior in spatial, time-pressure environments?

To answer this question this thesis focuses on two topics wedlieve are most
pertinent for skill creation and coordinated behavior of autonomous robots: skill
learning and movement coordination. First, robots must acalire the necessary skills
to perform tasks in their environment. Then, using these acgired skills, autonomous
robots need to coordinate their behavior and movement to e ciently complete tasks
asked of them.

Skill learning for robots is an active area of researchl[39. Recent work in this
space has focused on learning directly on physical robotsnd employing techniques
such as learning from demonstration, for which sample comglxity is an important
consideration [L8, 134. Other work has focused on learning parameterized skills
that generalize to di erent tasks presented to a robot [37]. The work in this thesis
di ers in than it is concerned with learning multiple skills , through reinforcement
learning policy search methods, that can be combined to pedrm complex behaviors.

The focus of the work is less on learning individual skills inisolation, but instead on



developing learning methodologies and designing optimizan tasks to produce skills
that work well together As learning is carried out in simulation, sample complexity
is not a primary concern; rather learning is targeted to besttake advantage of
parallel computation resources provided by distributed canputing clusters.
Problems in coordination and role assignment of multiple rdots have also
been explored. Previous work on assigning agents to targetgsitions has often
focused on minimizing the sum of distances all agents must &vel which is the well
known assignment problem[138§. The work in this thesis diers as it minimizes
the makespan (time for all robots to reach target goal positons) instead of the sum
of distances traveled. Minimizing the makespan is a decisi& factor in performance
when robots are moving to target positions to complete a shad task where all

robots must be in place before the task can be completed andfostarted.

1.2 Contributions

This thesis provides the following contributions:

1. Methodologies for learning complex robot skills in simulation. This
thesis presents new paradigms for constructing and learnpncomplex robot be-
haviors through the introduction and use of overlapping layered learning an
extension of the hierarchical layered learning paradigm155. Layered learn-
ing enables learning of complex behaviors by incrementallyearning a series
of sub-behaviors where learning of subsequent layers deperon previously
learned behavior layers. Overlapping layered learning preents ways of com-
bining learning of di erent behavior layers that extend the traditional sequen-
tial layered learning methodology through the use of overlgping or shared

parameter sets across behavior layers.
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2. Development and analysis of multirobot role assignment functions.
In multirobot spatial settings robots may need to be assignedo move to di er-
ent locations or role positions in order to complete a task. This thesis presents
and analyzes di erent role assignment functions for assigimg robots to role
positions. Properties of role assignment functions analyzd include total dis-
tance traveled by all robots, makespan completion time, dymamic consistency,

collision avoidance, and standard deviation of the distanes traveled by robots.

3. Novel algorithms for multirobot movement coordination. Often robots
need to be able to move around and interact with their envirorment in the
presence of other robots. While doing so, it is important tha robots do
not interfere with each other and/or collide with other robots or obstacles
in the environment. This thesis surveys existing approachs for robot move-
ment coordination and introduces new algorithms that focuson important
considerations of formation completion time, collision awidance, and scalabil-
ity. Speci cally scalable polynomial time role assignmentalgorithms known
as SCRAM that avoid collisions among robots and minimize the makespa,

or time for robots to complete a formation, are introduced.

4. Complete autonomous robot soccer playing agent. Another contri-
bution of this thesis is that of the UT Austin Villa RoboCup 3D simulation
league team, a successful state of the art agent having won ¢hRoboCup 3D
simulation competition six out of the past seven years. Thisagent incorpo-
rates the ideas and algorithms presented in this thesis, ths serving as a proof
of concept of them, and a public base code release of the ageptovides a

testbed for future research in multirobot systems.



5. Detailed empirical evaluation of presented learning methodol ogies
and coordination algorithms. This thesis provides detailed empirical eval-
uations of the presented learning methodologies and moveme coordination
algorithms. Results from within the RoboCup 3D simulation competition are

analyzed as well as controlled experiments external to thea@mpetition.

1.3 Dissertation Overview

While this dissertation is intended to be read sequentially it is not necessary to do
so to understand all parts of it. Background information on direct policy search
in reinforcement learning (Section2.1) is only applicable to those chapters covering
overlapping layered learning (Chapters3 and 4), and details of the RoboCup 3D
simulation domain (Section 2.2) are pertinent to just the chapters on robot soccer
(Chapters 4, 7, and 8). Additionally, the chapters on overlapping layered learning

can be read independently of the chapters on role assignme(Chapters 5, 6, and 7).

For ease of navigation, a ow chart of the dependencies of thearts of this thesis is
provided in Figure 1.1

The remainder of this dissertation is organized as follows.

Chapter 2 { Background: This chapter provides background information useful
for understanding subsequent chapters. Speci cally it provides background
information on direct policy search in reinforcement learring and the CMA-
ES algorithm needed for Chapters3 and 4, and also gives an overview of the

RoboCup 3D simulation domain used in Chapters4, 7, and 8.

Chapter 3 { Overlapping Layered Learning: This chapter presents the over-

lapping layered learning paradigm|one of the primary contr ibutions of this
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Figure 1.1: Block diagram showing dependencies between garof this thesis. Solid
arrows represent dependencies between chapters, with theolgd arrows pointing

in the direction of the order in which chapters should be read The dashed lines
represent associations between chapters and appendices.

dissertation (contribution 1 in Section 1.2). Overlapping layered learning is
a major extension to the layered learning 159 hierarchical machine learning
paradigm that enables learning of complex behaviors by in@mentally learning
a series of sub-behaviors. Overlapping layered learning lalvs learning certain
behaviors independently, and then later stitching them together by learning

at the \seams" where their in uences overlap.

Chapter 4 { Overlapping Layered Learning Applied to Robot Soccer:



This chapter presents a case study of overlapping layered dening (presented
in Chapter 3) applied to robot soccer which showcases overlapping layed
learning as a paradigm for e cient behavior learning. The provided analysis
of the overlapping layered learning methodologies servessgoart of contribu-

tion 5in Section 1.2

Chapter 5 { Scalable Collision-avoiding Role Assignment with Minimal-
makespan (SCRAM):  This chapter introduces SCRAM role assignment al-
gorithms for formational positioning of mobile agents, andpresents theoretical
and empirical analysis of the role assignment problem|how to assign agents
to target positions in a one-to-one mapping such that the time for all agents
to reach their assigned target positions (makespan) is mimized while avoid-
ing collisions among the agents. Speci cally this chapter ddresses primary
thesis contributions 2 (role assignment function analysis) and3 (role assign-
ment algorithms) in Section 1.2. SCRAM role assignment algorithms run in

polynomial time and can scale to thousands of agents.

Chapter 6 { Prioritized SCRAM Role Assignment: This chapter introduces
an extension to SCRAM role assignment presented in Chapteb allowing for
subsets of role positions to be given di erent priorities, and in doing so further

addresses thesis contribution® and 3 in Section 1.2.

Chapter 7 { SCRAM Applied to Robot Soccer: This chapter presents case
studies and analysis of SCRAM role assignment|introduced in Chapter 5|applied
to robot soccer. The chapter's empirical evaluation of SCRM ful lls part of
thesis contribution 5 in Section 1.2. SCRAM role assignment is used to assign

robots to team formation target positions on the soccer eld and prioritized



SCRAM role assignment|introduced in Chapter 6lis utilized in a marking

system to defend and cover members of the opposing soccer tra

Chapter 8 { UT Austin Villa RoboCup 3D Simulation Agent and Code
Release: This chapter presents the University of Texas at Austin's RdboCup
3D simulation team UT Austin Villaja successful state of the art agent hav-
ing won the RoboCup 3D simulation competition six out of the past seven
years|and in doing so addresses thesis contribution 4 in Section 1.2 The
UT Austin Villa agent incorporates the ideas and algorithms presented in this
thesis, thus serving as a proof of concept of them as detailesh Chapters 4
and 7. Furthermore, a public base code release of the UT Austin Vil agent
introduced in this chapter provides a testbed for future regarch in multirobot

systems.
Chapter 9 { Related Work:  This chapter discusses work related to this thesis.

Chapter 10 { Conclusion and Future Work: This chapter presents ideas for

future work and concludes.

Appendix A { Learned Behavior Layers: This appendix provides a detailed
description of the di erent behavior layers for robot socce learned through an
extensive layered learning approach incorporating overlpping layered learning

layered learning as discussed in Chapte4.

Appendix B { Additional SCRAM Proof Sketches: This appendix provides
proof sketches for properties of role assignment functiondiscussed in Chap-

ter 5: minimizing the makespan, avoiding collisions, and dynamg consistency.

Appendix C { Dynamic Programming Algorithm for MMDR;: This ap-

pendix details the dynamic programming algorithm for compuing the Mini-
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mum Maximal Distance Recursive (MMDR) role assignment fundion that is

compared against SCRAM role assignment algorithms in Seatin 5.4.

Appendix D { UT Austin Villa RoboCup 3D Simulation Team Strategy:
This appendix provides details of some of the strategy compeents used by

the UT Austin Villa agent team presented in Chapter 8.

Appendix E { RoboCup Competition Results: This appendix provides RoboCup
competition results of the UT Austin Villa RoboCup 3D simula tion team from

2011{2017 referenced in Chaptergl, 7, and 8.

Appendix F { Acronyms: This appendix provides a lookup table of acronyms

used in this dissertation.

Appendix G { Online Materials: This appendix provides links to some of the

online content referenced in this dissertation.
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Chapter 2

Background

This chapter provides background information useful for urderstanding further
chapters. Section2.1 provides information on direct policy search in reinforcenent
learning and the CMA-ES algorithm needed for chapters covang overlapping lay-
ered learning: Chapters3 and 4. Section 2.2 gives an overview of the RoboCup 3D

simulation domain used in Chapters4, 7, and 8.

2.1 Reinforcement Learning

Reinforcement learning (RL) [159 is a type of of machine learning inspired by be-
havioral psychology and used for learning in sequential desion making problems.
In RL an agent exists in an environment and, given the currentstate of the world,
chooses an action to take. After taking each action, the agdntypically receives
a reward from the environment. Broadly speaking, the goal ofRL is to learn a
behavior|a policy mapping the current state of the world to a ctions|that maxi-
mizes the (possibly discounted) cumulative reward over tine that the agent receives.

Figure 2.1 presents a high level canonical view and description of RL.
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Figure 2.1: A high level view and block diagram of RL. At each ime step () an
agent observes a state §) of the environment and chooses an action d) to take.
The agent receives a reward () after taking an action. Typically the goal of RL
is to learn a policy mapping states to actions 6 7! a) tliyat maximizes the sum of
(possibly discounted by ) rewards over time: max .s71 4 [‘=1 r(st; ay).

2.1.1 Direct Policy Search

A variant of RL is direct policy search. Rather than learning a speci ¢ mapping of
states to actions, direct policy search focuses on learningr optimizing parameter
values for a parameterized policy, where the parameter vales of the policy determine
what action the policy selects given the current state of theenvironment. During
learning an agent performs some optimization task, and instad of an agent receiving
a reward from the environment after every action that the agent takes, an agent
receives an overall return or tness value at the conclusiorof the optimization task
as a measure of how well the agent performed on the task. Givetihe parameter
values of a policy, and the tness value received by an agent inen performing an
optimization task using that policy, an optimization algor ithm attempts to adjust
the parameter values of the policy such that the agent will reeeive higher tness

values on the optimization task. Figure 2.2 provides a high level view and description

12



of this optimization process used in direct policy search.

Optimization
Agent/Task

Parameters Fithess

Optimization
Algorithm

Figure 2.2: The optimization process used in direct policy sarch. An optimization
algorithm produces candidate set of parameter values for a grameterized policy
used by an agent while performing an optimization task. At the conclusion of the
optimization task, the agent receives a tness value as a meaure of how well it
performed on the optimization task. Given the tness valuesachieved by an agent
using di erent sets of policy parameter values, the optimization algorithm attempts
to produce new sets of policy parameter values to try on the ofimization task that
will improve an agent's tness measure on the optimization task.

In Chapters 3 and 4 we use direct policy search, and the CMA-ES optimiza-

tion algorithm (described next in Section 2.1.2), for robot skill learning.

2.1.2 Covariance Matrix Adaptation Evolutionary Strategy

(CMA-ES)

We use the Covariance Matrix Adaptation Evolutionary Strat egy (CMA-ES) [57]
algorithm for optimizing policy parameter values as descibed in Section2.1.1 A
complete understanding of CMA-ES is not required for followng the work in this

thesis, and for comprehension purposes it may su ce to view GIA-ES as a generic

13



optimization algorithm in Figure 2.2. In this section we provide a brief description
of CMA-ES with all details necessary for understanding our e of the algorithm.
A full explanation of CMA-ES, including all details necessay for implementation !
of the algorithm, can be found in the tutorial at [ 56].

CMA-ES is a derivative-free stochastic optimization algoiithm that succes-
sively generates and evaluates sets of candidate parametealues for a policy. Once
CMA-ES generates a group of candidate parameter value setsa(population), each
candidate parameter value set is evaluated with respect to atness measure. When
all the candidates in the group are evaluated, the next group(or generation) of
candidate parameter value sets is generated by sampling fre a probability that is
biased towards directions of previously successful seardieps.

At the start of optimization, CMA-ES is given an initial mult ivariate nor-
mal distribution|with each dimension of the distribution r epresenting a di erent
parameter|as a seed to sample the rst group of candidate parameter value sets
from. After this rst set of candidates have been evaluated, and each member of
the population has been assigned a tness value, the means dfis distribution are
updated as a weighted by rank average of the top half highest thess members of
the current generation. Weighting by rank, as opposed to redtive tness values,
makes CMA-ES invariant under monotonic transformations ofthe tness function.
Additionally the covariance matrix of the distribution is u pdated to control the step
sizes in each dimension and maximize the likelihood of prewusly successful search
steps. This way of updating both the means and variances of ta distribution, which
is used to sample candidate parameter set values from for theext generation, can

be thought of as a form of natural gradient descent 10, 135. Figure 2.3 shows

YIn our work we use an implementation of the CMA-ES algorithm a vailable at
https://www.Iri.fr/ ~hansen/cmaes_inmatlab.html#java
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an example of how the distribution from which parameter values are sampled is

updated across three iterations of CMA-ES.

First generation Second generation Third generation

Figure 2.3: CMA-ES searching in a two-dimensional tness laadscape with higher
tness shown in darker blue. Members of a population for eachgeneration are
shown as red dots and the dashed lines show the distributionghat they are
being sampled from. [Image fromhttps://en.wikipedia.org/wiki/CMA-ES#/
media/File:Concept_of directional_optimization_in_C MA-ES_algorithm.
png accessed 2015-08-15.]

2.2 RoboCup 3D Simulation Domain Description

Robot soccer has served as an excellent testbed for learningcenarios in which
multiple skills, decisions, and controls have to be learnediy a single agent, and
agents themselves have to cooperate or compete. There is a@hmiliterature based on
this domain addressing a wide spectrum of topics from low-ikeel concerns, such as
perception and motor control [20, 145, to high-level decision-making [ 7].

In the RoboCup 3D simulation league, teams of simulated humaoid robots
play soccer against each other. Programming humanoid agestin simulation, rather
than in reality, brings with it several advantages, such as naking simplifying as-

sumptions about the world, low installation and operating costs, and the ability to
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automate experimental procedures. All these factors makehe RoboCup 3D simu-
lation environment an ideal domain for conducting researchin robotics, multiagent
systems, and machine learning. For a discussion of some oféhresearch e orts
within the RoboCup 3D simulation league see 11].

The RoboCup 3D simulation environment is based on SimSparkd4, 180,% a
generic physical multiagent systems simulator. SimSpark ses the Open Dynamics
Engine® (ODE) library for its realistic simulation of rigid body dyn amics with colli-
sion detection and friction. ODE also provides support for the modeling of advanced
motorized hinge joints.

The robot agents in the simulation are modeled after theNao robot, which
has a height of about 57cm and a mass of 4.5kg. The agents intet with the
simulator by sending torque commands and receiving percepial information. Each
robot has 22 degrees of freedom: six in each leg, four in eachma and two in the
neck. In order to monitor and control its hinge joints, an agent is equipped with
joint perceptors and e ectors. Joint perceptors provide the agent with noise-free
angular measurements every simulation cycle (20 ms), whil@int e ectors allow the
agent to specify the torque and direction in which to move a jont. Although there
is no intentional noise in actuation, there is slight actuation noise that results from
approximations in the physics engine and the need to constia computations to be
performed in real-time. Figure 2.4 provides a box model of the robot, and Figure2.5
shows the robot model's joints.

In addition to the standard Naorobot model, four additional variations of the
standard model, known as heterogeneous types, are availabfor use. The variations

from the standard model include two models with changes in lg and arm length

2http://simspark.sourceforge.net/
3http://www.ode.org/
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Figure 2.4: Box model diagram of the robot model. [Image fromhttp://simspark.

.png accessed 2017-

sourceforge.net/wiki/images/4/42/Models_NaoBoxModel

07-02.]
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Figure 2.5: Joints of the robot model. [Image from http://simspark.

sourceforge.net/wiki/images/d/d0/Models_NaoAnatomy. png accessed 2017-07-
02.]
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as well as hip width, one model with di erent joint speeds for its ankle joints, and
also a model with the addition of toes to the robot's feet. Duing 11 versus 11
games, which consist of two ve minute halves, teams are reqted to use at least
three di erent robot models, with no more than seven agents & any single robot
type, and no more than nine agents of any two robot types. Figue 2.6 shows a
visualization of the di erent Naorobot types, and a view of the soccer eld during

a game is shown in Figure2.7.

0 1 2 3 4.

Figure 2.6: Dierent robot body model types, with the number above an agent
corresponding to its robot body type: 0 = standard model, 1 = longer legs and
arms, 2 = faster ankle pitch and slower ankle roll, 3 = longestarms and legs as well
as wider hips, 4 = toe model.

Visual information about the environment is given to an agen every third
simulation cycle (60 ms) through noisy measurements of the idtance and angle to

objects within a restricted vision cone (120). These objects include landmarks on
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Figure 2.7: A view of the soccer eld during a 11 versus 11 game

the eld (goal posts and corner ags), eld lines, robots (with separate objects for
each robot's head, arms, and feet) and the ball. Figure2.8 shows the locations of
landmarks and lines on the 30 m X 20 m in length and width eld. There is no occlu-
sion|an agent can see all objects within its vision cone. Agents are also out tted
with noisy accelerometer and gyroscope perceptors, as welk force resistance per-
ceptors on the sole of each foot. Additionally, a single agdgrcan communicate with
the other agents every other simulation cycle (40 ms) by sendg messages limited
to 20 bytes.

During RoboCup 3D simulation league soccer games each tears & provided
a single computer to run all of their 11 agents. The server isun on a separate third
computer, and a fourth computer is used to run a monitor for visualizing games.

It is important that agents are not too computationally inte nsive such that all 11
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Figure 2.8: Landmarks (F1L, F1R, F2L, F2R, G1L, G1R, G2L, G2R) and
lines (in black) on the simulated soccer eld. [Image from http://simspark.
sourceforge.net/wiki/images/thumb/3/31/SoccerSimula tion_FieldPlan.
png/600px-SoccerSimulation_FieldPlan.png accessed 2017-07-02.]

agents on a team can respond to the server every 20 ms simulati cycle|if an agent
fails to respond to the server during a simulation cycle it mg become unstable and
fall over due to not updating what torques to put on its joints .

Most rules of 3D simulation league soccer games are modeleftex human
soccer, however there are a few rules put in a place to help meksimulated soccer
games run smoothly. Instead of a team being awarded a free kowvhen a member
of the other team commits a foul, the player who committed thefoul is immediately
moved or \teleported” to a position just outside the sideline near the middle of the

eld. An automated referee determines when fouls have beencenmitted, and robots
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are penalized for charging into each other, having more tharthree players in their
defensive penalty area (to prevent teams from purposely blcking their own goal and
making it impossible for the other team to score), as well as &ving more than two
players touching each other at a time (robot collisions can lew down and destabilize
the server). Additionally, when the ball goes out of bounds,robots perform a kick-in
instead of a throw-in as agents have yet to develop the abilif to pick up the ball
and perform a throw-in. Rules within the 3D simulation league are changed from
year to year in an e ort to move closer towards realism and incease the technical
challenges from a scienti ¢ perspective (keep things scigncally relevant). Some of

the rule changes that have occurred from 2011{2017 are summized in Appendix E.
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Chapter 3

Overlapping Layered Learning

This chapter® presents the overlapping layered learning paradigm|one of the pri-
mary contributions of this dissertation (contribution 1 in Section 1.2). Overlapping
layered learning is a major extension to the layered learnig [155 hierarchical ma-
chine learning paradigm that enables learning of complex beaviors by incrementally
learning a series of sub-behaviors. A key feature of layerelgarning is that higher
layers directly depend on the previously learned lower layes. In layered learn-
ing's original formulation, lower layers are frozen prior to learning higher layers.
Overlapping layered learning, on the other hand, allows leming certain behaviors
independently, and then later stitching them together by learning at the \seams"
where their in uences overlap. An application of overlapping layered learning to
robot soccer is discussed in Chapted.

The remainder of this chapter is organized as follows. Seaih 3.1 gives a high
level overview of layered learning paradigms including owdapping layered learn-
ing. Section 3.2 provides background information on the original layered leaning

paradigm which is the basis for this work. Section3.3 speci es and gives examples

“This chapter contains material from previously published wo rk in [ 106].
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of the overlapping layered learning paradigm while contrating it with other lay-
ered learning paradigms. Sectior8.4 summarizes and mentions directions for future

work.

3.1 Overview

Task decomposition is a popular approach for learning comgx control tasks when
monolithic learning|trying to learn the complete task all a t oncelis di cult or
intractable [152, 174, 175. Layered learning [L55 is a hierarchical task decompo-
sition machine learning paradigm that enables learning of omplex behaviors by
incrementally learning a series of sub-behaviors. A key faare of layered learning
is that higher layers directly depend on the learned lower Igers. In its original
formulation, lower layers were frozen prior to learning hidher layers. Freezing lower
layers can be restrictive, however, as doing so limits the guobined behavior search
space over all layers. Concurrent layered learningl[76 reduced this restriction in
the search space by introducing the possibility of learningsome of the behaviors
simultaneously by \reopening” learning at the lower layerswhile learning the higher
layers. A potential drawback of increasing the size of the sarch space, however, is
an increase in the dimensionality and thus possibly the di culty of what is being
learned.

This chapter considers an extension to the layered learningaradigm, known
asoverlapping layered learning that allows learning certain parameterized behaviors
independently, and then later stitching them together by learning at the \seams"
where their in uences overlap. Overlapping layered learnng aims to provide a mid-
dle ground between reductions in the search space caused byeézing previously

learned layers and the increased dimensionality of concuent layered learning. Ad-
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ditionally, for complex tasks where it is di cult to learn on e subtask in the presence
of another, it reduces the dimensionality of the parameter sarch space by focusing

only on parts responsible for subtasks working together.

3.2 Layered Learning Paradigm

Table 3.1 summarizes the principles of the original layered learningparadigm which

are described in detail in this section®

1. A mapping directly from inputs to outputs is not tractably learnable.
2. A bottom-up, hierarchical task decompasition is given.

3. Machine learning exploits data to train and/or adapt. Learning occurs sepa-

rately at each level.

4. The output of learning in one layer feeds into the next laye.

Table 3.1: The key principles of layered learning.

Principle 1

Layered learning is designed for domains that are too compiefor learning a mapping
directly from the input to the output representation. Inste ad, the layered learning
approach consists of breaking a problem down into several &k layers. At each layer,
a concept needs to be acquired. A machine learning (ML) algathm abstracts and

solves the local concept-learning task.

5This section is adapted from [155].
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Principle 2

Layered learning uses a bottom-up incremental approach to terarchical task decom-
position. Starting with low-level subtasks, the process ofcreating new ML subtasks
continues until reaching the high-level task that deal with the full domain complex-
ity. The appropriate learning granularity and subtasks to be learned are determined
as a function of the speci ¢ domain. The task decomposition m layered learning
is not automated. Instead, the layers are de ned by the ML opportunities in the

domain.

Principle 3

Machine learning is used as a central part of layered learnijp to exploit data in
order to train and/or adapt the overall system. ML is useful for training functions
that are dicult to ne-tune manually. It is useful for adapt ation when the task
details are not completely known in advance or when they may lsange dynamically.
In the former case, learning can be done o -line and frozen fofuture use. In the
latter, on-line learning is necessary: since the learner mels to adapt to unexpected
situations, it must be able to alter its behavior even while eecuting its task. Like
the task decomposition itself, the choice of machine learmg method depends on

the subtask.

Principle 4

The key de ning characteristic of layered learning is that each learned layer directly
a ects the learning at the next layer. A learned subtask can aect the subsequent

layer by:
constructing the set of training examples;
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providing the features used for learning; and/or

pruning the output set.

Formalism

Consider the learning task of identifying a hypothesish from among a class of
hypothesesH which map a set of state feature variablesS to a set of outputs O such
that, based on a set of training examplesh is most likely (of the hypotheses inH ) to

represent unseen examples. When using the layered learnipgradigm, the complete

each layer de ned as

Li =(Fi;0i; Ti; Mi; Hi; hy)
where:

Fi is the input vector of state features relevant for learning sibtask Li. Fj =<

FLF2:::>. 8;Fl2s.
O; is the set of outputs from among which to choose for subtask ;. O, = O.

Ti is the set of training examples used for learning subtasi.;. Each element of
T; consists of a correspondence between an input feature vectéd™ 2 F; and

02 0.

M is the ML algorithm used at layer L; to select a hypothesis mappingF; 7! O;

based onT;.

H; is the policy representation mappingF; to O;.%

5Previous work [155, 176] included H; within M;, however we separate outH; for ease of notation.
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h; is the result of running M; on T;. h; is a speci c instantiation of H; and is a

function from F; to O;.

As set out in Principle 2 of layered learning, the de nitions of the layersL; are given
a priori. Principle 4 is addressed via the following stipulaion. 8i < n, h; directly

aects Lij+1 in at least one of three ways:
h; is used to construct one or more features ¥, .
h; is used to construct elements ofTj+1 ; and/or
h; is used to prune the output setO;.1 .

It is noted above in the de nition of F; that 8j, F{ 2 S. SinceF{3; can consist
of new features constructed usindh;, the more general version of the above special
case is that8i;j , F] 2 S[ -7 O«.

In the context of this work all learned behaviors|or hypothe ses|are repre-

sented by parameterized policies, where a parameterized poy with k parameters

3.3 Overlapping Layered Learning Paradigm

As explained in Section 3.2, layered learning is a hierarchical learning paradigm
that enables learning of complex behaviors by incrementajl learning a series of sub-
behaviors|each learned sub-behavior is a layer in the learnng progression. Higher
layers depend on lower layers for learning. This dependenagan include providing
features for learning, such as initial seed values for parastiers whenH is a param-

eterized policy, as well as a previous learned layer's behewr being incorporated
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into the learning task for the next layer to be learned. In layered learning's original
sequential formulation, layers are learned in a sequentiabottom-up fashion and,
after a layer is learned, itthe learned hypothesis h of the layer|is frozen before
beginning learning of the next layer.

Concurrent layered learning, on the other hand, purposely des not freeze
newly learned layers, but instead keeps them open during leaing of subsequent
layers: h; is not frozen before the training ofL;+1 begins. Thus, the e ect that h;
has onTj.+1 is not xed during learning of Li+1, and in fact changes ash; continues
to be learned. We denote the continued learning ot; as H; Hi+1, meaning
that Hj|the set of of parameters that the values of h; are assigned to|is a subset
of Hi+1, and thus the parametersH; are fully included in what is learned for the
hypothesis hj;1 |the parameter values h; are re-learned|in the subsequent layer
of learning Li+1 . Previously learned layers' behaviors are left open so thatearning
may enter areas of the behavior search space that are closers the combined layers'
optimum behavior as opposed to being con ned to areas of thegint layer search
space where the behaviors of previously learned layers arexed. While concurrent
layered learning does not restrict the search space in the wathat freezing learned
layers does, the increase in the search space's dimensiabalcan make learning
slower and more di cult.

Overlapping layered learning seeks to nd a tradeo betweenfreezing each
layer once learning is complete and leaving previously leaed layers open. It does
so by keeping some, but not necessarily all, parts of previousleadrned layers open
during learning of subsequent layers. The part of previously learned layers left
open is the \overlap" with the next layer being learned. In this regard concurrent

layered learning can be thought of as an extreme of overlappg layered learning
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with a \full overlap” between layers. Additionally, overla pping layered learning
allows for behaviors to belearned independentlyin parallel|not just sequentially
in series|and then later stitched together by learning at the \seams" where their

in uences overlap.

Overlapping Layered Learning: Layered learning both in series and parallel
in which some, but not necessarily all, parts of previously éarned layers are left

open during learning of subsequent layers.

A layer of learning can be partially left open by freezing ony a subset of
its learned behavior's policy's parameters during subsegent layers of learning. We
denote a set of parameterdH © as being open and learned in a layer of learnindy ;
if the set of parameters are included in the layer's learned plicy representation H;
(i.,e. HY H;), and conversely a set of previously learned valuek® for parameters
HO are frozen if they are still part of the layer of learning|in t he context of this
work previously learned and frozen parameter values serveotde ne behavior used
in the training task T; which we denote ash® T;|but are not included in the
layer's learned policy representation (i.e.H% H; = ;). A previously learned set of
parameter valuesh® may also be used to initialize or seed values dfi;. We denote
such a relationship ash®99KH;

The following are several general scenarios, depicted in ghbottom row of
Figure 3.1, for overlapping layered learning that help to clarify the learning paradigm

and identify situations in which it is useful:

Combining Independently Learned Behaviors (CILB): Two or more behav-
iors are learned independently in the same or di erent layes, and then are

combined together for a joint behavior at a subsequent layerby relearning
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some subset of the behaviors' parameters or \seam" betweerheé behaviors.
Let L represent learning of thebth independent behavior in the ith layer of
learning. In the case of two independent behaviors learnediparallel in the
same layer, which we notate ash;.; learned in L1 and h;.» learned in L.,
they are combined in a subsequent layer of learnind,, wherej > i , to learn
a joint behavior h;y containing parts or all of either or both of Hj;; and Hj;»
(i.e. Hix 2 Ljp, Hi;2 2 Ljp, and 9H? f Hi1 [ Hi2g s.t. both H°6 ; and
HO Hjp). This scenario is best when subtask behaviors are too comgk
and/or potentially interfere with each other during learni ng, such that they
must be learned independently, but ultimately need to work together for a
combined task. Example: A basketball playing robot that must be able to drb
ble the ball across the court and shoot it in the basket. The d&s of dribbling
and shooting are too complex to attempt to learn them togetinebut after the
tasks are learned independently they can be combined by rptionizing param-
eters that control the point on the court at which the robot sbps dribbling and

the angle at which the robot shoots the ball.

Partial Concurrent Layered Learning (PCLL): Only part, but not all, of a
previously learned layer's behavior parameters are left opn when learning a
subsequent layer with new parameters. Thus there exists a meempty proper
subset of parametersH i° of a learned behaviorh; that are re-learned in the
behavior hj+; as part of the subsequent layer of learnind_;+1 (i.e. 9HiO Hi
st. H? 6 ; and H?  Hj.1). The part of the previously learned layer's
parameters left open is the \seam" between the layers. Partl concurrent
learning is bene cial if full concurrent learning unnecessrily increases the

dimensionality of the search space to the point that it hindes learning, and
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completely freezing the previous layer diminishes the potetial behavior of the
layers working together. Example: Teaching one robot to pick up and hand
an object to another robot. First a robot is taught to pick up @ an object and
then reach out its arm and release the object. The second rabis then taught
to reach out its arm and catch the object released by the rstabot. During
learning by the second robot to catch the object, the part ofhe previously
learned behavior of the rst robot to hand over the object isdft open so that
the rst robot can adjust its release point of the object to a pace that the second

robot can be sure to reach.

Previous Learned Layer Re nement (PLLR): After a layer is learned and frozen,
and then a subsequent layer is learned, part or all of the prelously learned
layer is then unfrozen and relearned to better work with the rewly learned
layer that is now fully or partially frozen. We consider re-optimizing a pre-
viously frozen layer under new conditions as a new learned yar behavior
with the \seam" between behaviors being the unfrozen part ofthe previous
learned layer. Thus there exists a non-empty subset of parasters HP of a
learned behaviorh; that is frozen in a subsequent layer of learnind.;, where
j > 1, but then is eventually unfrozen and re-learned in the behaior hy as
part of a later layer of learning Ly, wherek >j (i.e. 9H? H s.t. H6 ;,
hO  T; but HO\ Hj = ; (learned valuesh? for parameters H? are frozen in
Lj), and H® Hy (learned valuesh? for parameters H? are unfrozen in Ly)).
This scenario is useful when a subtask is required to be leaed before the next
subsequent task layer can be learned, but then re ning or retarning the initial
learned subtask layer's behavior to better work with the newy learned sub-

sequent task layer's behavior provides a bene t. Example: Teaching a robot
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to walk. First the robot needs to learn how to stand up so thaffiit falls over
it can get back up and continue trying to walk. Eventually theobot learns to
walk so well that it barely if ever falls over during training Later, when the
robot does eventually fall over, it is found that the walkingnotion learned by
the robot is not stable if the robot tries to walk right after sanding up. The
robot needs to relearn the standing up behavior layer suchdhafter doing so it

is in a stable position to start walking with the learned walikhg behavior layer.

3.4 Summary and Discussion

This chapter introduced the overlapping layered learning @radigm, and presented
general scenarios where its use is bene cial. Chapted4 presents a case study of
overlapping layered learning applied to robot soccer whichshowcases overlapping
layered learning as a paradigm for e cient behavior learning.

Currently the overlapping layered learning methodologiesrequire a person
to select which parameters to freeze and leave open during ea successive layer
of learning. Additionally, learning of complex skills is manually segmented into
di erent layers of learning. Future work in the area of layered learning includes
the automated determination of appropriate subtasks for lgyered learning, as well
as automated identi cation and selection of useful layer oerlap or \seams" to use
with overlapping layered learning methodologies. If theseselection processes can be
automated it would lessen the burden and potential need for smeone with expert

domain knowledge when performing optimizations.
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Figure 3.1: Paradigms for layered learning. Boxes represeudi erent behaviors with
the behaviors or parts of behaviors being learned shown in tk The arrows represent

the transition from one layer of learning to the next.
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Chapter 4

Overlapping Layered Learning

Applied to Robot Soccer

This chapter’ presents a case study and analysis of overlapping layeredaming
paradigms|introduced in Chapter 3|applied to robot soccer. The chapter's em-
pirical evaluation of overlapping layered learning methodlogies ful lls part of thesis
contribution 5 in Section 1.2.

The University of Texas at Austin has been a perennial partigpant in the
annual RoboCup 3D simulation soccer competitions|described in Section2.2jand
has won the championship six times between 2011 and 2017 duelarge part to the
main contributions of this dissertation.® UT Austin's RoboCup team, known as UT
Austin Villa, began using sequential layered learning in 2Q1 [103, but introduced
overlapping layered learning in 2014, and has used it sinceln this chapter, we
therefore focus on that year's team.

The remainder of this chapter is organized as follows. Seain 4.1 details the

"This chapter contains material from previously published wo rk in [ 106].
8RoboCup competition results from these years are provided in Appendix E.
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overlapping layered learning approach of the 2014 UT AustinVilla team, and in

Section4.2 we provide detailed analysis of its performance. Sectiod.3 summarizes.

4.1 Overlapping Layered Learning Approach

The 2014 UT Austin Villa team introduced an extensive layerad learning approach
to learn skills for the robot such as getting up, walking, andkicking. This approach
includes sequential layered learning where a newly learnethyer is frozen before
learning of subsequent layers, as well as overlapping laygmwhere parts of previously
learned layers are re-optimized as part of the current layeibeing learned.

In total over 500 parameters were optimized during the coure of layered
learning. All parameters were optimized using the Covariae Matrix Adaptation
Evolution Strategy (CMA-ES) algorithm [ 57]|described in Section 2.1.2which
has been successfully applied previously to learning skdllin the RoboCup 3D sim-
ulation domain [172].

A total of 705,000 learning trials were performed during theprocess of opti-
mizing 19 behaviors. As CMA-ES is a parallel search algoritm, optimization was
performed on a Condor 65 distributed computing cluster allowing for many jobs
to be run in parallel. Running the complete optimization process took about 5
days, and we calculated it could theoretically be completedn as little as 49 hours
assuming no job queuing delays on the computing cluster, an@ll possible paral-
lelism during the optimization process is exploited. Note tat this same amount
of computation, when performed sequentially on a single coputer,® would take
approximately 561 days, or a little over 1.5 years, to nish.

The following subsections document the overlapping layer learning parts of

9As measured on an Intel(R) Xeon(R) CPU E31270 @ 3.40GHz.

36



the approach used by the team. Full details of all of the leared behavior layers are
provided in Appendix A,X° and a diagram of how all the di erent layered learning

behaviors t together during the course of learning can be sen in Figure 4.1
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Figure 4.1: Dierent layered learning behaviors with the number of parameters
optimized for each behavior shown in parentheses (best viesd in color). Solid
black arrows show number of learned and frozen parameters gaed from previously
learned layer behaviors, dashed red arrows show the numbef overlapping param-
eters being passed and relearned from one behavior to anothend the dotted blue
arrows show the number of parameter values being passed aseskevalues to be used
in new parameters at the next layer of learning. Overlappinglayers are colored with
CILB layers in orange, PCLL in green, and PLLR in yellow. Desaiptions of the
layers are provided in Appendix A.

4.1.1 Getup and Walking using PLLR

The UT Austin Villa team employs an omnidirectional walk engine using a double
inverted pendulum model to control walking. The walk enginehas many parameters
that need to be optimized in order to create a stable and fast wlk including the

length and frequency of steps as well as center of mass o setd=ull details of the

0videos of some of the behaviors being learned are available at
http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/overlappingLayeredLearning.
html
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walk engine and its parameters are given in Sectio.2.5. Instead of having a single
set of parameters for the walk engine, which in previous workwe found to limit

performance [L03, walking is broken up into di erent subtasks for each of which a
set of walk engine parameters is learned.

Before optimizing parameters for the walk engine, \getup" behaviors are
learned so that if the robot falls over it is able to stand backup and start walking
again. Getup behaviors are necessary for faster learning ding walk optimizations,
as without the ability to get up after falling, a walk optimiz ation task would have
to be terminated as soon as the robot fell over. There are two eh behaviors
for getting up: GetUp_Front _Primitive for standing up from lying face down and
Getup_Back Primitive for standing up from lying face up. Each getup behavior
consists of di erent joint angle movements that form a xed series of poses. The
poses themselves are speci ed in a parameterized skill defation language. Infor-
mation about the skill description language is provided in Sction 8.2.6. During
learning, getup behaviors are evaluated based on how quigkithe robot is able to
stand up [104].

After the getup primitive behaviors are learned, we start optimizing the rst
walk engine parameter set in the next layer of learning. Thigs the Walk_GoToTarget
behavior which is used for walking to di erent target locations on the soccer eld.
Learning this walk is accomplished by having the robot walk © a series of target
points on the eld in the form of an obstacle course, and the rdot is rewarded
for how quickly it can complete the obstacle course while beig penalized for every
time it falls over. After the Walk_GoToTarget parameter set is learned and xed, the
Walk_Sprint walk engine parameter set used to quickly walk straight forvard|to

targets within 15 of the robot's current headinglis then optimized in the thir d
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layer of learning using the same obstacle course optimizain task. Full details
of how these walk parameter sets are optimized can be found ippendix A.l.
Note that the optimization tasks used for learning di erent walk parameter sets
purposely transition between all previously learned walk @rameter sets and the
current one being learned to ensure that the robot can smootly transition between
them without losing stability.

After learning both the Walk_GoToTarget and Walk_Sprint walk engine pa-
rameter sets, we re-optimize the getups by learning th&SetUp_Front _Behavior and
GetUp_Back Behavior behaviors in the fourth layer of learning. GetUp_Front _Behavior
and GetUp_Back Behavior are overlapping layered learning behaviors as they con-
tain the same parameters as the previously learnedsetUp_Front Primitive and
GetUp_Back Primitive behaviors respectively. The getup behavior parameters are
re-optimized from their primitive behavior values through the same optimization
as the getup primitives, but with the addition that right aft er completing a getup
behavior the robot is asked to walk in di erent directions and is penalized if it falls
over while trying to do so. Unlike the getup primitive behaviors, which were learned
in isolation, the relearned getup behaviors are stable tragitioning from standing up
and then almost immediately walking. One might think that th e walk parameter
sets learned would be stable transitioning from the origind learned getups due to
the getup primitive behaviors being used in the walk parameer optimization tasks,
however this is not always the case. During learning, walks écome stable such that
toward the end of optimizing a walk parameter set the robot amost never falls, and
thus rarely uses the getup primitive behaviors. Relearningthe getup behaviors is

an example of previous learned layer re nement (PLLR).
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4.1.2 Kicking using CILB

Four primitive kick behaviors were learned by the 2014 UT Augin Villa team
(Kick _Long_Primitive , Kick _Low_Primitive , Kick _High_Primitive , and Kick _Fast_Primitive ).
Each kick primitive, or kicking motion, was learned by placing the robot at a xed
position behind the ball and having it optimize joint angles for a xed set of key
motion frames de ned by a skill description language. Infomation about the skKill
description language is provided in Sectior8.2.6. Note that initial attempts at learn-
ing kicks directly with the walk, instead of learning kick primitives independently,
proved to be too dicult due to the variance in stopping posit ions of the walk as
the robot approached to kick the ball.

While the kick primitive behaviors work quite well when the r obot is placed
in a standing position behind the ball, they are very hard to execute when the robot
tries to walk up to the ball and kick it. One reason for this di culty is that when the
robot approaches the ball to kick it using the Walk_ApproachToKick walk parameter
setlused for approaching and stopping at a precise position behind the ball before
executing a kick|the precise o set position from the ball th at the kick primitives
were optimized to work with do not match that of the position t he robot stops at
after walking up to the ball. In order to allow the robot to tran sition from walking
to kicking, full kick behaviors for all the kicks are optimized (Kick _Long_Behavior,
Kick _Low_Behavior, Kick_High_Behavior, Kick _Fast Behavior). Each full kick be-
havior is learned by having the robot walk up to the ball and attempt to kick
it from di erent starting positions|as opposed to having th e robot just standing
behind the ball as was done when optimizing the kick primitive behaviors.

The full kick behaviors are overlapping layered learning bbaviors because

they re-optimize previous learned parameters. In the casefoKick _Fast Behavior,
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only the x and y kick primitive o set position parameters from the ball, whi ch
is the target position for the walk to reach for the kick to be executed, are re-
optimized. The fast kick is quick enough that it almost immediately kicks the ball
after transitioning from walking, and thus just needs to be in the correct position
near the ball to do so. A comparison of overlapping layered lerning paradigms
for learning Kick _Fast Behavior is shown in Figure 4.2. The above overlapping
layered approach of rst independently learning the walk approach and kick, and
then learning the two position parameters, does better thanboth the sequential
layered learning approach where all kick parameters are leaed after freezing the
approach, and the concurrent layered learning approach wire both approach and
kick parameters are learned simultaneously.

For the other full kick behaviors, all kick parameters from their respective
kick primitive behaviors are re-optimized. Unlike the fast kick, there is at least a one
second delay between stopping, walking, and kicking the bglduring which the robot
can easily become destabilized and fall over. By opening upll&kicking parameters
the robot has the necessary freedom to learn kick motions thamaintain its stability
between stopping after walking and making contact with the ball. Learning the kick
behaviors by combining them with the Walk_ApproachToKick behavior for walking

up to the ball are all examples of combining independently larned behaviors (CILB).

4.1.3 KickO using both CILB and PCLL

For kicko s the robot is allowed to \teleport" itself to a sta rting position next to the
ball before kicking it, and thus does not need to worry about valking up to the ball.
Scoring directly o a kicko is not allowed, however, as another robot must rst

touch the ball before it goes into the opponent's goal. In oreér to score on a kicko
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Kick Distance vs Number of Generations
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Figure 4.2: Performance of di erent layered learning paradgms across generations
of CMA-ES when optimizing Kick _Fast_Behavior. Results are averaged across ve
optimization runs and error bars show the standard error.

we perform a multiagent task where one robot touches the balbefore another kicks
it.

The rst behavior optimized for scoring o the kicko is KickO _Kick_Primitive
in which a robot kicks the ball from the middle of the eld. The robot is rewarded
for kicking the ball as high and as far as possible as long as énhball crosses the
goal line below the height of the goal. In parallel a behaviorfor another robot is
learned to lightly touch the ball called KickO _Touch_Primitive. Here a robot is

rewarded for touching the ball lightly and, after ensuring that the robot has made
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contact with the ball, that the ball moves as little as possible. Finally an overlap-
ping layered behavior calledKickO _Kick _Behavior is learned which re-optimizesx,
y, and angle o set positions from the ball from both the KickO _Kick _Primitive
and KickO _Touch_Primitive behaviors. Re-optimizing these positioning parame-
ters together is important so that the robots do not accidentally collide with each
other and also so that the kicking robot is at a good position b kick the ball after
the rst agent touches it. Learning KickO _Kick_Behavior is another example of
combining independently learned behaviors (CILB).

In addition to the positioning parameters of both robots being re-optimized
for KickO _Kick_Behavior, a new parameter that determines the time at which the
rst robot touches the ball is optimized. This synchronized timing parameter is
necessary so that the robots are synced with each other and éhkicking robot does
not accidentally try to kick the ball before the rst robot ha s touched it. As a
new parameter is optimized along with a subset of previouslyearned parameters,
learning KickO _Kick_Behavior is also an example of partial concurrent layered
learning (PCLL).

Further information about the kicko , including how a seed f or the kick was

learned through observation, can be found in41].

4.2 Results and Analysis

At the 2014 RoboCup 3D simulation competition|the rst year the UT Austin
Villa team used overlapping layered learning|UT Austin Vil la nished rst among
12 teams while scoring 52 goals and conceding none across Hngs:! Considering

that most of the team's strategy layer|including team forma tions using a dynamic

L Eull game results are provided in Appendix E.
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role assignment and formation positioning systemI11]|remained unchanged from
that of the previous year's second place nishing team, a keycomponent to the 2014
team's improvement and success at the competition was the e approach incorpo-
rating overlapping layered learning used to learn the teans low level behaviors.
After every RoboCup competition teams are required to releae the binaries
that they used during the competition. In order to analyze the performance of the
di erent components of our overlapping layered learning agproach before the 2014
competition, we played 1000 games with di erent versions ofthe UT Austin Villa
team against each of the top three teams from the RoboCup 2018ompetition.
The following subsections provide analysis of game resultwhen turning on and o
the kicko and kicking components learned though an overlapping layered learning
approach. Additionally, to demonstrate the generality of our overlapping layered
learning approach, we provide data that isolates the perfomance of our complete

overlapping layered learning approach applied to di erent robot models.

4.2.1 Overall Team Performance

Table 4.1 shows the average goal di erence across all games againstchaopponent
achieved by the complete 2014 UT Austin Villa team. Against dl opponents the
team had a signi cantly positive goal di erence, and in fact out of the 3000 games
played the team only lost one game (to AustinVilla2013). These game results show
the e ectiveness of the team's overlapping layered learnig approach in dramatically
improving the performance of the team from the previous yearin which the team
achieved second place at the competition|the 2014 team is alle to beat the previous
year's team by an average of 1.525 goals.

Data provided in Appendix E, showing the overall team's performance when
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Table 4.1: Full game results, averaged over 1000 games. Eacbw corresponds to
one of the top three nishing teams at RoboCup 2013. Entries how the average goal
di erence achieved by the 2014 UT Austin Villa team versus the given opponent
team. Values in parentheses are the standard error. Total nmber of wins, losses,
and ties across all games was 2852, 1, and 147 respectively.

Opponent Average Goal Di erence

Apollo3D 2.726 (0.036)
AustinVilla2013 1.525 (0.032)

FCPortugal 3.951 (0.049)

playing against the released 2014 teams' binaries, corrolbates the overall team's
strong performance. When playing 1000 games against eachthie eleven 2014 oppo-
nents UT Austin Villa did not lose a single game out of the 11,00 played, and had at
least an average goal di erence of 2 against every opponenidditionally, bolstered
by the team's strong set of skills developed through overlaping layered learning
techniques, UT Austin Villa won all games it played at the RoboCup 2015 [L0§],
2016 [L14], and 2017 competitions'?

42.2 KickO Performance

To isolate the performance of the learned multiagent behawr to score o the kicko ,
we disabled this feature and instead just had the robot takirg the kicko kick the
ball toward the opponent's goal to a position as close as po#de to one of the goal
posts without scoring. Table 4.2 shows results from playing against the top three
teams at RoboCup 2013 without attempting to score on the kiclo .

By comparing results in Table 4.2 to that of Table 4.1 we see a signi cant
drop in performance when not attempting to score on kicko s. This result is not
surprising as we found that the kicko was able to score aroum 90% of the time

against Apollo3D and FCPortugal, and over 60% of the time agast the 2013 version

12 Competition results are provided in Appendix E.
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Table 4.2: Full game results, averaged over 1000 games. Eacbw corresponds to
one of the top three nishing teams at RoboCup 2013. Entries how the average goal
di erence achieved by a version of the 2014 UT Austin Villa team not attempting
to score on a kicko versus the given opponent team. Values in parentheses are¢h
standard error. Total number of wins, losses, and ties acrasall games was 2644, 5,
and 351 respectively.

Opponent Average Goal Di erence

Apollo3D 2.059 (0.038)
AustinVilla2013 1.232 (0.032)

FCPortugal 3.154 (0.046)

of UT Austin Villa. The combination of using both CILB and PCL L overlapping

layered learning led to a large boost to the team's performace.

4.2.3 Kicking Performance

To isolate the performance of kicking learned through an ovdapping layered learn-
ing approach we disable all kicking (except for on kicko s where we once again have
a robot kick the ball as far as possible toward the opponent'ggoal without scoring)
and used an \always dribble" behavior. Data from playing aganst the top three

teams at the RoboCup 2013 competition when only dribbling isshown in Table 4.3.

Table 4.3: Full game results, averaged over 1000 games. Eacbw corresponds to

one of the top three nishing teams at RoboCup 2013. Entries Bow the average
goal dierence achieved by a version of the 2014 UT Austin Vila team using a

dribble only strategyversus the given opponent team. Values in parentheses are ¢h
standard error. Total number of wins, losses, and ties acrasall games was 2480,
15, and 505 respectively.

Opponent Average Goal Di erence

Apollo3D 1.790 (0.033)
AustinVilla2013 0.831 (0.023)

FCPortugal 1.593 (0.028)

Here we see another signi cant drop in performance when congring Ta-
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ble 4.3to Table 4.2. Kicking provided a large gain in performance, nearly doubing
the average goal di erence against FCPortugal, compared toonly dribbling. This
result is in stark contrast to when UT Austin Villa won the 201 1 RoboCup com-
petition, in which the team tried to incorporate kicking ski lls without using an
overlapping layered learning approach, and found that kicing actually hurt the

performance of the team [L17).

4.2.4 Dierent Robot Models

At the 2014 RoboCup competition teams were given the option dusing ve di erent
robot types with the requirement that at least three di eren t types of robots must
be used on a team and no more than seven of any one type. The vepes of robots

available were the following:
Type 0: Standard Nao model
Type 1: Longer legs and arms
Type 2. Quicker moving feet
Type 3. Wider hips and longest legs and arms
Type 4. Added toes to foot

We applied our overlapping layered learning approach for larning behaviors
to each of the available robot types. Game data from playing gainst the top three
teams at RoboCup 2013 is provided in Table4.4 for each robot type.

While there are some di erences in performance between theigrent robot
types, likely due to the di erences in their body models, all of the robot types are

able to reliably beat the top teams from the 2013 RoboCup comptition. This shows

the e cacy of our overlapping layered learning approach andits ability to generalize
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Table 4.4: Full game results, averaged over 1000 games. Eacbw corresponds to
one of the top three nishing teams at RoboCup 2013. Entries how the average goal
di erence achieved by a version of the 2014 UT Austin Villa team using di erent
heterogeneous robot typesersus the given opponent team.

Avg. Goal Dierence per Robot Type
Opponent  Type 0 Type 1 Type 2 Type 3 Type 4
Apollo3D 1.788 1.907 1.892 1.524 2.681

AustinVilla2013 | 0.950 | 0.858 1.152 0.613 1.104
FCPortugal 2.381 2.975 3.331 2.716 3.897

to di erent robot models. During the 2014 competition the UT Austin Villa team
used seven type 4 robot models as they showed the best perfoamce, two type O
robot models as they displayed the best performance on kicks, and one each of

the type 1 and type 3 robot models as they were the fastest at wéing [109.

4.2.5 Summary of Results

Results from the data we collected in Sectiot.2.1and Appendix E provide evidence
of the 2014 team's overall improvement and success gained lixycorporating overlap-
ping layered learning into the approach used to learn the tee's low level behaviors.
In particular, kicks learned through overlapping layered learning techniques boosted
the performance of the team as shown by the data isolating theéicks' contributions
to game results in Sections4.2.2 and 4.2.3 Finally, the generality of our learning
approach is demonstrated by its success when applied to dieent robot models in

Section4.2.4

4.3 Summary

This chapter provided a detailed description and experimertal analysis of the ex-

tensive overlapping layered learning approach used by the U Austin Villa team in
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winning the 2014 RoboCup 3D simulation competition® Furthermore, the com-
plete learning process is repeated on four di erent robot bay types, showcasing its
generality as a paradigm for e cient behavior learning. While rst introduced in
2014, overlapping layered learning has continued to be usesuccessfully by the UT
Austin Villa team in all years since then as well.

A base code release of the 2015 UT Austin Villa RoboCup 3D simation
agent [L15, which includes hooks for optimizing the skills and behawors presented

in this work, is discussed in Chapter8.

3 Team video highlights from the competition can be found on the team's homepage at
http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/#2014
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Chapter 5

Scalable Collision-avoiding Role
Assignment with

Minimal-makespan (SCRAM)

This chapter!* presents Scalable Collision-avoiding Role Assignment witiMinimal-
makespan (SCRAM) role assignment functions and algorithmgnother primary
contribution of this dissertation. Speci cally this chapt er addresses thesis contribu-
tions 2 and 3 in Section 1.2,

Coordinated movement among mobile agents is an important reearch area
with many applications such as search and rescu@]] and warehouse operations]7§.
A topic within this space is role assignment|deciding which agent moves to which
position or role. Work in this chapter focuses on the problemof assigning mobile
agents to move to a set of xed target positions such that the nakespan|time for

all agents to reach their targets positions|is minimized. M inimizing the makespan

¥ This chapter contains material from previously published wo rk in [111].
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is a decisive factor in performance when agents are moving ttarget positions to
complete a shared task where all agents must be in place befothe task can be
completed and/or started.

The remainder of this chapter is organized as follows. Seaih 5.1 gives a high
level overview of SCRAM role assignment. Sectiob.2 provides a formulation of the
role assignment problem we are solving. Two role assignmeritinctions, as well as
algorithms implementing them, are presented in Sectiorb.3. An empirical evaluation
of role assignment functions and algorithms is given in Sean 5.4. Section 5.5
summarizes.

An extension to SCRAM role assignment for the prioritization of target po-
sitions is presented in Chapter6, and Chapter 7 provides applications and case
studies of positioning systems incorporating SCRAM role asignment used within

RoboCup robot soccer domains.

5.1 Overview

Movement coordination of mobile agents spans multiple resarch topics including
role assignment p9, 123 70], path planning [121, 151, 90], and collision avoid-
ance p4, 144, 173. The work in this chapter focuses on role assignment|specically
tackling the problem of assigning interchangeable homogerous mobile agents to
move to a set of xed target positions such that an agent is present at every target
position in as little time as possible. Path planning and colision avoidance issues are
addressed during role assignment, as mappings of agents target positions operate
under the constraint that no agents collide.

Previous work on assigning agents to target positions has fused on minimiz-

ing the sum of distances all agents must travel which is the wie known assignment
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problem [13§. Our work di ers as we minimize the makespan|time for all ag ents
to reach goal positions|instead of the sum of distances traveled. Minimizing the
makespan is a decisive factor in performance when agents areoving to target
positions to complete a shared task where all agents must beniplace before the
task can be completed and/or started. Such tasks include thee requiring agents be
synchronized when they start jobs at their target positions e.g., mobile robots as-
suming necessary positions on an assembly line. Other suchgks involve scenarios
for which the bottleneck is the time it takes for the last agert to get to its target
position, e.g., warehouse robots delivering items for an aer to be shipped, and
mobile robots used as pixels to display imagesLp].

We refer to our role assignment as SCRAM, for Scalable Collisn-avoiding
Role Assignment with Minimal-makespan. It provides a collision free mapping of
agents to target positions, minimizes the makespan, and sd¢@s to thousands of
agents as role assignment algorithms run in polynomial time Primary contributions
of this chapter include a complete speci cation of SCRAM, the presentation of role
assignment functions for assigning agents to target positins, algorithms (both new
and existing) for computing the role assignment functionst® as well as a thorough

theoretical and empirical analysis of the role assignment pblem.

5.2 Role Assignment Problem

Let there be n homogeneous mobile agents with current position#\ := fas;::;;ang,
and we want to assign the agents to move tan speci ed target goal positions or

roles P := fpi;:::;png such that the time for agents to have reached every goal

SVideos of SCRAM role assignment in action, as well as C++ imple mentations of the role assign-
ment algorithms, can be found at http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/
scram.html
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position is minimized under the constraint that no agents cdlide with each other.
Figure 5.1 illustrates an example problem with six agents and target paitions.
This problem can be thought of as nding a perfect matching M  within the set
of perfect matchings M of a weighted bipartite graph G := (A;P;E) that meets
the above criteria with the weight for each edge inE being the Euclidean distance

between associated agent and target positions.

©
5@

G
O
S

~

Figure 5.1: Role assignment problem where we want to assigngants (circles)
faj,...,asg to target positions (crosses)fps,...,peg. Dashed arrows show solution
with minimal makespan.

Similar to path planning work by Broucke [25, 26], we model agents as point
masses with zero width. Additionally, we make two more assumtions. First, no two
agents and no two target positions occupy the same positionSecond, we assume
that all agents move toward xed target positions along a straight line at the same
constant speed. While the assumptions may not hold in practie, they are necessary
for theoretical analysis of the role assignment problem andare often good enough
approximations, as corroborated by our successful empiral results in RoboCup
domains presented in Chapter7. We mention a potential extension of our work in
Section10.2.2that includes allowing for non-point masses as well as obstdes in the

environment.
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We consider a role assignment functiorf to be CM valid (Collision-avoiding
with Minimal-makespan) if and only if it always returns a perfect mappingM that

satis es two properties:

1. Minimizing longest distance - M minimizes the longest distance from an
agent to target, with respect to all possible mappings. Sucha mapping for the
problem shown in Figure5.1 would not include a, ! ps as that is the longest
distance between an agent and target. InsteadM includesa; ! ps which is
the minimal longest distance any agent travels across all pssible assignments

of agents to targets.

2. Avoiding collisions - agents do not collide with each other as they move to
their assigned positions. In Figure5.1 a mapping including both a; ! p; and
a> ! p2 would not have this property as it would cause agentsa; and a, to

collide.

A third desirable property, although not necessary for a rok assignment

function f to be CM valid, is the following:

3. Dynamically consistent - Given a xed set of target positions, if f outputs a
mapping M of agents to targets at time T, then f continues to output M for

every time t > T as the agents move to the targets speci ed byM .

The rst two properties come directly from the de nition of t he role assign-
ment problem. The third property guarantees that once a roleassignment function
f outputs a mapping, f will always output that same mapping as long as there is no
change in the target positions. This guarantee is desirablas otherwise agents might
thrash between roles thus impeding progress. In the followig section we construct

CM valid role assignment functions.
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5.3 Role Assignment Functions

The following subsections present twoCM valid role assignment functions for the
role assignment problem detailed in Section5.2. Algorithmic implementations of

the functions and analysis of their time and space complexies are also given.

5.3.1 Minimum Maximal Distance Recursive (MMDR) Function

One potential role assignment function is to nd a mapping of agents to target posi-
tions which recursively minimizes the maximum distance tha any agent travels. We
refer to this as this the Minimum Maximal Distance Recursive (MMDR) function.
It is also known as the lexicographic bottleneck assignment problenil3g. In this
section we rst analyze properties of MMDR, and then identify e cient polynomial
time algorithms to compute MMDR.

Let M be the set of all one-to-one mappings between agents and rale If
there are n agents andn target role positions, then there aren! possible mappings
M 2 M. Let the cost of a mappingM be the n-tuple of distances from each agent to
its target, sorted in decreasing order. We can then sort all he n! possible mappings
based on their costs, where comparing two costs is done lexigraphically. Sorted

costs of mappings for a small example are shown in Figurg.2
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Figure 5.2: Lowest lexicographical cost (shown with arrow} to highest cost order-
ing of mappings from agents (A1,A2,A3) to role positions (P1P2,P3). Each row
represents the cost of a single mapping.
1: p§ (A2! P2), pi (A3! P3), 1(A1! P1)
2 (Al! P2), pi (A3! P3), 1 (A2! P1)

P5a21 P3), 1(AL P1), 1(A3! P2)

2
3

P p_
4: "5 (A21 P3), 2 (All P2), 2 (A3! P1)
5. 3(All P3), 1(A2! P1), 1 (A3! P2)
6

3 (Al P3), pé(AZ! P2), IOé(A3! P1)

Denote the role assignment function that always outputs thelexicographi-
cally smallest cost mapping as MMDR. Here we provide an infamal proof sketch
that MMDR is CM valid and is also dynamically consistent; we provide a longer,
more thorough derivation showing MMDR as CM valid in Appendix B.1, and being

dynamically consistent in Appendix B.2.

Theorem 1. MMDR is CM valid and dynamically consistent.

Proof Sketch : MMDR minimizes the longest distance (Property 1) as the lexco-
graphical ordering of distance tuples sorted in descendingrder ensures this. If two

agents in a mapping are to collide (Property 2) it can be shownthrough the triangle
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inequality, that MMDR will nd a lower cost mapping as switch ing the two agents'
targets reduces the maximum distance either must travel. Fnally, as we assume all
agents move toward their targets at the same constant rate, fhe distance between
an agent and any target will not decrease any faster than the ttance between any
agent and the target that agent is assigned to. This observdbn provides dynamic
consistency (Property 3) by preserving the lowest lexicogaphical cost ordering of a

MMDR mapping across all timesteps.

O(n®) Polynomial Time Algorithm for MMDR

We can compute the MMDR role assignment function in polynomal time by trans-
forming MMDR into the assignment problenpinding a perfect matching in a bi-
partite graph that minimizes the sum of edge weightsjwhich i s solvable by the
Hungarian algorithm [86] in O(n?) time.

In order to transform MMDR into the assignment problemwe modify the
weights of the edges of our bipartite graph to be a set of valuesuch that the weight
of any edgee is greater than the sum of weights of all edges with weight vales less
than that of e. A key insight into this transformation is expressed in Lemma 1.

Lemma 1. Denote W, := fwg;::;whg wherew; := 2. Then for all W W, 1:

P
Wp > W.
w2W

By sorting all edges in ascending order by distance, and therelabeling edge
weights to be the value 2 wherei is the index of an edge in this sorted list, the
sum of all edge weights of shorter distance edges will be lefisan any sum of edge
weights with a longer edge. Solutions to theassignment problemreturn lowest cost
MMDR mappings as the sum of modi ed weights of any mapping with a higher cost

is greater than that of a lower cost mapping.
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Algorithm 1 gives a polynomial time solution for computing MMDR. First,
weights are sorted in ascending order of distance (lind). Next, edge weights are
transformed into appropriate values for the assignment prdlem as expressed in
Lemma 1 (line 8). Finally, the re-weighted edges are given as input into theHun-
garian algorithm which returns the lowest cost MMDR mapping (line 10). Time
complexity is dominated by the O(n®) Hungarian algorithm. Note that our trans-
formed edge weights, represented as bit vectors with théh bit of a 2' value turned
on, are of sizen?. The Hungarian algorithm must do comparisons of these weigis
and thus the time complexity of Algorithm 1 is O(n®). As our implementation of
the Hungarian algorithm requires us to store lengthn lists of sizen? transformed
weights, Algorithm 1 has a space complexity ofO(n®). Algorithm 1 meets the
criterion for being SCRAM as it computes the CM valid MMDR role assignment

function with polynomial time and space complexities.

Algorithm 1 MMDR O(n®) Polynomial Time Implementation
Input:

Agents:= fag;:::; ang; Positions := fpg;::;png

Edges:= faips; aipz; 5, @npn0; jaipjj := euclideanDist (a;,pj)

edgesSorted= sortAscendingDist (Edgeg
lastDistance:= 1
rank; currentindex := 0
for each e 2 edgesSorteddo

if jej > lastDistance then

rank := currentindex

lastDistance := jg

jej := prank

currentindex := currentindex + 1
: return hungarianAlg (edgesSortel

[EnY
o

There exists previous work in modifying edge weights to traisform the lex-

icographic bottleneck assignment probleninto the assignment problem For cases
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in which there are n? edges, with each having a unique cost, a higher complexity
O(n®logn) algorithm exists [27]. Work by Croce et al. [35] changes edge weights
into weight vectors of length n before solving theassignment problemand has the
same time complexity as our method ofO(n®). However, on modern computer ar-
chitectures Algorithm 1 is more e cient as we represent edge weights as bit vectors
instead of vectors of integers. The compact format of bit vetors allows for integer
operations to be performed onw bits in parallel where w is the size of a processor's
maximum word length. This parallelism reduces the running ime by a factor of w,

e.g., a factor of 64 on a 64-bit architecture.

O(n* Polynomial Time Algorithm for MMDR

Another approach to compute MMDR, introduced by Sokkalingam and Aneja [153,
and detailed in Algorithm 2, alternates between solving thebottleneck assignment
problem [13g| nding the smallest maximum edge in a perfect matchinglan d a
0-1 cost version of theassignment problem

At every iteration of Algorithm 2 solving the bottleneck assignment problem
(line 5 implemented by Algorithm 3 discussed later in this section) returns the cur-
rent largest edge weight value in the MMDR mapping. Next sohing the assignment
problem using the Hungarian algorithm (line 7), with 0-1 edge costs as specied in
line 6, returns a mapping whose sum of costs (line) reveals the number of edges
of this weight in the MMDR mapping.

At the same time the Hungarian algorithm naturally computes a potential
function poten over the set of vertices in the bipartite graph such that8e,, 2 Edges:
poten(a) + poten(p) <= cost(es;p). It is revealed by Sokkalingam and Aneja [L53

that all perfect matchings of the subset of tight edges|de n ed as edges for which
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Algorithm 2 MMDR O(n*) Polynomial Time Implementation
Input:

Agents:= fayg;:: ang; Pc'Jsitions = fpg; i png

Edges:= faipi;aipy; s anpng; Jaip;j := euclideanDist (&;,p;)

1: function getTightEdges (poten)
2: return e, 2 Edges s.t. poten(a) + poten(p) = cost(eap)

w

: numEdgesLeft.= n
. loop
minLongesiEdge:= getMinimalMaxEdgelnPerfectMatching (Edges
< jej < jminLongestEdge : cost(e) ;=0
6: 8e 2 Edges jg = jminLongestEdgg: coste) =1
" jgj > jminLongestEdgé¢: coste) := 1
7 f matching; poteng := hurparianAlgWithEdgeCosts (Edgeg

(S

numLongestEdges= cost(e)
e2 matching
9: numEdgesLeft:= numEdgesLeft numLongestEdges
10: if numEdgesLeft= 0 then
11: return matching

12: Edges:= getTightEdges (poten)
13: 8e 2 Edges s.t. jgf = jminLongestEdge:je = 1

poten(a) + poten(p) = cost(e,;p)|contain exactly numLongestEdgesedges of length
jminLongestEdgg. Given this knowledge we remove all non-tight edges from con
sideration in the MMDR mapping (line 12). The reduction to tight edges, and

reducing the weight of edges of lengtijminLongestEdgé¢ (line 13), results in subse-
guent solutions of the bottleneck assignment problenmevealing the next largest edge
weight value in the MMDR mapping as every perfect matching wil have exactly

numLongestEdgesedges of lengthjminLongestEdgé. We learn the weight of num-

LongestEdgesedges in the MMDR mapping during every iteration of Algorithm 2,

and after determining the weights for n edges, the solution returned by the Hungar-
ian algorithm is the MMDR mapping (line 11).

Algorithm 3 nds the minimal maximum edge in a perfect matching by in-
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crementally adding edges to the graph in order of increasinglistance from the list
of edges sorted in ascending order of weight (lin€3). It interleaves adding edges
(line 30) with running the Ford-Fulkerson algorithm [ 47] for nding a maximum car-
dinality, i.e., maximum number of edges, matching. Ford-Fukerson|implemented
with the flood , resetFlood , and reversePath functions|works by using a breath-
rst search to nd augmenting paths from an agent to a target. Augmenting paths
are alternating paths between agents and targets, along dected edges, whose start
and end points have a degree of one.

Algorithm 3 starts with a graph with the empty set of edgesallowedEdges
(line 1), and whenever the breadth- rst search of the Ford-Fulkerson algorithm is
unable to nd a path from an agent to a target, Algorithm 3 adds an edge to
the graph (line 30) and continues the breadth- rst search. At the point when the
algorithm nds n paths from agents to target, the last edge added is the minimh
maximum edge for a perfect matching.

An important factor for performance in Algorithm 3 is that it can pick up
the Ford-Fulkerson breadth- rst search where it left o aft er adding an edge as any
nodes previously reachable in the graph remain reachable. dtause the algorithm
does not lose state in each breadth- rst search, each breadt rst search takes O(E)
time. Thus the total time for running Algorithm 3 to nd a perfect matching with
the minimum maximal edge length is O(nE) which is less than the O(n®) time
complexity of the Hungarian algorithm.

Note that one can compute a maximum cardinality matching ushg the
Hopcroft-Karp algorithm [ 65] in O(Epﬁ) time, and thus can perform a binary
search across alh? edges to nd the minimal maximum edge in a perfect matching

in O(n%°logn?) time. Empirically we found this approach to be slower than the
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Algorithm 3 Minimal-maximum Edge Perfect Matching

Input:
Agents:= faz;:::; ang; P?sitions = fp1; i png
Edges:= faipi;aipz; s anpng; Jaip;j := euclideanDist (&;,p;)

1. matchedAgentsallowedEdges= fg
2: function flood (curNode, prevNode)

3:

4.
5:

8:
9:
10:
11:

12

18

23
24
25

curNode.visited := true
curNode.previous:= prevNode
if curNode 2 Positions and 6 9 2 allowedEdges s.t. e.start = curNode
then

return currentNode
for each e 2 allowedEdges s.t. (e.start = curNode and not e.end.visited
do

val := flood (e.end e.start)

if valé ? then

return val

return ?

: function resetFlood
13:
14:
15:

16:
17:

for each node?2 f Agents[ Positionsg do
node.visited:= false
node.previous:= ?

for each a2 f Agentsn matchedAgentg do
flood (a;?)

: function reversePath (node)
19:

20:
21:

22:

while node.previousg ? do'
reverseEdgeDirection (node node.previous
node:= node.previous

return node

. edgeQ:= sortAscendingDist (Edges)
. longestEdge= ?

: for match:=1 to n do

26:
27:
28:
29:
30:
31:

32:
33:

resetFlood ()
matchedPosition:= ?
while matchedPosition= ? do
longestEdge= edgeQpop()
allowedEdges longestEdge
matchedPosition:= flood (longestEdge.endongestEdge.start

matchedAgent:= reversePath (matchedPosition)
matchedAgents matchedAgent

34: return longestEdge
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breadth- rst search approach of Algorithm 3, possibly due to the overhead of con-
structing di erent graphs, which is not that surprising as other have found similar
results [L5(. For dense graphs there exists an algorithm with a better tme complex-
ity than Hopcroft-Karp of O(nli5p E=logn) for computing a maximum cardinality
matching [16], however we have not tried using this algorithm with a binary search
to nd the minimal maximum edge in a perfect matching.

At least one new minimal maximum edge in a perfect matching isdletermined
during every iteration of the loop in Algorithm 2. Thus no more than n instances of
both the Hungarian algorithm and Algorithm 3 need to be computed. As theO(n?)
time complexity of the Hungarian algorithm dominates Algorithm 2's loop, the time
complexity of Algorithm 2 is O(n%). The breadth- rst search of Ford-Fulkerson in
Algorithm 3 gives a space complexity of)(n?). Algorithm 2 meets the criterion for
being SCRAM as it computes theCM valid MMDR role assignment function with

polynomial time and space complexities.

5.3.2 Minimum Maximal Distance + Minimum Sum Distance 2

(MMD+MSD  2) Function

Another role assignment function to map agents to target goapositions is one which
minimizes the maximum distance any agent has to travel|but n ot recursively as
done by MMDR in Section 5.3.1jafter which it minimizes the sum of distances

squared that all agents travel. We call this the Minimum Maximal Distance +

Minimum Sum Distance? (MMD+MSD 2) role assignment function. Speci cally we
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want to nd a perfect matching M such that

M® = X 2 MjkXk, = min (kM k; )g (5.1)
M = argmin (kM k3) (5.2)
M 2M00

Here we provide an informal proof sketch that MMD+MSD? is a CM valid

role assignment; we provide a longer, more thorough derivaon in Appendix B.1.

Theorem 2. MMD+MSD 2 is CM valid but not necessarily dynamically consistent.

Proof Sketch : By only considering the set of perfect matchingsM ®with minimal
longest edges (equatiorb.1) we are minimizing the longest distance any agent must
travel (Property 1). If two agents in a mapping are to collide (Property 2), it
can be shown, through the triangle inequality, that MMD+MSD 2 will nd a lower
cost mapping as switching the two agents' targets reduces, Wi never increases, the
distance that one or both must travel thereby reducing the sun of distances squared
(equation 5.2) and the longest distance (equation5.1).

Unlike MMDR, MMD+MSD 2 is not dynamically consistent because dis-
tances squared do not decrease at a constant rate, but in faclecrease at faster
rates for larger distances, as agents move toward targets. Aan example, the dif-
ference in distance squared as an agent moves from 5 meters 4ometers from a
target (52 42 = 9) is greater than the di erence moving from 4 meters to 3 meters
(4> 3?2 =5). This lack of a constant rate of decrease for distances seared allows
for squared distances between an agent and targets it is notssigned to travel to-
ward to decrease faster than the squared distance between agent and the target
it is assigned to. The sum of distances squared for non-MMD+NBD? mappings

can thus become less than the current MMD+MSD? mapping as agents travel to
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their targets. An example of where MMD+MSD 2 is shown to not be dynamically

consistent is referred to in AppendixB.2.

A potentially bene cial byproduct of minimizing the sum of d istances squared
is that, as alluded to in [25], subsets of edges in a mapping that hold this property
will never cross. This is useful in preventing collisions ithe assumption that agents
all move at the same constant speed does not hold true. Note #t nding a smallest
maximum edge perfect matching|lone that minimizes the makespan|with no path

crossings has been shown to be NP-hard’[ 2§].

Polynomial Time Algorithm for MMD+MSD 2

Algorithm 4 implements MMD+MSD 2 by rst nding a perfect matching with the

smallest maximum edge (linel) which is computed by Algorithm 3 presented earlier
in Section 5.3.1 Algorithm 4 then creates a set ofminimalEdges consisting of all
edges with length less than or equal to the longest edge in theerfect matching
(line 2) and uses it as input to the Hungarian algorithm (line 3). Note that edge
weights are their distances squared and thus the Hungarianlgorithm minimizes the
sum of distances squared. As all edges greater in length thahe minimal maximum
edge in a perfect matching are removed before running the Hugarian algorithm,

the maximum distance any agent travels is also minimized.

Algorithm 4  MMD+MSD 2 O(n®) Polynomial Time Implementation

Input:
Agents:= fay;:: ang; Ptlasitions = fpg; i png
Edges:= faipi;aipz;:ii;anpad; Jaip;j := euclideanDist (aj,pj)?

1: longestEdge= getMinimalMaxEdgelnPerfectMatching (Edge9
2: minimalEdges:= e 2 Edges s.t. jgf | longestEdg¢
3: return hungarianAlg (minimalEdges)
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The O(n?®) time complexity of the Hungarian algorithm dominates Algo-
rithm 3 and thus the time complexity of Algorithm 4 is O(n®). The breadth-
rst search of Ford-Fulkerson in Algorithm 3 gives a space complexity ofO(n?).
Algorithm 4 meets the criterion for being SCRAM as it computes theCM valid
MMD+MSD 2 role assignment function with polynomial time and space corplexi-

ties.

5.4 Assignment Function and Algorithm Analysis

To evaluate role assignment algorithms, we generated mappg scenarios fom agents
and targets. Both agents and targets were assigned random teger value positions
on a two dimensional square grid with sides of lengtm?. Table 5.2 shows the average
run-time of the SCRAM algorithms presented in Section5.3 for di erent values of n.
For comparison purposes Tables.2 also includes data from a couple of non-SCRAM
algorithms:*® an exponential time dynamic programming algorithm for MMDR
presented in Appendix C, and a brute force algorithm that evaluates all possible
mappings. The slowest was the brute force algorithm evaluahg all n! possible
mappings. The fastest was MMD+MSD? which has the lowest time complexity and
a relatively low space complexity as shown in Table5.1. MMD+MSD 2 took less
than half a second for 1000 agents and less than two minutes fdl0,000 agents.
The polynomial time implementations of MMDR scale well to 100s of agents and
are much faster than the dynamic programming implementation of MMDR. The
O(n*) implementation of MMDR scales to 1000 agents and is fasterhian the O(n®)
implementation except for smaller (n 20) inputs|our use case for RoboCup

discussed later in Chapter7|where it takes longer due to the extra computations

18 Algorithms do not run in polynomial time and thus do not meet th e scalable criterion to be
considered SCRAM.
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needed in its main loop.

Table 5.1: Time and space complexities of algorithms. SCRAMalgorithms are
shown in bold.

Algorithm Time Complexity Space Complexity
MMD+MSD 2 o(nd) o(n?)
MMDR O(n%) o(n% o(n?)
MMDR O(n®) o(n®) o(nd)

MMDR dyn. prog. o(n%2(n 1)) o(n 2,)

brute force O(n!n) o(n)

Table 5.2: Average running time (ms) of algorithms for values of n on an Intel(R)
Xeon(R) CPU E31270 @ 3.40GHz. Dashes indicate inputs to algithms that did
not complete within ve minutes. SCRAM algorithms are shown in bold.

Algorithm n=10 [ n=20 [ n=100 [ n=300 | n=10% [ n=10%
MMD+MSD 2 0.016 0.062 1.82 21.2 351.3] 115006
MMDR O(n%) 0.049 0.262 17.95 403.0 14483 |
MMDR O(n®) 0.022 0.214 306.4 40502 | |

MMDR dyn. prog. | 0.555 2040 | | |
brute force 317.5 | | | |

In Table 5.4 we compare MMDR and MMD+MSD ? against the following

role assignment functions when assigning 10 agents to targeon a 100 X 100 grid.

MSD Minimize sum of distances between agents and targets.
MSD 2 Minimize sum of distance$ between agents and targets.
Greedy Assign agents to targets in order of shortest distances.

Random Random assignment of agents to targets.

Both MMDR and MMD+MSD 2 have the same lowest average makespan for they
are de ned so as to minimize the makespan. As can be seen in Ti5.3 none of
the other functions are CM valid as they fail to minimize the makespan|further

analysis of how other functions fail to hold properties is povided in Appendix B.3.
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MMDR is the only dynamically consistent function of the oneswe compare.

Table 5.3: Role assignment function properties from Section5.2. CM valid functions
are shown in bold.

Function Minimum No Collisions Dynam.
Makespan Consistent
MMD+MSD 2 Yes Yes No
MMDR Yes Yes Yes
MSD? No Yes No
MSD No No No
Random No No No
Greedy No No No

Table 5.4: Average makespan, average distance, and distamcstandard deviation

over 1P assignments of 10 agents to targets on a 18@rid. CM valid role assignment
functions are shown in bold.

Function Average Average Distance | Distance StdDev
Makespan

MMD+MSD 2 45.79 27.38 10.00
MMDR 45.79 28.02 9.30
MSD? 48.42 26.33 10.38
MSD 55.63 25.86 12.67
Random 90.78 52.14 19.38
Greedy 81.73 28.66 18.95

Average distance is not somethingCM valid role assignment functions ex-
plicitly attempt to minimize. However, this metric can be useful if agents exhaust
a shared resource such as fuel when moving. MSD by de nition mimizes the av-
erage distance and thus represents the best possible valuerfthis metric. MMDR
and MMD+MSD 2 both have average distance values close to that of MSD. A thil
metric is distance standard deviation which is useful if thee is a preference for hav-
ing agents travel similar distances, e.g., wanting to have gual wear and tear across

robots. MMDR has the best value for this metric with MMD+MSD 2 being second.
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MMDR and MMD+MSD 2 do well across all metrics in Table5.4.

5.5 Summary

This chapter introduced SCRAM role assignment algorithms br formational posi-
tioning of mobile agents, and presented theoretical and emipical analysis of the
role assignment problem. SCRAM minimizes the makespan forgents to reach tar-
get goal positions while also avoiding collisions among agés. As role assignment
algorithms run in polynomial time SCRAM scales to thousandsof agents.

An extension to SCRAM role assignment for the prioritization of target po-
sitions is presented in Chapter6, and Chapter 7 provides applications and case
studies of positioning systems incorporating SCRAM role asignment used within

RoboCup robot soccer domains.
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Chapter 6

Prioritized SCRAM Role

Assignment

This chapter'’ introduces an extension to SCRAM role assignment presentedn
Chapter 5 allowing for subsets of role positions to be given di erent piorities, and
in doing so further addresses thesis contribution® and 3 in Section 1.2,

It is not always the case that minimizing the makespan|compl eting a forma-
tion as fast as possible|is what is best for a team of robots. There are cases where
it is preferable to have a subset of high priority role positons be reached by agents
as soon as possible. One example of this is soccer where it fieea desirable for play-
ers to arrive as fast as possible at positions for marking, &., covering/defending,
opponents in dangerous o ensive locations. An applicationof a marking system for
robot soccer using prioritized role assignment is presentein Section 7.3.

The remainder of this chapter is organized as follows. Seain 6.1 presents an

extension to SCRAM for prioritized role assignment. An analsis of this extension

" This chapter contains material from previously published wo rk in [113).
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is provided in Section 6.2, and Section6.3 summarizes.

6.1 Prioritized Role Assignment

This section presents an extension to SCRAM for prioritizedrole assignment.

Figure 6.1 shows an example of two agents being assigned to both high
priority (H) and low priority (L) target positions using SCR AM role assignment.
As SCRAM does not take into account priorities of di erent positions, the high
priority position H will not be reached by an agent until time = 3 despite agent A2
starting only a distance of 1 from H.

Costs: 3(A1—}H} 3 (A2->L)
Time 0: 7 (A1-5L), 1(A2->H)

O S O

Costs: 2(A‘l —=H), 2 (A2-=L)
Time 1: B (A1-=L), 2 (A2->H)

DR S OR

: . Costs: HA‘I—}H 1 (A2->L)
Time 2: (A1), 3 (AZoH)

(wE

Figure 6.1: Agents Al and A2 being assigned and moving to theigh priority (H)
and low priority (L) target positions using SCRAM role assignment.

To bias SCRAM into producing an assignment that has agents rach all high
priority positions as fast as possible we can add a large pridy value P to costs for

reaching all high priority positions. As long asP is greater than all possible distances
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to lower priority positions, SCRAM will assign the closest agents to high priority
positions before considering the assignment of agents tower priority positions.
This bias of SCRAM assigning closer agents to higher priorif positions is due to all
costs to higher priority positions being greater and thus neding to be minimized
before that of costs to lower priority positions.

Figure 6.2 shows an example of two agents being assigned to both high
priority (H) and low priority (L) target positions using the MMDR SCRAM role
assignment algorithm, but with a large priority value P added to the costs of reaching
H. This results in H being reached at time = 1 by agent A2, but unfortunately later
agent Al, on its way to its assigned position L, collides withA2. Assigning the
closest agents to high priority target positions, and therdy no longer necessarily
recursively minimizing the maximum distance that any agent must travel to reach
its assigned target, breaks the collision avoidance propér of SCRAM.

To preserve collision avoidance, but still prioritize a sulset of targets being
reached as fast as possible, we can de ne a priority distanc® around high priority
targets for which agents within D distance of a target will not have the priority

value P added to the cost of that target.

8

2 jagent,targei + P if jagent,targef > D

cost (agent,targe) =
jagent,targej otherwise
Figure 6.3 shows an example of two agents being assigned to both high
priority (H) and low priority (L) target positions using SCR AM role assignment,
but with a large priority value P added to the costs of reaching H when agents are

outside a priority distance D of H. This results in H being reached at time = 1
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: : Costs: 14P (A2->H), 7 (A1->L)
Time 0: H 3+P (A1->H), 3 (A2->L) L

]

] . Costs: P (AZ->H), 6 (A1-=L)
Time 1: H 2+P (A1->H), 4 (A2->L) |
=l
() () [ ]
; . Costs: P (AZ-=H), 5 (A1-=L)
Time 2: H 1+P (A1->H), 4 (A2->L) |
= -

Figure 6.2: Agents Al and A2 being assigned and moving to theigh priority (H)
and low priority (L) target positions using SCRAM role assignment, but with a
large priority value P added to the costs of reaching H. At time = 2 agents Al and
A2 collide with each other.

by agent A2, and then later when agent Al gets withinD of H agents Al and A2
switch targets and avoid colliding.

De ning a priority distance D causes agents to arrive within a distanceD
of all high priority targets as fast as possible. Although agnts might not arrive
exactly at the high priority targets in as little time as possible, this is often ne for
many applications including marking in soccer. When markirg a player does not
need to be right next to an opponent, but just within a close erough distance to
the opponent to be able to react quickly and prevent the oppornt from receiving
the ball. Assuming D is not too large, should a player come withinD distance of
an opponent who is already being marked by a teammate, it shdd then be safe for
the players to switch who is marking the opponent.

Augmenting costs with a large P priority value and D priority distance for
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Time 0 Costs: 7 (A1->L), 1 (A2->H)
3+P (A1->H), 3 (A2->L) L
Time 1: Costs: 6 (A1->L), 0 tA2—>H}

2+P (A1->H), 4 (AZ—}L

— r:.c-sts 4(A2—-‘=L} 1 (A1->H)
Time 2: 5 (A1->L), 0 (A2->H) L

@/ ~

Figure 6.3: Agents Al and A2 being assigned and moving to theigh priority (H)

and low priority (L) target positions using SCRAM role assignment, but with a large
priority value P added to the costs of reaching H for any agents outside the pority
distance of H (the purple circle). At time = 2 agents A1l and A2 switch targets due
to agent Al being within the priority distance of H.

high priority positions extends SCRAM role assignment to alow for prioritization
of targets. The collision avoidance property of SCRAM, basd on the triangle in-
equality and fully explained in Appendix B.1, is still preserved with prioritization
as any agents withinD distance of a high priority target will switch targets before
they collide.

It is possible to have multiple subsets of targets with di erent priorities, or
a hierarchy of prioritization, by assigning di erent P values to di erent subsets of
targets. An example of a hierarchy of prioritization is discussed in [L13 for which a
highest priority target is given a priority value of Pg, and other high priority targets

are given a priority value of Pr,, where Ps >> P,.
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6.2 Prioritized Role Assignment Function Analysis

Similar to the process used to generate the data in Tablé.4, Table 6.1 compares
the results of using SCRAM with and without prioritized role assignment, discussed
in Section 6.1, when assigning 10 agents to targets on a 100 X 100 grid, but th
time with half of the targets (5) being labeled as high priority. Both MMDR and
MMD+MSD 2 CM valid role assignment functions are evaluated withP = 99,999
and D = 1 when adjusting costs for prioritization. The values listed under the High
Priority Targets columns in Table 6.1 are measured from when an agent is within
D distance of the high priority target it is assigned to. As expected prioritization
minimizes the makespan and reduces the average distance teach high priority
targets, although in doing so both the makespan and averageistance for having

reached all targets increase.

Table 6.1: Average makespan and average distance over®l@ssignments of 10 agents
to targets on a 10 grid for both high priority (5 of the targets) and all targets .
Role assignment functions using prioritization are shown m bold.

High Priority Targets All Targets

Function Avg. Avg. Avg. Avg.
Makespan Distance Makespan Distance
MMD+MSD 2 prior. 31.71 9.61 59.72 28.58
MMDR prior. 31.71 9.68 57.76 29.50
MMDR 40.86 13.52 45.86 28.03
MMD+MSD ? 41.03 13.21 45.86 27.41

6.3 Summary

This chapter introduced an extension to SCRAM role assignmat presented in Chap-
ter 5 allowing for subsets of role positions to be given di erent piorities, and pre-

sented theoretical and empirical analysis of prioritized ple assignment. Prioritized
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SCRAM role assignment minimizes the makespan for agents togach higher priority
target goal positions while also avoiding collisions amonggents. As role assignment
algorithms run in polynomial time prioritized SCRAM scales to thousands of agents.
Combining SCRAM with target prioritization makes it well su ited for use in
general patrol and coverage tasks. An application of a markig system for robot

soccer using prioritized role assignment is presented in §gon 7.3.
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Chapter 7

SCRAM Applied to Robot

Soccer

This chapter!® presents case studies and analysis of SCRAM role assignmgintroduced
in Chapter 5|applied to robot soccer. The chapter's empirical evaluati on of SCRAM
ful lls part of thesis contribution 5 in Section 1.2,

The University of Texas at Austin has been a perennial partigpant in the
annual RoboCup 3D simulation soccer competitions|described in Section2.2jand
has won the championship six times between 2011 and 2017 due large part to
the main contributions of this dissertation.'® In 2010 UT Austin's RoboCup team,
known as UT Austin Villa, rst began using the MMDR role assignment func-
tion|detailed in Section 5.3.1jto assign players to move to target formation posi-
tions on the soccer eld. In 2010 games were only 6 versus 6, drso it was possible
to compute MMDR using a brute force method that checked all 6!possible assign-

ments of players to target formation positions. In 2011 game were expanded to

8 This chapter contains material from previously published wo rk in [111, 113].
1 RoboCup competition results from these years are provided in Appendix E.
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9 versus 9, at which point the team switched to using the dynant programming

algorithm in Appendix C to compute MMDR as a brute force method of doing so
was no longer tractable. However, when games were further eanded to 11 versus
11 in 2012, the dynamic programming algorithm for computingMMDR was not al-

ways fast enough to compute an assignment of players to targéormation positions

within a single simulation cycle time step (20 ms) [L04].

Beginning in 2013, UT Austin Villa started using polynomial time SCRAM
algorithms for role assignment that easily scale to 11 verssil1l matches. As an exten-
sion and improvement to the team's positioning system, UT Austin Villa developed
and employed a marking system for the 2016 RoboCup competibin incorporating
prioritized role assignment|introduced in Chapter 6|to cover and defend against
opponents in dangerous o ensive positions from receiving @sses.

The remainder of this chapter is organized as follows. Sean 7.1 provides
an overview of UT Austin Villa's positioning system for players using SCRAM role
assignment, while Section7.2 analyses the positioning system's performance. Sec-
tion 7.3 presents a marking system using prioritized role assignmenand Section 7.4
analyses the marking system's performance. Finally, Seain 7.5 evaluates the use of
SCRAM in the RoboCup 2D simulation domainjand environment fo cusing more
on high level strategy and coordination that abstracts away many of the low-level
behaviors required for humanoid robot soccer in the RoboCu@D simulation league,

after which Section 7.6 summarizes.

7.1 Positioning using SCRAM

UT Austin Villa uses SCRAM role assignment when determining which positions

on the eld players should move to during games. In UT Austin Villa's positioning
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system players' positions are determined in three steps. Fst, a full team formation
is computed using Delaunay triangulation [L4] based on set o set positions from the

ball. An example formation is shown in Figure 7.1.

FC = forwardCenter

MD = mid
I—lm—] OB = onBall
5 FL = forwardLeft

m
0O ('-)_"_ FR = forwardRight
GL '[BR BL ' sp /os|' 5m FC
O C A Or= ©
LD MD /
2m | ap 2m
L - ‘gR by WL = wingLeft
b WR = wingRight
5m BL = backlLeft
|—J BR = backRight
3m GL = goalie
e = ball

Figure 7.1: UT Austin Villa base soccer formation.

Second, each player computes an assignment of players to piiens in the
formation in Figure 7.1 according to its own view of the world. The player closest
to the ball is automatically assigned the onBall role and is told to go to the ball
to try and dribble or kick it toward the opponent's goal. The supporter role is also
assigned to the agent closest to it as it was found in1[0Z] that doing so provides a
small boost in team performance due to having a player in a keyosition to recover
the ball should the player assigned to theonBall role lose it. All other eld players
are assigned to roles using SCRAM role assignment.

For the third and nal step of the positioning system a voting coordination
mechanism synchronizes players' computed assignments. lorder for agents on a

team to assume correct positions on the eld they all must coodinate and agree on
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which mapping of agents to roles to use. If every agent had pé&ct information of

the locations of the ball and its teammates this would not be aproblem as each could
independently calculate the optimal mapping to use. Agentsdo not have perfect
information, however, and are limited to noisy measuremens of the distance and
angle to objects within a restricted vision cone (120). Fortunately agents can share
information with each other every other simulation cycle (40 ms). The bandwidth

of this communication channel is very limited, however, as aly one agent may send
a message at a time and messages are limited to 20 bytes.

The positioning system utilizes the agents' limited commurncation bandwidth
in order to coordinate role mappings as follows. Each agentsi given a rotating
time slice to communicate information, as in [L58, which is based on the uniform
number of an agent. When it is an agent's turn to send a messagi broadcasts
to its teammates its current position, the position of the ball, and also what it
believes the optimal mapping should be using the communicabn system discussed
in Section 8.2.3 By sending its own position and the position of the ball, the agent
provides necessary information for computing the optimal napping to those of its
teammates for which these objects are outside of their viewanes. Sharing the
optimal mapping of agents to role positions enables synchruzation between the
agents, as follows.

First note that just using the last mapping received is dangeous, as it is
possible for an agent to report inconsistent mappings due tats noisy view of the
world. This can easily occur when an agent falls over and accenulates error in its
own localization. Additionally, messages from the server ge occasionally dropped
or received at di erent times by the agents preventing accuate synchronization. To

help account for inconsistent information, a sliding window of received mappings
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from the last n time-slots is kept by each agent wheren is the total number of
agents on a team. Each of these kept messages represents agfénvote by each of
the agents as to which mapping to use. The mapping chosen is ¢hone with the
most votes or, in the case of a tie, the mapping tied for the masvotes with the
most recent vote cast for it. By using a voting system, the agats on a team are able
to synchronize the mapping of agents to role positions in thepresence of occasional
dropped messages or an agent reporting erroneous data.

As a test of the voting system the number of cycles all agentstsared a syn-
chronized mapping of agents to roles was measured during veninutes of gameplay
(15,000 cycles). The agents were synchronized 100% of tharte when using the

voting system compared to only 36% of the time when not usingti

7.2 Positioning System Analysis

A SCRAM positioning system using the MMDR role assignment function|presented
in Section 5.3.1lwas a key component in UT Austin Villa winning the RoboCup
3D simulation world championship in 2011 [L17], 2012 [L04], 2014 [LOg], 2015 [L0g,
2016 [L14, and 2017. SCRAM using the MMD+MSD? role assignment function
|[presented in Section 5.3.23was also an important factor in the team achieving
2nd place in 2013. In Table7.1 we show UT Austin Villa's performance against the
top three teams?® at the 2013 RoboCup competition using both SCRAM and the

following alternative assignment functions with all else keing the same.

Static Role assignments xed based on player's uniform number.

Greedy Assign agents to targets in order of shortest distances.

20 pescriptions of RoboCup 2013 teams at
http://chaosscripting.net/files/competitions/RoboCup/WorldCup/2013/3DSim/tdps
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Greedy O ense  Similar to previously reported work in the RoboCup 3D simu-
lation domain [30], assign closest agents to roles in order of most o ensive

positions.

Table 7.1: Average goal di erence (standard error shown in jarentheses) over 1000
games when playing against the top three teams at RoboCup 2@L A positive goal
di erence means a team is winning. CM valid role assignment functions are shown

in bold.

Function 1. Apollo3D 2. UTAustinVilla 3. FCPortugal
MMDR 0.710 (0.027) 0.007 (0.013) 0.469 (0.024)
MMD+MSD 2 0.698 (0.027) 0 (self} 0.499 (0.024)
Static 0.604 (0.027) -0.012 (0.016) 0.356 (0.024)
Greedy 0.530 (0.028) -0.044 (0.016) 0.315 (0.024)
Greedy O ense 0.670 (0.027) -0.039 (0.016) 0.435 (0.024)

2Games were not played, but assumed to be an average goal di erexce of 0 in expectation with
self play.

The CM valid role assignment functions are superior to the other functios

as they perform better against all opponents. In an earlier sidy [102] MMDR was

also compared to and did better than Static role assignment Wwen playing against

the best three 2011 RoboCup teams.

7.3 Marking using Prioritized Role Assignment

As an extension and improvement to the team's positioning sgtem, UT Austin Villa

developed and employed a marking system1[L3?! for the 2016 RoboCup compe-
tition to cover and defend against opponents in dangerous censive positions from
receiving passes. The marking system rst identi es target positions that agents

need to move to in order to cover opponents. Then, after labéhg these positions

ZLyideos of SCRAM prioritized role assignment and the marking s ystem in action can be found
at http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/marking.html
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needed for marking as high priority so that they will be reacled as soon as possible,
the marking system assigns agents to target positions usinGCRAM prioritized role
assignment introduced in Chapter®6.

The marking system implemented by the UT Austin Villateam is a sequential

process encompassing the following steps:

1. Decide which players to mark
2. Select which roles to use for marking purposes

3. Use prioritized role assignment to assign players to posons

Each of these steps, as well as additional details of the maikg system, are

described in the following subsections.

7.3.1 Deciding Whom to Mark

The rst step in the marking system is to decide which if any opponents should be
marked (those opponents considered to be in dangerous o eng positions). The
decision on whether or not to mark an opponent is heuristic-lased and uses the

following rules all of which must be true for an opponent to bemarked:
1. Opponent is close enough to take a shot on goal
2. Opponent is not the closest opponent to the ball
3. Opponent is not too close to the ball
4. Opponent is not too far behind the ball

The rst rule suggests that an opponent is in a dangerous scang position.

As the team always sends one player to the ball (theonBall role in Figure 7.1), the
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second and third rules prevent marking of opponents when théeam should already
have a player moving toward their positions. The fourth rule is due to very few
teams passing the ball backwards. Figurer.2 shows opponent agents selected to be

marked.

UTAustinVilla 0:0 Opponent

Figure 7.2: Deciding Whom to Mark: Opponent agents selectedo be marked are
circled in yellow. The white dot is the ball.

7.3.2 Selecting Roles for Marking

Once it is determined which opponents should be marked, the ext step is to select
which formation role positions should be given up in favor ofhaving agents who
would otherwise be assigned to those roles instead move to mkéng role positions.
Marking role positions are calculated as the position 1.5 meers from a marked oppo-
nent along the line from that opponent to the center of our god (shown in orange in

Figure 7.3). The selection of formation positions to replace with markng positions
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is determined by using the Hungarian algorithm B6] to compute the minimum sum
of distances matching between all formation and marking poisions in a bipartite
graph. This matching results in the closest formation positons to marking positions
being replaced by the marking positions that they are nearets If there are more
marking positions than available formation positions then some marking positions
will be matched to dummy nodes in the bipartite graph and not be assigned to an
agent.

Figure 7.3 shows the result after selecting formation positions to be sed as
marking role positions with the formation positions seleced drawn in purple, and

those not selected and still being used drawn in green.

UTAustinVilla 0:0 Opponent

ayOon

Figure 7.3. Selecting Roles for Marking: Green dots represg target formation
positions with purple dots representing target formation positions that have been
selected to be replaced by the orange dot marking positions.
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7.3.3 Assigning Roles

For the third and nal step of the marking system, agents are assigned to marking
positions and formation positions (Figure 7.4 shows these assignments in orange
and light blue respectively) using prioritized SCRAM role assignment discussed
in Section 6.1. Marking positions are considered higher priority than formation
positions, and use a priority value P, = 100 and a priority distance D, = 3.
Additionally, when a teammate is kicking the ball, a couple d players are assigned
to high priority \kick anticipation” position roles near th e location where the ball is
being kicked to [105. Kick anticipation roles are given the same priority value and

distance as marking roles.

UTAustinVilla 0:0 Opponent
P

’layOn

Figure 7.4: Assigning Roles: Orange lines represent agen@ssigned to marking
positions, light blue lines represent agents assigned to tget formation positions,
and the red line shows the agent assigned to go to the ball.

There are several roles in Figurer.1that are never reassigned to be marking
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roles. The goalie role is always assigned to a single agent designated as theaie
who is allowed to dive and block a ball when an opponent takes ahot on goal. The
onBall role is always assigned to the agent closest to the ball as isithat agent's
job to gain possession of the ball. Thesupporter role is also very important as
the supporter is in a critical position right behind the ball should the onBall role
agent lose possession of the ball. Theupporter is considered a higher priority role
than marking roles, and thus uses a priority valuePs = 10000 along with a priority
distance Ds = 1:5. All P and D values were chosen experimentally by sampling
several di erent priority values and then selecting those which produced the most

desired behavior based on visual inspection.

7.3.4 Coordination

The marking system uses the same voting coordination systendescribed in Sec-
tion 7.1 to synchronize the mapping of agents to roles used by the teamCoordi-
nation can become more di cult, however, if an opponent is standing in a position
right on the borderline of whether or not the opponent shouldbe marked. To pre-
vent thrashing between dierent role assignments in such a suation, opponents
who are currently being marked must move at least .25 meters utside a mark-able
position on the eld before they will stop being marked. Also, to prevent thrashing
between di erent selections of formation positions to use ér marking, a selection is
never changed|assuming the cardinality of matchings are the same|unless the new
selection's matching's sum of distances is at least one matéess than the previous

selection's matching's sum of distances.
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7.4 Marking System Analysis

After the 2015 RoboCup competition was over, we played 1000anes of our team's
released binary against all teams' released binaries (thisncludes playing against
ourselves) and found that only the UTAustinVilla and FCPort ugal teams' bina-
ries were able to score over 100 goals against our releasechdny [10§. Both
the UTAustinVilla and FCPortugal teams created set plays allowing them to score
quickly o kicko s which empirically we found to be the sourc e of the majority of the
goals that they scored against our released binary (74.5% gfoals for UTAustinVilla
and 78.2% of goals for FCPortugal)

To test the e ectiveness of our marking system using prioriized role as-
signment we played 1000 games against both the UTAustinVikh and FCPortugal
teams' released binaries using the marking systemRrioritized Marking ). We
also played 1000 games against both teams without using maitkg (No Marking)
as well as with marking but using normal non-prioritized SCRAM role assignment
(Marking No Prioritization ). Results of the number of goals against scored by
opponents can be seen in Tabl&.2, and an analysis of the scoring percentage of
opponents' set plays is shown in Table7.3.

Table 7.2 shows a dramatic drop in the number of goals scored by opponésn
when using marking. There is also a small decrease in the nurelb of goals against
when using prioritized SCRAM instead of non-prioritized SCRAM for marking.

Table 7.2: Number of goals against when playing 1000 games @gst the released
binaries of UTAustinVilla and FCPortugal from RoboCup 2015.

Opponent No Marking | Marking No Prioritization |Prioritized Marking
UTAustinVilla 1525 336 319
FCPortugal 230 40 37
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Table 7.3: Scoring percentage of opponents' set plays whenlgying 1000 games
against the released binaries of UTAustinVilla and FCPortugal from RoboCup 2015.

Set Play No Marking | Marking No Prior. | Prior. Marking
UTAustinVilla Kicko 48.31 0.16 0.16
FCPortugal Kicko 6.22 0.06 0.06
UTAustinVilla Corner Kick 15.97 12.31 7.59

Table 7.3 reveals the source of the reduction in goals against as usingnarking
almost completely eliminates the opponents' abilities to sore on kicko set plays.
FCPortugal's kicko (shown in Figures 7.5, 7.6, and 7.7) consists of a player rst
passing the ball backwards on the kicko to a waiting player who then passes the ball
forward to a teammate running forward to a dangerous o ensiwe position on the side
of the eld. UTAustinVilla's kicko and corner kick set play s are described in10§.
Although the numbers in Table 7.3 do not show an advantage in using prioritized
SCRAM over non-prioritized SCRAM against kicko s, we have seen some instances
such as in Figure7.6 where not using prioritization is harmful. Prioritized SCR AM
does however show an advantage against UTAustinVilla's carer kick set plays.
Videos of set plays and marking are available onliné?

Overall using marking, and to a greater extent using markingwith prioritized
SCRAM role assignment, provides a considerable defensivaelgantage when playing
soccer against opponents who use set plays. The average gdakrence across 1000
games when playing against UTAustinVilla with prioritized marking improved to
0.657 (+/-0.028) from 0 without marking, and this same number against FCPor-
tugal improved to 2.530 (+/-0.040) with prioritized markin g from 2.476 (+/-0.043)
without marking. We also played 1000 games against the otheten teams' released

binaries from RoboCup 2015, none of which we knew to use pasg for set plays,

Zhttp://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/AustinVilla3DSimulationFiles/
2016/html/marking.html
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ugal 0:0 UTAustinVilla 18.1

Figure 7.5: Not marking against FCPortugal kicko. Dashed white line shows
trajectory of ball during pass. Not marking allows for an opponent to run forward
and receive a pass in an open position to score a goal (blue 1€ mot marked).

and found no measurable dierence in goals against or game p®rmance when
using marking versus those teams.

To further test our marking system using prioritized role assignment against
set plays, we evaluated it against the top three teams from tie 2016 RoboCup
competition. A new rule change for the 2016 competition madefree kicks indi-
rectlanother player other than the player who took the kick m ust touch the ball
before a goal can be scored|thus encouraging teams to develo set plays for free
kicks.

Table 7.4 displays the average number of goals scored against our tedlooth
with and without the use of prioritized role assignment during marking, as well
as without any markinglwhen playing 1000 games against each of the top three

teams?® at the 2016 RoboCup competition. Table 7.4 also provides the percentage

ZDescriptions of RoboCup 2016 teams are at
http://chaosscripting.net/files/competitions/RoboCup/WorldCup/2016/3DSim/tdps
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Portugal 0:0 UTAustinVilla 17.1

Figure 7.6: Marking, but not prioritized, against FCPortug al kicko . Dashed white

line shows trajectory of ball during pass. Not using prioritization with marking

results in a player assigned to mark an opponent being too famway from that
assigned opponent to prevent the opponent from scoring a godred 10 instead of
red 3 assigned to mark blue 10).

0:0 UTAustinVilla 19.2

Figure 7.7: Prioritized marking against FCPortugal kicko . Dashed white line shows
trajectory of ball during pass. Prioritized marking prevents opponents from receiv-
ing a pass in an open position to score a goal (red 3 marking b&i10).
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of goals against that occurred during set play situationg* when defending against

open opponents receiving passes is especially important.

Table 7.4: Average goals against (standard error in parentBses), and percentage
of goals against scored o set plays, achieved by versions d¢he UT Austin Villa

team without marking, and with and without the use of priorit ized role assignment
during marking, when playing 1000 games against the top thre teams at RoboCup

2016.

Goals Against; Set Play %

Opponent No Marking Marking No Marking

Prioritized Role Prioritized Role

Assignment Assignment

1. UTAustinVilla 0.667 (0.024); 0.307 (0.017); 0.290 (0.016);
61.67% 19.87% 18.62%

2. FUT-K 0.288 (0.016); 0.085 (0.009); 0.063 (0.008);
66.67% 34.12% 25.40%

3. FCPortugal 0.160 (0.012); 0.033 (0.006); 0.021 (0.005);
81.88% 48.48% 23.81%

The data in Table 7.4 shows a large drop in both the average goals against
and percentage of goals from set plays when using marking. Atitionally, as prior-
itized role assignment results in an assignment of agents ttargets such that high
priority marking positions are reached as soon as possibldoth the total number
and percentage of goals against from set plays are lowest dagat all opponents when

using prioritized role assignment with marking.

% get play goals are recorded as goals scored within a certain ime window of kicks awarded to a
team. Times were chosen after measuring how long it took for a team to score a goal without an
opponent on the eld. When playing against the FUT-K and FCPort ugal opponents, time windows
for counting goals as being scored o set plays were the following: 20 seconds after corner kicks, 25
seconds after kick-ins and indirect free kicks, and 35 seconds fom the start of kicko s. These time
windows were reduced by 5 seconds when playing against the UTAustinVilla opponent.

92



7.5 RoboCup 2D Simulation

As one of the oldest RoboCup leagues, 2D simulation soccer fideen well explored,
both in competition and in research. The domain consists of wo teams of eleven
autonomous agents playing soccer on a simulated 2D soccer Ice shown in Fig-
ure 7.8. Agents receive sensory information, including the positn of the ball and
other agents, from a central game server. After processinghis information, agents
then tell the server what actions they want to take such as daking, kicking, and
turning. 2D soccer abstracts away many of the low-level behdors required for
humanoid robot soccer in the 3D simulation league, includiig walking, and thus af-
fords the chance to focus on higher-level aspects of playirgpccer such as multiagent

coordination and strategic play.

Figure 7.8: A screenshot of a 2D soccer simulation league gan

To test SCRAM in the RoboCup 2D simulation league we used the Aent2D [13]
base code release which provides a fully functional soccerlgying agent team.

Agent2D includes default formation les using Delaunay triangulation [14] to spec-
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ify agent role positions. In the Agent2D base code, agents ar statically assigned
to roles based on their uniform numbers. Agent2D teams only rmdi ed to use the
MMDR and MMD+MSD 2 role assignment functions beat the default Agent2D team
by an average goal di erence of 0.118 (+/- 0.025) and 0.105 (+ 0.024) respectively
across 10,000 games.

New at RoboCup 2013 was the addition of a drop-in player chaténge [L07]?°
where agent teams consisting of di erent players randomly bosen from participants
in the competition play against each other. This event is al® known as an ad
hoc teamwork challenge in which agents must work together as team without
pre-coordination [156]. Performance in the challenge was measured by an agent's
average goal di erence across all games played. An importaraspect of the challenge
is for an agent to be able to adapt to the behaviors of its teammates: for instance if
most of an agent's teammates are assuming o ensive roles, &t agent might better
serve the team by taking on a defensive role. SCRAM implicity allows for this
adaptation to occur as it naturally chooses roles for an agernthat do not currently
have another agent nearby.

Using agents from the drop-in player challenge, we played Z® drop-in player
matches with both the default version of Agent2D and a versim of Agent2D with
SCRAM (MMD+MSD 2). Empirically we found most agents used static role assign-
ment, thus underscoring the need for adapting to teammates'xed roles, as it was
unlikely that teammates would adapt to roles assumed by you. Adding SCRAM
to Agent2D improved performance in the challenge from an aveage goal di erence
of 1.473 (+/-0.157) with static role assignments to 1.659 (+-0.153) with SCRAM.

This result shows promise for SCRAM not only a way to coordinde motion among

ZFull rules of the challenge can be found at
http://www.cs.utexas.edu/  ~AustinVilla/sim/2dsimulation/2013_dropin_challenge/
2D_DroplInPlayerChallenge.pdf
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one's own teammates, but also as as a way to adapt to unknown mmates' behav-

iors in an ad hoc teamwork setting.

7.6 Summary

This chapter provided a detailed description and experimetal analysis of SCRAM
role assignment applied to positioning and marking systemsn the RoboCup 3D
simulation league. These applications of SCRAM role assignent have been a key
component of the UT Austin Villa team winning the RoboCup 3D simulation league
six out of the past seven years. Additionally the chapter presented an application of
SCRAM to the RoboCup 2D simulation league showing SCRAM's vesatility and

potential use for ad hoc teamwork.
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Chapter 8

UT Austin Villa RoboCup 3D
Simulation Agent and Code

Release

This chapter®® presents the University of Texas at Austin's RoboCup 3D simuation
team UT Austin Villal]a successful state of the art agent havi ng won the RoboCup
3D simulation competition six out of the past seven years|an d in doing so addresses
thesis contribution 4 in Section 1.2 The UT Austin Villa agent incorporates the
ideas and algorithms presented in this thesis, thus servings a proof of concept of
them as detailed in Chapters4 and 7. Furthermore, a public base code release of the
UT Austin Villa agent provides a testbed for future researchin multirobot systems.
The remainder of this chapter is organized as follows. Seaih 8.1 gives a
high level overview of the UT Austin Villa agent while Section 8.2 details di erent

components of the agent. Sectior8.3 presents a base code release of the UT Austin

% This chapter contains material from previously published wo rk in [116, 104, 105, 103, 115).
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Villa agent, and Section 8.4 summarizes.

Further details about the UT Austin Villa agent pertaining t o the team's
strategy are provided in Appendix D, with details of how the team's strategy incor-
porates formations and role assignment discussed in ChapteZ. The optimization

process used to develop the agent's skills is detailed in Cipter 4.

8.1 Agent Overview and Architecture

The RoboCup 3D simulation environment|described in Sectio n 2.2jis a 3-dimensional
world that models realistic physical forces such as frictio and gravity, in which
teams of autonomous soccer playing humanoid robot agents owpete with each
other. The UT Austin Villa team, from the University of Texas at Austin, rst
began competing in the RoboCup 3D simulation league in 20070ver the course of
nearly a decade the team has built up a strong state of the art ade base enabling
the team to win the RoboCup 3D simulation league six out of thepast seven years
(2011 117, 2012 [L04], 2014 [L05, 2015 [L0g, 2016 [L14]), and 2017 while nishing
second in 2013. During those six years of competitions the UTRustin Villa team
scored a total of 469 goals while only conceding 7

The UT Austin Villa agent works as follows. At intervals of 0.02 seconds,
the agent receives sensory information from the environmen Every third cycle a
visual sensor provides distances and angles to di erent olejcts on the eld from
the agent's camera, which is located in its head. It is relatvely straightforward to
build a world model by converting this information about the objects into Cartesian
coordinates. Building a world model also requires the robotto be able to localize

itself for which the agent uses a particle lter incorporating both landmark and eld

2’ RoboCup competition results are provided in Appendix E.
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line observations as described in Sectio®.2.2 In addition to the vision perceptor,
the agent also uses its accelerometer readings to determiifat has fallen as explained
in Section 8.2.4 and employs its auditory channels for communication whichis
discussed in SectiorB8.2.3

Once a world model is built the agent's control module is invded. Figure 8.1

provides a schematic view of the UT Austin Villa agent's contol architecture.

High Level Behavior Strategy

Walk/Turn Skills
Inverse Inverse Inverse Inverse
Kinematics Kinematics Kinematics Kinematics Low level
# v L * control
PID PID PID PID

Figure 8.1: Schematic view of UT Austin Villa agent control architecture.

At the lowest level, the humanoid is controlled by specifyirg torques to each
of its joints. The amount of torque to apply is determined by PID controllers for each
joint, which take as input the desired angle of the joint and mwmpute the appropriate
torque. Further, the agent uses routines describing invers kinematics for the arms
and legs. Given a target position and pose for the hand or thedot, the inverse

kinematics routine uses trigonometry to calculate the angés for the di erent joints
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along the arm or the leg to achieve the speci ed target, if at dl possible.

The PID control and inverse kinematics routines are used as fpmitives to
describe the agent's skills. In order to determine the appropate joint angle se-
guences for walking and turning, the agent utilizes an omnidrectional walk engine
which is described in Section8.2.5 Other provided useful skills for the robot are
kicking discussed in Section8.2.7, and getting up from a fallen position described
in Section 8.2.4 These skills are accomplished through a programmed seques of
poses and speci ed joint angles as discussed in Secti@?2.6.

Section 8.2 goes into more detail about di erent components of the UT

Austin Villa agent.

8.2 Agent Components

The following subsections detail di erent components of the UT Austin Villa agent.

These components include a perception system in Sectio® 2.1, localization in Sec-
tion 8.2.2 a communication system in Section8.2.3 fall recovery in Section 8.2.4,
walk engine in Section8.2.5 skill description language in Section8.2.6, and kicking

in Section 8.2.7.

8.2.1 Perception System

The agent receives noisy vision percepts from the server ene0.06 seconds. Vision
percepts in polar coordinates are received for all objectshat are within a 120 view
cone with the view cone's origin at the robot's head. In this ®ction we describe
how the agent moves its head to monitor objects, how the agenmaintains objects'
positions in memory in aWorldObjects array, and how the agent uses visual memory

to enhance its perception system to handle unseen objects whever possible.
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Head Movement

The agent continually pans its head from side to side in ordeto monitor all objects
on the eld. This panning consists of a repeating cycle, eighseconds in duration,
during which the agent adjusts the pan of its head every two seonds by starting
out looking straight ahead, turning its head 120 to the left, returning to looking
straight ahead, turning its head 120 to the right, and then returning back to looking
straight ahead again. As the agent has a 120view cone this movement allows for
a full 360 vision sweep of the eld. The only time the agent does not spinits
head around for 360 coverage of the eld is when it is focusing on the ball. When
focusing on the ball the agent still pans its head left and ridnt, but centers its view
on the ball while moving its view 30 to the left and right of the ball. The goalie,
described in Appendix D.3, always stays focused on the ball in order to accurately
track it. Field player agents focus on the ball when they are vithin a meter of it as
it is necessary to do so for dribbling (AppendixD.1.6) and kicking (Section 8.2.7).
The agent also keeps its head tilted at a 45 angle downward providing continual

vision both 15 above the agent's camera and 15behind the agent's feet.

World Objects

The basic structure for holding an object is:

struct WorldObject

id; /I unique id for all objects that can ever be seen
visionInformation; /I polar coordinates from robot to obje ct
position; /I global, Cartesian position
isCurrentlySeen; /I is the object seen in the current cycle
isValid; /I false if looking at position but do not see object
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In the RoboCup 3D simulation domain the set of objects is xed teammates,
opponents, ball, goal posts, and eld corners. Therefore, bjects are maintained
in an array of WorldObjects indexed by the object id. Whenever vision percepts
are sent, the polar coordinates are stored in thevisioninformation eld, and are
translated to global position after the agent updates its lacalization. In addition,
the vision information of xed objects, like goal posts and eld corners, is used by
the localization system to update the agent's belief aboutts location as is described
in Section 8.2.2

One point that is noteworthy is that the vision percepts arrive in polar co-
ordinates with respect to the robot's head, which continualy pans left and right, to
increase the robot's eld of view. This head movement has thepotential to create
a problem: it is likely that at the times of recording vision information of two dif-
ferent objects, the head is in two di erent positions with respect to the torso. In
addition, the robot's head is slightly bent downwards, so that even if the head is
looking straight ahead, the recorded angles to objects aretiff di erent than their
angles with respect to the torso. Therefore, as a preproceisg step, vision data is
transformed using several matrix multiplications to be with respect to the robot's
torso. This transformation is done to create a common frame breference during

the translation of vision information to global eld coordi nates.

Visual Memory

When an object, such as another agent or ball, is no longer intte eld of view of
the robot it is assumed that the object remains at the same pasion it was last

seenlas moving objects frequently change direction potential velocity of an object
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outside the robot's eld of view is not used to estimate the location of the unseen
object. The location of the object is updated once it is seengain or if another agent
communicates the location of the object (see Sectio®.2.3. If the stored position
of the object is in the agent's current eld of vision, but the agent no longer sees
the object there, the location of the object is marked as beig no longer valid|the

isvValid eld of WorldObjectstruct is set to false .

8.2.2 Localization

Localization is performed using a particle lter also known as Monte Carlo localiza-
tion [48]. In the agent's particle lter, 500 particles are updated every cycle, where
a particle is an (x;y; ) estimate of an agent's pose, and a probability assigned to
this estimate. The agent estimates its §;y) position and orientation as weighted
averages of the particles' positions and orientations, rgsectively, weighted by the
particles’ weights. Each time the agent receives a set of visn percepts, the par-
ticle Iter performs the following three steps: (1) update particles from odometry,
(2) update particles from landmark and eld line observations, and (3) resample

particles. Agents also use communication to help localizeazh other.

Update Particles from Odometry

In this step, odometry information in the form of ( x; y; ) is extracted from the
walk engine described in Sectior8.2.5 Then, for each patrticle, the following update

is performed:

x5y )=(xy; )+(a xb yc )

where a, b, and c are factors we tuned by hand, using manual measurements.
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Update Particles from Landmark and Line Observations

In this step, particles' weights are updated from landmark| four corner ags and
two goal posts at each end of the eld|and eld line observati ons. Figure2.8 shows
the locations of landmarks and lines on the eld.

While in general at least two landmarks are needed for positin estimation,
when the agent is roughly localized, it is possible to decrese its estimation error
even with one landmark or line. The particle lter is able to t ake advantage of this
estimation ability by performing this step to update its par ticles whenever at least
one landmark or line is seen. At the beginning of this step alparticles are initialized
to have the same weights, and then these weights are multipdid by the particles'
probabilities they assign to the currently seen landmarks ad eld lines: the dier-
ence between the expected measurement and the actual measunent is input to a
Gaussian distribution, which in turn determines the probability of this di erence.
The particle Iter has two such Gaussian distributions, one for the distance error,
and one for the orientation error. Both of the Gaussians' stamdard deviations were
hand tuned using a trial and error process. Note that as the mitiplied probabilities
can get small, log-probabilities are used in the numerical alculations.

Line information is processed by the particle Ilter based onprevious work by
Hester and Stone §0]. In particular, the longest K observed lines are each compared
to known positions of all the lines that exist on the eld. Met rics such as the distance
between endpoints, acute angle between the lines, and linehgth ratio are used to
determine the similarity of an observed line with each actualine. For each observed
line, the highest similarity value is expressed as a probabty and used to update
particles. Figure 8.2 shows how line information improves localization accuracyfor

various values ofK .
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Yaw Error Performance
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Figure 8.2: CDF of localization error (left) and yaw error (right) for using K =
1;2; 3 lines when incorporating line information. For comparisa, not using line
information (purple line) is shown as well.

Resample Particles

In this step the new weights computed in the previous step areused as a new
distribution over the particles, and then 500 new particlesare resampled from this
distribution. More accurately, 5% of the particles are samped completely randomly
in the eld's area, to handle a \kidnapped" agent scenariola scenario where the
agent is moved to a new location by a third party without the agent being informed
of the move. This step is done only when at least one landmarkrdine is seen, such
that particles' weights were updated in the previous step. f no landmarks or lines
are seen, the agent just uses its odometry updates and no resaling is done, to
avoid inserting additional noise. After particles are resanpled, a small amount of
noise to each one of them is added by slightly moving their pason and orientation

according to a random walk.
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Localization from Teammates' Observations

Additionally, if a robot does not see any landmarks or lines,it broadcasts to its
teammates that it is not localized using the communication ystem described in
Section 8.2.3 If any teammates see a robot that reports itself as not beingocal-
ized they will broadcast the current (x,y) position and angle of orientation of the
unlocalized robot so that the unlocalized robot may use otherobots' observations

to localize itself.

8.2.3 Communication System

As described in Sectior2.2, soccer agents only receive noisy and restricted perceptla
information. Consequently none of the agents possesses cplete and perfect state
information about the world. In such a scenario, inter-ageth communication can
signi cantly add to each agent's knowledge about the world and improve decision
making.

The 3D simulator provides an \audio" channel for agents to canmunicate.
An agent may broadcast a SAY message once every two simulatiocycles (40 mil-
liseconds); agents receive HEAR messages corresponding $&\Y messages sent in
the previous cycle, and only one HEAR message may be heard froa teammate
every two simulation cycles with additional messages not biag transmitted. As
agents can only communicate one at a time, each agent is givemrotating time slice
to communicate information, as in [15§, which is based on the uniform number of
an agent. The HEAR messages do not come tagged with informaiin identifying
the sender, and so we nd it necessary to have agents send idifiying information
within their messages.

The 3D simulation server allows for communication messages size 20 ASCI|
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characters with only a set of 94 di erent ASCII characters allowed to be transmit-
ted (ASCII 0x21 to OX7E excluding 0x28 and 0x29). The UT Austin Villa agent
conservatively uses an alphabet of only 85 ASCII charactersand a Base85 encoding
allowing for 128 out of 160 bits of a message to be used. Belowewdescribe the
rationing of the 128 bits at the agent's disposal for communé¢ating di erent types
of information. Table 8.1 breaks down the number of bits allocated to each piece of
information communicated.

Every message sent by an agent includes the agent's uniformumber|to
identify the agent|as well as the agent's current location, if the agent sees the ball,
and if the agent is reporting a vote for a role assignment as dsribed in Section7.1.
If necessary agents will also report the location of the balassuming they currently
see the ball, if they have fallen over or are not localized, aale assignment vector
mapping players to role positions|only reported if an agent does not agree with the
most recent vote heard, and if they are kicking the ball theirintended target location
of the kick. If there are enough remaining unused bits in a mesage, agents may
additionally communicate the locations of teammates and oponents they currently

see as well as their own robot body type.

8.2.4 Fall Detection and Recovery

Factors such as slippage on the ground and collision with olgicts on the eld could
precipitate the fall of a humanoid robot, and indeed the sucess of a soccer-playing
robot depends crucially on the robustness of its fall managaent strategy.

Despite our best e orts in having robots avoid falls, falling is an inevitable
eventuality that needs to be dealt with e ciently. To detect that a fall has oc-

curred|or that it is impending|a simple rule that threshold s the X and Y compo-
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Table 8.1: Number of bits allocated to each piece of informatn communicated.

| Field | Number of Bits |
Always Transmitted
Sender's uniform number 4
Is sender seeing ball? 1
Is sender reporting role assignment? 1
Sender's perceived self X coordinate 10
Sender's perceived self Y coordinate 10
Sender's perceived orientation angle 6
Always Transmitted if Necessary
Is the sender fallen ag? 5
| Is the sender not localized ag? | 5 ]
| Sender's perceived ball X coordinate | 10 |
Sender's perceived ball Y coordinate 10
| Role assignment vector | 50 (10 *5) |
| Is the sender planning to kick the ball ag? | 5 ]
Kick target location X 8
Kick target location Y 7

Is the sender already behind the ball before kicking? 1
Optional (from higher to lower priority)

Reporting teammate location ag 5
Reported teammate X coordinate 10 or 8
Reported teammate Y coordinate 10 or 8
Reported teammate orientation angle 6or4

| Reporting opponent locaton ag | ¢ 5 ]
Reported opponent X coordinate 10 or 8
Reported opponent Y coordinate 10 or 8
Reported opponent orientation angle 6 or 4
Reported opponent is fallen? 1

| Sender's agenttype ag | 5 ]
Sender's agent type 3

| End of message ag | 5 ]
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nents of the robot's accelerometer reading is used. If indeka fall is detected based
on this thresholding rule, the robot proceeds to execute a spience of commands as
part of a \getup" routine. We observe that if the robot's arms are stretched out at
90 to the torso, along the frontal plane, the robot necessarilyfalls to the ground
either face-up or face-down (that is, not sideways). Using lie accelerometer again
to detect whether it has fallen face-up or face-down, the robt proceeds through an
appropriate sequence of keyframes|described by the skill cescription language in
Section 8.2.Gin each case to return to an upright position.

The robot's getup routines were manually designed and are dided into
stages. If fallen face down, the robot bends at the hips and sttches out its arms
until it transfers weight to its feet, at which point it can st and up by straightening
the hip angle. If fallen face up, the robot uses its arms to pus its torso up, and
then rocks its weight back to its feet before straightening is legs to stand. The
getup routine used by a robot lying on its back iterates through the series of poses

shown in Figure 8.3.

@ (b) (© (d) (e)

Figure 8.3: Routine for getting up after falling backwards. The robot begins lying
on its back (a) and then propels itself up with its arms (b). Next the robot throws
its arms forward and contracts its legs to get its center of mas in front of its feet (c).
Using momentum from the initial push the robot manages to rol into a squatting
position (d) after which the robot can get up by extending its knees and hig (e).
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These getup sequences are executed entirely in an open-lotgshion. There
is a small probability the getup routine is not successful|f or example, if the robot is
in contact with some other object while getting upland if sot he routine is repeated.
Parameters controlling the poses the robot assumes duringhe getup motions were

optimized as described in Chapter4.

8.2.5 Walk Engine

The UT Austin Villa team uses an omnidirectional walk engine?® based on one that
was originally designed for the real Nao robot$1]. The omnidirectional walk is cru-
cial for allowing the robot to request continuous velocities in the forward, side, and
turn directions, permitting it to approach continually cha nging destinations (often
the ball) more smoothly and quickly than the team's previous set of unidirectional
walks [172.

The walk engine, though based closely on that of Graf et al.41], di ers in
some of the details. Speci cally, unlike Graf et al., the wak engine uses a sigmoid
function for the forward component and uses proportional catrol to adjust the
desired step sizes. The walk engine uses a simple set of sioigwl functions to
create the motions of the limbs with limited feedback contrd. The work ow of how
joint commands are generated for the walk is shown in Figure3.4. The walk engine
processes desired walk velocities chosen by the behaviohaoses destinations for
the feet and torso, and then uses inverse kinematics to detarine the joint positions
required. Finally, PID controllers for each joint convert t hese positions into torque
commands that are sent to the simulator.

The walk engine selects a trajectory for the torso to follow,and then deter-

mines where the feet should be with respect to the torso loc&n. The walk usesx

ZThanks to Samuel Barrett for originally writing the team's om nidirectional walk engine.
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Figure 8.4: Work ow for generating joint commands from the walk engine.

as the forwards dimensiony as the sideways dimensionz as the vertical dimension,
and as rotating about the z axis. The trajectory is chosen using a double linear
inverted pendulum, where the center of mass is swinging ovethe stance foot. In
addition, as in Graf et al.'s work [51], the walk engine uses the simplifying assump-
tion that there is no double support phase, so that the velodies and positions of the
center of mass must match when switching between the inver pendulums formed
by the respective stance feet.

We now describe the mathematical formulas that calculate thke positions of
the feet with respect to the torso. More than 40 walk engine paameters were used,
but only the ones we optimize|as described in Chapter 4|are listed in Table 8.2

To smooth changes in the velocities, the walk engine uses angple propor-

tional controller to Iter the requested velocities coming from the behavior mod-
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| Notation | Description

maxStep y.y: ¢ Maximum step sizes allowed forx, y, and
Yshift Side to side shift amount with no side velocity
Ziorso Height of the torso from the ground
Zstep Maximum height of the foot from the ground
fg Fraction of phase swing foot spends on the ground before liftg
fa Fraction that the swing foot spends in the air
fs Fraction before the swing foot starts moving
fm Fraction that the swing foot spends moving
length Duration of a single step
stepfxy: g Factor of how fast the step sizes change fox, y, and
Xo set Constant o set between the torso and feet
Xfactor Factor of the step size applied to the forwards position of the torso
target filroll g | Factors of how fast tilt and roll adjusts occur for balance cantrol
ankleg set Angle o set of the swing leg foot to prevent landing on toe
€lMhorm Maximum COM error before the steps are slowed
eIMmax Maximum COM error before all velocity reach 0
COMy set Default COM forward o set
comixy: g |Factors of how fast COM changesx, y, values for balance contro
armfxy g Factors of how fast armx and y o sets change for balance control

Table 8.2: Optimized parameters of the walk engine.

ule. Speci cally, the walk engine calculates step, ., = step;; + sep(desired:t+1
step.)8i 2 fx;y; g. In addition, the value is cropped within the maximum step
sizes so that maxStep  step.,; maxStep.
The phase is given by gart end, and t = s s the current
end start
fraction through the phase. At each time step, isincremented by seconds= |ength
until end- At this point, the stance and swing feet change and is reset to

start - Initially, s@at = 0:5and eng = 0:5. However, the start and end times will

change to match the previous pendulum, as given by the equatits
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p__
980665=2rso

k =
= coshk 05)
1
2 cosh () 4 g9
start — S 0:5k
: 0:5 otherwise
end = 0:5( end start )

The stance foot remains xed on the ground, and the swing footis smoothly
lifted and placed down, based on a cosine function. The currg distance of the feet

from the torso is given by

8
t f .

2 05(1 cos(2 9) if fqg t fa
Z = fa
rac S

-0 otherwise
Zstance =  Ztorso
Zswing = Ztorso Zstep Zfrac

It is desirable for the robot's center of mass to steadily st side to side, allowing it
to stably lift its feet. The side to side component when no si@ velocity is requested

is given by

Ystance = 0:5Ysep*t Ysnit ( 1:5+ 0:5cosh(05k ))

Yswingg = VYsep Ystance

where ysep is the distance between the feet. If a side velocity is requésd, Ystance IS
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augmented by

8
§ 0 ift<fsg
yfrac:§ 05(1+cos( ) if s t<fg+fp
-1 otherwise

Ystance = Stepy Yfrac

These equations allow the y component of the feet to smoothlyincorporate the
desired sideways velocity while still shifting enough to renain dynamically stable
over the stance foot.

Next, the forwards component is given by

t fs

s = sigmoid(10( 05+ )
8 m
§ (05 t+f) if t<f s
Xfrac = ( 05+59) if fg t<fg+fn
-E (05 t+ fg+ f) otherwise
Xstance = 0:5 t+fs
Xswing = Stepy Xirac

These functions are designed to keep the robot's center of nsa moving forwards
steadily, while the feet quickly, but smoothly approach their destinations. Further-

more, to keep the robot's center of mass centered between thieet, there is an
additional o set to the forward component of both the stance and swing feet, given
by

X = Xoset St€pXiactor

After these calculations, all of the x and y targets are corrected for the current
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position of the center of mass. Finally, the requested rotaibn is handled by opening
and closing the groin joints of the robot, rotating the foot targets. The desired angle

of the groin joint is calculated by

8
E 0 ift<fs
groin = E istep (1 cos( tf fs)) if fs t<fs+fm
m
© step otherwise

After these targets are calculated for both the swing and stace feet with
respect to the robot's torso, the inverse kinematics modulecalculates the joint an-
gles necessary to place the feet at these targets. Further deription of the inverse
kinematic calculations is given in p1].

To improve the stability of the walk, the walk engine tracks the desired
center of mass as calculated from the expected commands. Thethe walk engine
compares this value to the sensed center of mass after handg the delay between
sending commands and sensing center of mass changes of apqimately 20ms. |If
this error is too large, it is expected that the robot is unstable, and action must
be taken to prevent falling. As the robot is more stable when valking in place,
the walk engine immediately reduces the step sizes by a faatmf the error. In the
extreme case, the robot will attempt to walk in place until it is stable. The exact

calculations are given by

err = max (abs(coMexpected;i  COMsensedi))
_ err err
stepFactor = max(0; min(1; )
€Mmax  €IMnorm
step, = stepFactor step 8i 2fx;y; g
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This solution is less than ideal, but performs e ectively erough to stabilize the robot
in many situations.

There is one robot body type|type 4 as described in Section 2.2that has
as added toe joint on each foot. The only modi cation made to the walk engine to
take advantage of this toe joint is to add an o set to both the ankle pitch and toe
jointthe ankle pitch is altered in addition to the toe joint as the ankle pitch can
counteract the toe joint's e ect on the robot's center of mass. This correction allows
the remainder of the walk engine to perform as designed, re#ing in a well-tuned

walk. The o set to both joints takes the form of

oset= acost +p)+ cC

wherea is the amplitude of the movement, p controls the phase, andc is a constant
o set. A sinusoidal curve was chosen to maintain smooth movement that repeats
once per step. The parameters for the ankle pitch and toe joihare not linked,

resulting in an additional six parameters in the walk engine(three for each foot).

Walk Engine Inputs

Once an agent has decided what direction it wants to walk in (valk _direction )
and what direction it wants to face (relative to its current o rientation), it must give
the correct inputs to the walk engine, which accepts as inpus three real numbers
in the range [-1, 1]. These numbers are the desired speed|as gercentage of
the engine's maximum speed|to walk in the X and Y directions a nd to rotate.
The sign of the number determines the direction of the movemet (e.g. positive
X for forward and negative X for backward). Converting the desired orientation

into rotation speed is simple: divide by the (admittedly arbitrary) number 180.
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Converting walk direction into the X/Y speeds is more tricky. An agent cannot
simply usesin(walk _direction) and cos(walk _direction) asthe Y and X speed,

respectively. There are two reasons for why an agent cannotickctly use these values:

1. An agent generally wants to walk inwalk _direction  as fast as possible. Walk-
ing in a direction as fast as possible means that either the X eed or the Y

speed should equal 1.

2. The maximum X and Y speeds do not have to be the same, so an agiemust

scale the X and Y speeds accordingly.

The following formula addresses both concerns:

if tan(walk_direction) < (max_y_speed / max_x_speed), the n
X_speed =1
y_speed = tan(walk_direction) * max_x_speed / max_y_speed
otherwise,
x_speed = tan(walk_direction) * max_y speed / max_x_speed
y speed = 1

Under certain conditions, an agent may also want to change tk walk engine param-
eter set it is using. An agent can change the walk parameter $doy simply specifying
the name of the desired parameter set along with the X/Y/Rotational speeds. If the
walk engine is not already using the speci ed parameter setjt will switch its pa-
rameters values accordingly to that of the new set. This caphility allows the agent
to switch between di erent walks, optimized for di erent pu rposes as described in

Chapter 4, as it sees t, instead of relying on some type of one-size-s-all walk.
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Stopping and Jogging In Place

An important decision on how a robot should move occurs when aobot wants to
stop after reaching a desired target position on the eld. Wefound that if a robot
immediately stops and stands still after moving quickly, then stability becomes a
concern with the robot often falling over due to the sudden clange in motion. One
way to preserve stability is to request the walk engine to hae the robot jog in place
instead of standing still so that the change in motion is moregradual. The drawback
of jogging in place is that the added movement adds noise to t& robot's localization
and perception of objects around it. This added noise is of pdicular concern for the
goalie (discussed in AppendixD.3) who needs very accurate measurements of the
position of the ball relative to itself so that it can determi ne when to dive to stop the
ball if an opponent attempts a shot on goal. The walk engine compromises between
standing and jogging in place by having the robot jog in placewhen stopping for

half a second, after which the robot enters a motionless stating pose.

8.2.6 Skill Description Language

The UT Austin Villa agent has skills for getting up after fall ing and kicking, each of
which is implemented as a periodic state machine with multipe key frames where
a key frame is a static pose of xed joint positions. Key frames are separated by a
waiting time that lets the joints reach their target angles. To provide exibility in
designing and parameterizing skills, we designed an intuive skill description lan-
guage that facilitates the speci cation of key frames and tre waiting times between

them. Below is an illustrative example describing a kick skil.

SKILL KICK_LEFT_LEG

KEYFRAME 1
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setTarget JOINT1 $jointvaluel JOINT2 $jointvalue2 ...
setTarget JOINT3 4.3 JOINT4 52.5
wait 0.08

KEYFRAME 2

increaseTarget JOINT1 -2 JOINT2 7 ...

setTarget JOINT3 $jointvalue3 JOINT4 (2 * $jointvalueld)
wait 0.08

As seen above, joint angle values can either be numbers or beameterized
as $<varname> where <varname>is a variable value that can be loaded after being
learned (how parameters are learned is described in Chaptet). Values for skills
and other con gurable variables are read in and loaded at rutime from parameter

les.

8.2.7 Kicking

The UT Austin Villa agent's kick engine works as follows. First, a kick and target
to kick the ball toward is selected, and the agent approacheshe ball. Once close
enough to the ball, the agent shifts its weight onto the suppot foot and executes
one of two types of kicks: xed posed keyframe based or inveeskinematics based.

The following subsections provide further details of the kck engine's components.

118



Ball Approach

When approaching the ball before a kick, the agent uses th&valk_ApproachToKick
walk parameter set (mentioned in Section4.1.2) of the walk engine (discussed in
Section 8.2.5 to stop within a small bounding box of a target point while guaran-
teeing that the agent does not overshoot that target. With this walk approach, the
agent is able to successfully approach and kick a ball withouthrashing around or
running into the ball.

As the agent approaches the ball target walk velocities in tle X and Y di-

rections are updated based on the following equation:

sqgrt(2  maxDecel[X,Y]
desired[X,Y]Vel =  (distToBall[X,Y] > 2 buffer ?
distToBall[X,Y] : distToBall[X,Y] buffer ))

The values formaxDecel[X,Y] and buffer are optimized using the CMA-
ES [57] algorithm over a task where the robot walks up to the ball to a position

from which it can kick the ball as described in Appendix A.

Kick Choice

As the agent approaches the ball, it must decide which type okick to attempt|usually
a function of whether or not the agent thinks it has time to execute the kick based
on the positions of opponents as described in Appendi.2.1, where to kick the
ball (discussed in AppendixD.2.2), and whether to use the left or right foot. For
each kick there is a target o set position relative to the ball that the agent wants
to execute the kick from, and choosing between kicking with he left or right foot

reduces to choosing the kick with the target o set position that has the lowest cost
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for the agent to move to. The walk engine calculates the cost fomoving to each

target o set position from the ball through the following va riables and formula:

distCost = jagentPosition targetO setPosition j=m
wrnCost = jagentOrientation targetOrientation |
8 360
2 :5 if ball is in path to target o set
ballPenalty = S
- 0 otherwise
kickCost = distCost + turnCost + ballPenalty

Kick Skills

Kicking motions for each kick are speci ed by the the skill description language
presented in Section8.2.6. There are two di erent types of kick skills: xed pose
keyframe based and inverse kinematics based.

Fixed pose keyframe kicks consist of a sequence of body pasits, de ned
by di erent joint angle positions, which the agent proceedsthrough in order to kick
the ball. For each of these the agent rst places its support on-kicking) leg near
the ball and shift its weight to the support leg. Next it lifts its kicking leg, and pulls
it backward, before nally swinging its kicking leg forward to strike the ball.

A weakness of the xed pose keyframe kicks is that they requie very precise
positioning relative to the ball in order for them to be execued. An alternative to
xed pose keyframes is to de ne a path relative to the ball that the robot's foot
should follow during a kick, and then use inverse kinematicto move the foot along
this path. The main advantage gained through such an approdc is that a kick
is able to adapt to the position of the ball and thus does not rguire as precise

positioning by an agent to line up the kick.
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For inverse kinematics based kick®’ the skill description language is extended
to allow the speci cation of Cartesian coordinate waypoints for the kicking foot rel-
ative to the ball. These control points are used to compute a mooth 3D curve for
the foot to move through. A Cubic Hermite Spline formulation is used to interpolate
the control points because Hermite Splines yield curves wit C! continuity which
pass through all control points [17]. The time o set from the start of the kick is
normalized to the range [0 1] (O is the start of the kick; 1 is the end), and the
normalized o set is used to sample the Hermite Spline. Invese kinematics calcula-
tions|computed through OpenRAVE's [ 42] analytic inverse kinematics solver|are
used to compute the necessary joint angles for the foot to ftdw the trajectory of
the curve. The skill description language also de nes the Eler angles (roll, pitch,
and yaw) of the foot at each control point. These angles are tiearly interpolated.

Figure 8.5 shows the relative waypoints for an example inverse kinemats
based kick, while Figure 8.6 provides a ow diagram of the necessary steps taken
by an agent during the process of approaching the ball and exmiting an inverse
kinematics based kick.

In addition to forward kicks, the UT Austin Villa team has dev eloped inverse
kinematics based kicks that allow for kicking the ball at 45 and 90 angles either
outward or inward, depending on which leg is used. The team ha also created
directional kicks which assume that the ball is to the side ofor behind one of the

legs. See FigureB.7 for a diagram of these kicks.

2 Thanks to Adrian Lopez-Mobilia and Nicolae Siura for ori  ginally implementing inverse kine-
matics based kicks.
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Figure 8.5: Waypoints relative to the ball that de ne the pat h of the foot for an
inverse kinematics based kick. (1) Lift leg to center behindball. (2) Pull leg back
from ball. (3) Bring leg back to position of ball. (4) Kick thr ough ball.

Figure 8.6: Flow diagram of the agent deciding when to kick tke ball and how to
interpolate the curve created relative to the ball when exeating an inverse kine-
matics based kick. At each time step during the kick, the kickengine interpolates
the control (way-) points de ned in skill description langu age to produce a target
pose for the foot in Cartesian space. Finally, an IK solver cmputes the necessary
joint angles of the kicking leg, and these angles are fed to #hjoint PID controllers.
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Figure 8.7: Using di erent directional inverse kinematics based kicks, the agent can
dynamically kick the ball in varied directions with respect to the placement of the
ball at a, b, and c.

8.3 Code Release

It is di cult for new RoboCup 3D simulation teams to be compet itive with veteran
teams as the complexity of the the RoboCup 3D simulation enwionment results in
an often higher than expected barrier of entry for new teams wshing to join the
league. With the desire of providing new teams to the league good starting point,
as well as o ering a foundational platform for conducting research in the RoboCup
3D simulation domain, UT Austin Villa has released the base ode for its agent
team.

The remainder of this section is organized as follows. Sectn 8.3.1 provides
an overview of the code release and what it includes. Sectio8.3.2 highlights the

optimization task infrastructure included with the code release, and Sectior8.3.3

123



references other code releases.

8.3.1 Code Release Overview

The UT Austin Villa base code release, written in C++ and hosted on GitHub,3°
is based o of the 2015 UT Austin Villa agent. A key consideration when releasing
the team's code is what components should and should not be leased. A complete
full release of the team's code could be detrimental to the RbboCup 3D simulation
community if it performs too strongly. In the RoboCup 2D soccer simulation domain
the former champion Helios team released the Agent2D code sa [L3] that allowed
for teams to be competitive by just typing makeand running the code as is. Close
to 90% of the teams in the 2D league now use Agent2D as their base ectively
killing o their original code bases and resulting in many similar teams. In order to
avoid a similar scenario in the 3D league certain parts of théeam's code have been
stripped out. Speci cally all high level strategy, some optimized long kicks 1], and
optimized fast walk parameters for the walk engine 103 have been removed from
the code release. Despite the removal of these items, whiclieadescribed in detail in
this document as well as other research publicationsll6, 117, 103 102 41, 111, 104,
we believe it should not be too di cult for someone to still use the code release as
a base, and develop their own optimized skills|we provide an example of how to
optimize skills with the release|and strategy, to produce a competitive team.

The following features are included in the release:

Omnidirectional walk engine based on a double inverted penalum model (Sec-

tion 8.2.5

A skill description language for specifying parameterizedkills/behaviors (Sec-

30UT Austin Villa code release: https:/github.com/LARG/utaustinvilla3d
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tion 8.2.6

Getup (recovering after having fallen over) behaviors for # agent types (Sec-

tion 8.2.9

A couple basic skills for kicking one of which uses inverse kématics (Sec-

tion 8.2.7)

Sample demo dribble and kick behaviors for scoring a goal

World model (Section 8.2.1) and particle lter for localization (Section 8.2.2
Kalman lter for tracking objects (Appendix D.3.2)

All necessary parsing code for sending/receiving messagéem/to the server
Code for drawing objects in the RoboViz [L54 monitor

Communication system previously provided for drop-in player challengeg!
Example behaviors/tasks for optimizing a kick and forward walk (Section8.3.2)

Support for Gazebo RoboCup 3D simulation plugin
What is not included in the release:

The team's complete set of skills such as long kickst[l] and goalie dives (Ap-

pendix D.3.3)

Optimized parameters for behaviors such as the team's fasgt walks (slow and
stable walk engine parameters are included, as well as optied parameters

for positioning/dribbling [ 103 and approaching the ball to kick [105])

High level strategy including formations and role assignmat (Chapter 7 and

Appendix D)

S http:/lwww.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/2015_dropin_challenge/
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Figure 8.8 shows an image of the default demo behavior included with the

code release in which agents kick the ball back and forth in aircle.

Figure 8.8: Default demo code release behavior where agerkik the ball back and
forth in a circle.

8.3.2 Optimization Task Infrastructure

A considerable amount of the UT Austin Villa team's e orts in p reparing for
RoboCup competitions has been in the area of skill optimizaiobn and optimizing
parameters for walks and kicks. Example agents for optimizig both a kick and
forward walk are provided with the code release. Optimizaton agents perform some
task (such as kicking a ball) and then determine how well theydid at the task (such
as how far they kicked the ball) which is known as the agent'stness for the task.
Optimization agents are able to adjust the values of paramegrized skills at runtime

by loading in di erent parameter les as mentioned in Section 8.2.6, thus allowing
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the agents to easily try out and evaluate di erent sets of parameter values for a skill.
After evaluating itself on how well it did at a task, an optimi zation agent writes its
tness for the task to an output le.

Optimization agents can be combined with machine learning korithms to
optimize and tune skill parameters for maximum tness on a task. During op-
timization, agents try out di erent parameter values from | oaded parameter les
written by a machine learning algorithm, and then the agentswrite out their tness
values indicating how well they performed with those paraméers so that the ma-
chine learning algorithm can attempt to adjust the parameters to produce higher
tness values. When performing an optimization task, agents are ale to change the
world as needed|such as move themselves and the ball around| by sending special

training command parser commands$? to the server.

8.3.3 Other Code Releases

There have been several previous agent code releases by marsof the RoboCup 3D
simulation community. These include releases by magmaO ehurg®? (Java 2014),
libbats3* (C++ 2013), Nexus3® (C++ 2011), and TinMan 3¢ ((NET 2010). The UT
Austin Villa code release (C++ 2016) expands on these previas code releases in a
number of ways. First the UT Austin Villa code release o ers aproven base having
won the RoboCup 3D simulation competition six out of the pastseven years. Second
the release provides an infrastructure for carrying out optmization and machine

learning tasks, and third the code is up to date to work with the most recent version

32 http://simspark.sourceforge.net/wiki/index.php/Network_Protocol#
Command_Messages_from_Coach.2FTrainer

33 http://robocup.hs-offenburg.de/uploads/media/magmaOffenburg3D-2014Release.tar.gz

3 https://github.com/sgvandijk/libbats

3 http://nexus.um.ac.ir/index.php/downloads/base-code

38 https://github.com/drewnoakes/tin-man

127



of the RoboCup 3D simulator (rcssserver3d 0.7.1).

8.4 Summary and Discussion

This chapter presented the University of Texas at Austin's RoboCup 3D simulation
team UT Austin Villala successful state of the art agent havi ng won the RoboCup
3D simulation competition six out of the past seven years. Thke UT Austin Villa
RoboCup 3D simulation team's base code release, which was avded second place
for the HARTING Open Source Prize at the 2016 RoboCup competiion, provides
a fully functioning agent and good starting point for new teams to the RoboCup
3D simulation league. At the 2016 RoboCup competition one tam used the code
release as the base of their team (KgpKubs), and at the 2017 RmCup competition
six teams used the code release as the base of their teams (AIBD, HfutEngine,
KgpKubs, Miracle3D, Nexus3D, RIC-AASTMT). Additionally t he code release of-
fers a foundational platform for conducting research in mutiple areas including
robotics, multiagent systems, and machine learning. We hop that the code base
may both inspire other researchers to join the RoboCup commuity, as well as facili-
tate non-RoboCup competition research activities akin to the reinforcement learning
benchmark keepaway task in the RoboCup 2D simulation domaif157).

Recent and ongoing work within the RoboCup community is the development
of a plugin®’ for the Gazebo® [84] robotics simulator to support agents created for
the current RoboCup 3D simulation league simulator (SimSpak). The UT Austin
Villa code release has been tested with this plugin and prodes an agent that can
walk in the Gazebo environment.

Alink to the UT Austin Villa 3D simulation code release, as well as additional

3" https://bitbucket.org/osrf/robocup3d
% http://gazebosim.org/
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information about the UT Austin Villa agent, can be found on t he UT Austin Villa

3D simulation team's homepage®®

3 http:/lwww.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/
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Chapter 9

Related Work

This chapter discusses related work in di erent research agas relevant to the work
presented in this document. As there is far too much related wrk to be compre-
hensive, and much work has already been cited throughout tte dissertation, we
primarily focus on additional work that is most closely related to our own.

Related work is organized into di erent sections as follows Section 9.1 dis-
cusses work related to robot skill learning, Sectior9.2 examines other work using
and related to layered learning, and Sectior9.3 focuses on related work in the area

of movement coordination. Section9.4 summarizes.

9.1 Robot Skill Learning

Skill learning for robots is an active area of research139. As described in Sec-
tion 2.1, our approach to skill learning uses the CMA-ES §7] derivative-free stochas-
tic optimization algorithm algorithm to perform direct pol icy search ( nding good

parameters for a parameterized policy) within the context d model-free reinforce-

ment learning.
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There are a multitude of other model-free (not modeling the @vironment)
policy search algorithms used within robotics. One class ofmodel-free algorithms is
gradient descent methods. Some examples of model-free giadt descent methods
include both REINFORCE [ 177] algorithms that estimate the gradient of a policy
to follow, and algorithms that follow the natural gradient s uch as episodic Natural
Actor Critic (eNAC) [ 141]). Another class of model-free algorithms is expectation
maximization based algorithms including the Policy Learning by Weighting Explo-
ration with the Returns (POWER) [ 83] algorithm. Other model-free algorithms use
information-theoretic approaches when learning such as Rative Entropy Policy
Search (REPS) [140. REPS seeks to bound the loss of policy information between
policy updates by limiting the KullbackLeibler (KL) diverg ence between observed
data and the next policy. There are also model-free policy sach algorithms, such
as Path Policy Improvements with Path Integral (Pl 2) [166]), that use statistical
inference and a path integral approach to learning.

In addition to model-free policy search algorithms, modelbased policy search
algorithms that model the environment are also used for robb skill learning. One
example of a model-based algorithm is Probabilistic Inferace for Learning Control
(PILCO) [ 39] which uses Bayesian inference to evaluate policies. Modbhsed policy
search algorithms are generally more sample e cient than malel-free approaches as
they can use their learned models to simulate the results ofaking actions. Model-
based approaches may require much more computation than mad-free approaches,
however, and model-based approaches can also su er from mebbias.

Within the context of other policy search algorithms CMA-ES can be thought
of as a form of natural gradient descent 10, 135. Additionally, recent work by

Abdolmaleki et al. has shown a promising information-theoetic extension to CMA-
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ES called Trust-Region Covariance Matrix Adaptation Evolution Strategy (TR-
CMA-ES) [4]. For good surveys on the use of reinforcement learning and gicy
search within robotics see §2] and [40] respectively.

We choose to use CMA-ES over other policy search algorithmssait has
provided good results in the RoboCup 3D simulation domain wken compared to
other learning algorithms [172, and also because CMA-ES allows us to leverage
our computing cluster's extensive computational resource by utilizing data from
running hundreds of simulations in parallel. Our use of CMAES as the optimization
algorithm allows for a high degree of parallelization durirg learning, and recent work
by Salimans et al. has corroborated the success and scalahjlof evolution strategies
when applied to reinforcement learning tasks 147).

An important consideration when learning parameterized skls for robots is
how to parameterize the policies controlling their movemetts. A popular represen-
tation for learning motions is Dynamic Movement Primitives [148 which represents
motion primitives as nonlinear dynamical systems. Kimura & al. have modeled
walking motions for quadruped robots with central pattern generators (CPGs) BQ].
Johnson and Ballard have explored e cient and sparse codesdr representing the
inverse dynamics of walking motion [r2, 73]. Another policy representation that ne-
cessitates mentioning is deep neural networks as deep leang [22] has shown to be
very successful in robot skill learning tasks. Some exampieof deep learning include
Levine et al. using deep convolutional neural networks to larn robot manipulation
tasks [03], Levine and Koltun using Guided Policy Search p4] to learn controllers
for planar simulated 3D humanoid running, and Schulman et al using Trust Region
Policy Optimization (TRPO) [ 149 to learn simulated humanoid walking gaits. In

our work, we use a skill description language described in $don 8.2.6 for de ning
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motion that divides movement into a series of xed poses. Usig xed poses provides
us an intuitive representation for creating initial skills to seed optimizations with.

Another consideration when learning skills for robots is what tness or scor-
ing function should be used when evaluating di erent candichte sets of parameters.
Lehman et al. have found that rewarding novelty or diversity in candidate policies
for a bipedal robot locomotion controller can produce bette results than directly
optimizing for walking speed P1]. In our own work we have experimented with dy-
namically changing tness functions to produce walks that can move equally fast in
all directions [117. We have also explored adaptively changing our tness funtion
when performing the goToTargetobstacle course walk optimization task (detailed in
Appendix A.1.3) so as to learn walks that are better for playing soccer109.

A current focus in the space of skill learning for robots is that of directly
learning on physical robots, and employing techniques suclas learning by demon-
stration [18, 134] and real-time online learning algorithms like TEXPLORE [61], for
which sample complexity is an important consideration. While there exist learn-
ing algorithms that are extremely sample e cient, such as PILCO [39], we are not
overly concerned with sample e ciency due to the relatively low cost of samples
while learning in simulation. Although not a focus of this thesis, there is work to
bridge the gap between learning in simulation and on physichrobots [46, 54, 36, 85].

Other work in robot learning has focused on learning parameized skills
that generalize to di erent tasks presented to a robot [87, 37], and includes work by
Abdolmaleki et al. in the RoboCup 3D simulation domain for learning directional
walks [2, 3] and variable distance kicks p]. The work in this thesis di ers in than it is
concerned with learning multiple skills that can work well togetherand be combined

to perform complex behaviors.
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9.2 Layered Learning

Within RoboCup soccer domains there has been previous workni using layered
learning approaches to learn complex agent behaviors. Stenused layered learning
to train three behaviors for agents in the RoboCup 2D simulaion domain and
speci ed an additional two that could be learned as well 155. Gustafson et al.
used two layers of learning when applying genetic programnmg to the keepaway
subtask within the RoboCup 2D simulation domain [52]. Whiteson and Stone later
introduced concurrent layered learning within the same kepaway domain during
which four layers were learned. Cherubini et al. used layee learning for teaching
AIBO robots soccer skills that included six behaviors B1]. Leottau et al. explored
applying layered learning strategies to learn a ball dribbing task [92]. Layered
learning has also been applied to non-RoboCup domains sucts 8oolean logic 6],
non-playable characters in video gameslP7, and concept synthesis in road tra c
simulations [132. To the best of our knowledge our overlapping layered learimg
approach applied to robot soccer, containing 19 learned betviors as discussed in
Section4.1, has more than three times the behaviors of any previous layed learning
systems.

Work by Mondesire has discussed the concept of learned laygioverlapping,
and focuses on a concern of information needed to perform a stask being lost or
forgotten as it is replaced during the learning of a task in a sbsequent layer [L2§.
Our work di ers in that we are not concerned with the performance of individual
subtasks in isolation, but instead are interested in maximging the performance of
subtasks when they are combined.

While our implementation of overlapping layered learning uses CMA-ES for

learning the component skills, its hierarchical nature al® bears some resemblance to,
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and shares some motivation with, classic approaches to hiarchical reinforcement
learning for learning complex behaviors. Most hierarchicareinforcement learning
approaches use gated behaviors: a gating function decideshigh among a collection
of behaviors should be executed, with each behavior mappingotential environment
states to low-level actions [6]. In these approaches, the behaviors and gating func-
tion are all control tasks with similar inputs and actions (sometimes abstracted).
Layered learning, on the other hand, allows for conceptuajl di erent tasks, such as
a soccer player evaluating the probability of a pass being scessful and moving to
get open for a pass17€], at the di erent layers.

One widely used approach to hierarchical reinforcement leaing is the MAXQ
algorithm [43]. The MAXQ algorithm learns at all levels of a hierarchy simultane-
ously. MAXQ converges to a recursively optimal policy in which learned subtasks are
locally optimal as opposed to being hierarchically optimalthe learned subtasks'
policies are not necessarily optimal when taking into accont transitions to and
from other subtasks. Also, unlike MAXQ, layered learning alows for the exibility
of using di erent machine learning algorithms at each levelof the hierarchy.

Another popular approach to hierarchical reinforcement learning is the op-
tions framework [160. Options, or temporally extended actions, can be thought
of as learned policies with initiation and termination conditions used to complete
subtasks. Layers in our behavior hierarchy can be seen as aphs in the sense that
they are policies that run for limited periods of time within the overall behavior. In
the context of robot soccer one could learn two separate optins for both walking
and kicking a ball, and|after nding out that the robot is unab le to transition from
the walk option to the kick option without falling|then lear n a third option as a

bridge to transition between walking and kicking that stops and stabilizes the robot
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before it kicks the ball. However, it could be ine cient and slow to need to execute
three option behaviors to walk to and kick the ball. Instead, it may be possible
to learn a better policy through overlapping layered learning and CILB (described
in Section 3.3) that is more e cient and faster to execute: a policy consisting of
a new behavior that combines the previously learned walkingand kicking subtask
behaviors without needing to stop and stabilize the robot bdore kicking the ball.
Progressive neural networks 146 follow some of the concepts of layered learn-
ing. These networks have been successfully used to learn pmés for a series of
related reinforcement learning tasks. Progressive neurahetworks are sequentially
trained on individual tasks, with only the weights for a single column of the network
being learned for the current task the network is being traired on. After each task
is learned the weights of the neural network are frozen, and aew column with open
weights is added to the network before learning the next task The outputs from
the layers of the previously learned task's network column s used as inputs to the
layers of the current task's network column that is being leaned. The architecture
of progressive neural networks|where the output of a previously learned task is
used as input to the next task being learned|is similar in spi rit to layered learning.
The architecture di ers from overlapping layered learning, however, in that learned
weights of the network are never unfrozen and relearned. Filhermore, progressive
neural networks leverage task similarities to learn succesve tasks through transfer
learning [163, in which they focus on learning policies for tasks that areperformed
in isolation from each other, where as overlapping layereddarning is better suited
for developing subtasks that work well together and can smoitly transition between

each other.
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9.3 Movement Coordination

Research within the space of movement coordination spans nttiple topics including
role assignment (deciding which agent moves to which positin or role) [29, 123 7Q],
path planning (paths agents take to assigned positions)121, 151, 90], and collision
avoidance (how to avoid agents colliding) 4, 144, 173. Our work has primarily
focused on using graph theoretic methods to tackle the role ssignment problem.
For a good review of graph theoretic multiagent coordination methods see 127].

Work very related to ours [169 assigns interchangeable robots to goal po-
sitions where robots have non-point masses and exist in emanments containing
obstacles. Additional work by Turpin et al. [17]] suggests using the Hungarian
algorithm to minimize the sum of distances raised to large pwers as a proxy for
MMDR (discussed in Section5.3.1), however such an approach is not guaranteed
to return the same result as MMDR and minimize the makespan. V¢ believe the
above work could be augmented with the MMD+MSD? role assignment algorithm
(discussed in Sectiorb.3.2) to allow for minimizing the makespan of robots traveling
in cluttered environments in O(n?) time.

As an application of role assignment Chopra and Egerstedt hae created
a robot music wall, a spatio-temporal constrained version bthe vehicle routing
problem [16§, where robots travel around to target positions on a wall ard play
musical notes at speci ¢ times by plucking strings at the target positions [34]. They
approach this task as an assignment problem, with the objeéve of nding an as-
signment that minimizes the total distance all robots travel, and also consider robot
connectivity [32] and heterogeneity B3].

Alonso-Mora et al. consider the role assignment problem whe using mobile

robots as pixels to create animated imageslf]. They minimize the sum of distances
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squared|the MSD 2 role assignment function in Section5.4when assigning roles
which avoids collisions but does not minimize the makespan.

Macdonald [11§ examines a multi-robot assignment and formation control
problem in which robots use a decentralized algorithm to deicle on a pose (trans-
lation and rotation) for a given formation, and then assign themselves to unique
positions in the formation. Macdonald also uses the MSB role assignment function
when assigning robots to positions which does not minimizehlte makespan.

Ma and Koenig focus on the TAPF problem, i.e., combined targé assign-
ment and path- nding, where there are teams of agents, and oty members of spe-
ci c teams can be assigned to each target1[00. They too have the goals of both
minimizing the makespan and avoiding collisions. Their appoach uses a min-cost
max- ow algorithm [ 50] on a time-expanded network to assign agents to targets
within speci ¢ teams, and then uses con ict-based searchl5]] to resolve collisions
among agents in di erent teams.

Akella explores the problem of assigning interchangeableobots to a goal
formation, with the twist that the goal formation can be scaled or translated [9].
He formulates role assignment as a linear bottleneck assigment problem (LBAP)
which minimizes the maximum distance|but not recursively| that any robot must
travel. Such an assignment could be produced by running Algathm 4 to compute
MMD+MSD 2, but rst setting all edge weights to the same value before running
the Hungarian algorithm on line 3 of Algorithm 4. While such as assignment mini-
mizes the makespan, it neither avoids collisions or is dynainally consistent. Using
a SCRAM role assignment function, instead of an assignmentuinction that only
minimizes the maximum distance any robot travels, would albw for assignments

that avoid collisions.
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There exists previous work on role assignment in RoboCup seer domains.
Stone and Veloso de ne an order of precedence or importanceotpositions, and a
player is only allowed to switch to a new position if that position is more important
than the player's current position [158. Reis et al. allow for two players to switch
their assigned positions when doing so improves a global tea utility metric [ 143.
Lau et al. give a ranked priority to each target position on the eld, and then
iteratively assign the closest robot to each position in orér from highest to lowest
priority target [ 88]. Chen and Chen use a similar greedy approach to assigning
robots to di erent priority target positions, and robots bi d on positions based on
their cost or path distance to reach the targets B0]. Abeyruwan et al. attempt to
learn a role assignment function through the use of generalalue functions [6]. None
of this previous work on role assignment in RoboCup soccer doains has focused
on collision avoidance or formation completion time.

As an extension to SCRAM role assignment, Jaishy et al. havereated the
Breakdown Agent Replacement (BAR) algorithm for SCRAM [69, 67, 68]. BAR
focuses on situations where a subset of agents may break dovamd are no longer

able to move.

9.4 Summary

This chapter discussed related work in di erent research aeas relevant to the work
presented in this document. As there is far too much related wrk to be compre-
hensive, we primarily focused on work that is most closely riated to our own in the

areas of robot skill learning, layered learning, and movemat coordination.
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Chapter 10

Conclusion and Future Work

This chapter summarizes the ideas and contributions of thisthesis. After summa-
rizing, the chapter provides directions for future work.

Robots are rapidly becoming more prevalent in both industral and domestic
settings [1]. Such an increase in the number of robots, and the likely sufequent
decrease in the ratio of people currently trained to directly control the robots, will
necessitate more robots to be able to act autonomously. In atition to the height-
ened importance of robot autonomy, larger numbers of robotgresent together in
the same environment will provide new challenges and oppounities for multirobot
collaboration and coordination. In a step toward addressimy these challenges and
opportunities, this thesis focuses on two topics we believare most pertinent for
the development of autonomous robots and multirobot collalorative behavior: skill
learning and movement coordination. An underlying objective of this research is to
develop techniques and methodologies that allow autonomaurobots to robustly in-
teract with their environment (through skill learning) and with each other (though

movement coordination) in order to perform tasks and accomplish goals asked of

140



them.

First, robots must acquire the necessary skills to autonomasly perform tasks
in their environment. While previous work in robot skill learning has concentrated
on learning individual skills in isolation, we instead focus on developing learning
methodologies and designing optimization tasks to produceskills that work well
together. In our work, multiple lower level skills are incrementally learned and
combined with each other to develop richer higher level skis. Overlapping layered
learning hierarchical machine learning paradigms (introdiced in Chapter 3) are
utilized during skill learning. Overlapping layered learning allows for learning certain
skill behaviors independently, and then later stitching them together by learning at
the \seams" where their in uences overlap.

After robots have developed higher level skills, and can pdéorm single robot
behaviors, autonomous robots present in the same environmé together need to
coordinate their behavior and movement to e ciently complete (possibly multi-
robot) tasks. As such, we develop algorithms to coordinate te movement and
e orts of multiple robots working together to quickly compl ete tasks. These al-
gorithms, known as Scalable Collision-avoiding Role Assigment with Minimal-
makespan (SCRAM) role assignment algorithms (presented inrChapters 5 and 6),
prioritize minimizing the makespan or time for all robots to complete a task, while
also attempting to avoid interference and collisions amonghe robots. Minimizing
the makespan is a decisive factor in performance when robo&re moving to target
positions to complete a shared task where all robots must beni place before the
task can be completed and/or started.

The work in this thesis is implemented and evaluated in the RboCup 3D

simulation soccer domain (applications of overlapping lagred learning and SCRAM
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role assignment are evaluated in Chaptersd and 7 respectively), and has been a
key component of the University of Texas at Austin's RoboCup3D simulation team
UT Austin Villa winning the RoboCup 3D simulation league world championship
six out of the past seven years. As a contribution of this thess, a public base code
release of the UT Austin Villa agent (presented in Chapter8) provides a testbed for
future research in multirobot systems.

The remainder of this chapter is organized as follows. Seain 10.1 reviews
each contribution of the thesis. Possible directions for fture work are discussed in

Section 10.2 and Section10.3 concludes.

10.1 Contributions

This thesis has provided the following contributions rst p resented in Sectionl.2:

1. Methodologies for learning complex robot skills in simulation. This
thesis presented new paradigms for constructing and learng complex robot
behaviors through the introduction and use of overlapping layered learning
hierarchical machine learning paradigms in Chapter3. Overlapping layered
learning presents ways of combining learning of di erent béavior layers that
extend the traditional sequential layered learning methodlogy [155 through

the use of overlapping or shared parameter sets across behaw layers.

2. Development and analysis of multirobot role assignment functions.
This thesis presented and analyzed di erent role assignmerfunctions for as-
signing robots to role positions in Chapter5. Properties of role assignment
functions analyzed include total distance traveled by all obots, makespan com-

pletion time, dynamic consistency, collision avoidance, ad standard deviation
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of the distances traveled by robots.

. Novel algorithms for multirobot movement coordination. This the-

sis introduced new robot movement coordination algorithms hat focus on
important considerations of formation completion time, cdlision avoidance,
and scalability. Speci cally scalable polynomial time role assignment algo-
rithms known as SCRAM that avoid collisions among robots and minimize
the makespan, or time for robots to complete a formation, wee presented in

Chapters 5 and 6.

. Complete autonomous robot soccer playing agent. The UT Austin
Villa RoboCup 3D simulation league team, a successful statef the art agent
having won the RoboCup 3D simulation competition six out of the past seven
years, was presented in ChapteB. This agent incorporates the ideas and algo-
rithms presented in this thesis, thus serving as a proof of aacept of them, and
a public base code release of the agent provides a testbed ffuture research

in multirobot systems.

. Detailed empirical evaluation of presented learning methodol ogies
and coordination algorithms. This thesis provided detailed empirical
evaluations of the presented overlapping layered learningnethodologies in
Chapter 4, and SCRAM role assignment movement coordination algorithns
in Chapter 7. Results from within the RoboCup 3D simulation competition

were analyzed as well as controlled experiments external tthe competition.
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10.2 Future Work

This section presents directions for future work. First, future work on skill learning
is discussed in Sectionl0.2.1 Next, Section 10.2.2 presents possible extensions
to SCRAM role assignment. Ideas for future research using tb UT Austin Villa
RoboCup 3D simulation team and code base are provided in Seion 10.2.3 and
Section 10.2.4 suggests additional domains outside of robot soccer to whicthe

work in this dissertation may be applied.

10.2.1  Skill Learning

This section presents four ideas for future work in the area bskill learning. First,
we discuss the idea of reshaping surrogate optimization t&s for target optimization
tasks that are intractable to directly optimize over. This t opic is useful for learning
complex skills and behaviors as it is often the case that in@ased task complexity
decreases the tractability of learning directly on the task Second, we consider using
layered learning methodologies to learn generalizable dig (skills that automatically
adapt to di erent variations or contexts of a task). Learnin g a generalizable skill for
similar tasks is more e cient than learning separate skills for multiple similar tasks.
Third, we discuss the idea of automating overlapping layerd learning methodologies
by algorithmically selecting sets of overlapping parametes and layers to optimize.
Finally, we suggest applying layered learning methodologis to additional robot
environments in order to test out and validate the methodolagies' applicability and
e ectiveness. Each idea for future work aims to improve on tke knowledge and

understanding of how to learn complex multilayered skills.
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Simultaneous Learning and Reshaping of Surrogate Optimization T asks

In many learning and optimization tasks, the sample cost of grforming the task
is prohibitively expensive or time consuming, and attempting to directly employ a
learning algorithm on the task could quickly become intractable. For this reason,
learning is instead often performed on a less expensive tagkat is believed to be
a reasonable approximation or a surrogate of the actual targt task|this approach
to learning is known as surrogate-assisted optimization{1].

One way to perform surrogate-assisted optimization is to larn a mapping
from the value of some surrogate function, that is more traceible computationally,
to the amount of success in the objective task, based on a smampirical sample.
This approach, albeit enticing, is dangerous, because a ghal mapping may not exist
| the mapping may change as we transition from one part of the p arameter space
to another. For example, let us assume we are trying to optinze the parameter set
of an autonomous vehicle based on its performance in severedcetracks. We can
estimate how the performance on the racetracks correlatesotthe performance on a
larger-scale problem, for instance, driving in a small town However, as parameters
change the behavior of the vehicle changes, and we will ineiaibly see di erent map-
pings from racetrack performance to larger-scale performace as the autonomous
vehicle changes its policy. For this reason we propose tadkly the challenging open
problem of simultaneously performing learning on an approximation orsurrogate of
the true target task, while at the same time shaping the tasksad for learning to be
a better representation of the true target task

Our?? early initial work on this problem [ 109 has targeted learning omnidi-

rectional walks that allow simulated robots to playing socer well in the RoboCup

“0This is joint work with Elad Liebman.

145



3D simulation environment. Optimizing the parameter set that governs the walk
has been one of the key challenges in this domairi(J. Ideally, we would want to
evaluate any parameter set directly on full 11 versus 11 ganpday. However, playing
a full game to evaluate each parameter set is not computatioally tractable. For
this reason, in the past we have trained an agent directly on a obstacle course
optimization task (discussed in AppendixA.1.3), comprised of 11 di erent activities
such as walking straight, in curves, and quickly stopping*' It has been empirically
shown that doing well on the obstacle course is correlated wh gameplay success.
However, other approaches, such as learning from infant wkltrajectories [8], and
learning to optimize based on trajectories observed in reajameplay, have proven
less successful than the obstacle course.

What is it then about the obstacle course that makes it e ective? More
exactly, which of the 11 di erent walking activities compri sing the obstacle course
are most signi cant in learning a successful walk, and couldit be that weighting
the tasks di erently would result in a better learned walk? M ore interestingly, is it
possible that in di erent stages of the learning, di erent weighting schemes would
result in a better learning rate, and a better nal walk? Finally, is it possible to
adjust or evolve the optimization task (in our case modify the walking trajectories
within the obstacle course) during learning to improve perbrmance? While we have
some promising preliminary work on using a genetic algoritim to evolve di erent
walking task trajectories during learning [110], these are all still open questions.

One avenue to explore in this line of research is a surrogatassisted version
of CMA-ES, ACM-ES [97], which uses rank-based Support Vector Machines to learn

the surrogate model. Closely related to the ides of adaptinghe surrogate task is a

4 A video of the optimization task can be found at
http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/AustinVilla3DSimulationFiles/
2011/html/walk.html#goToTarget
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self-adaptive extension to ACM-ES,5 ACM-ES [98], which adjusts the time between
changing the surrogate model|the number of generations between sampling from
the true target optimization task|and the surrogate model' s hyper-parameters.
Additional work on S ACM-ES has focused on using larger population sizes to bette
utilize the surrogate model P9].

Another possible approach to changing or adapting optimizéion tasks during
the course of learning is that of curriculum learning [L30, 131, 16]] in reinforcement
learning. In curriculum learning the goal is to design a seqance of tasks for an agent

to train on such that nal performance or learning speed of the agent is improved.

Generalizable Skills

Often when learning a speci c robot skill, such as having a rbot throw a ball at
a xed target, the learning process will overt to the exact t ask being learned and
will not be able to generalize well to similar tasks. Rather han training a robot
to handle each new task it encounters, it is more e cient if generalizable skills can
be learned for completing a set of similar tasks. These genalizable skills take in
a context or set of parameters for a task (e.g. a new target pagon in the ball
throwing robot example) and the robot is able to complete these task variations
without necessarily having been directly trained on them. Recent work in robot
skill learning has focused on learning skills that generatie well to di erent contexts
or variations in tasks [87, 37, 134].

As layered learning focuses on learning skills that work weltogether to com-
plete tasks, we hypothesize that it is possible to combine lgered learning with
general skill learning to develop generalizable skills wich work well together with

a variety of di erent skills. Speci cally, and to validate t his idea, we suggest em-
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ploying layered learning methodologies during learning ofa generalizable skill for
kicking the ball at di erent targets in the RoboCup 3D simula tion domain.

A rst step for this work is to learn a general kick skill for ki cking the ball at
di erent targets. A good starting point for learning such a general kick skill is recent
work by Abdolmaleki et al. who used contextual policy search[87] to develop both
a general skill for walking in di erent directions at di ere nt speeds ], and a skill
for variable distance kicks p], within the RoboCup 3D simulation domain. Another
method for learning general skills is the approach of learmg parameterized skills B8]
which was successfully used to train a robot to throw a ball atdi erent targets [ 37].
Assuming one is able to learn a general kicking skill, the na& step would be to
utilize overlapping layered learning methodologies to cornine this kicking skill with
previously learned walking skills in a similar manner to howwe combined walking

skills with di erent non-general kicking skills as discussd in Section4.1.2

Automated Selection of Overlapping Parameters and Layers

Currently the overlapping layered learning methodologiesrequire a person to select
which parameters to freeze and leave open during each sucse® layer of learning.
Additionally learning of complex skills is manually segmened into di erent layers
of learning. We propose nding ways of automating the segmetation of layers
and/or the selection of parameters to leave open when usingverlapping layered
learning methodologies. If these selection processes cam lautomated it would
lessen the burden and potential need for someone with expedomain knowledge
when performing optimizations.

A possible starting point for the automated selection of paameters to opti-

mize is to look into techniques from the research area of feate selection p3]. Using
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Beta Process Autoregressive Hidden Markov Models (BP-AR-IMs) might be a
potential way to segment complex skills into di erent layers as Niekum et al. suc-
cessfully used BP-AR-HMMs to segment demonstrations of sks while performing
learning from demonstration with robots [134]. Lioutikov et al. have also segmented
robot skills from demonstration using probabilistic inference and the Probabilistic
Segmentation (ProbS) algorithm [95]. Another method for delineating skills is work
by Mankowitz et al. who learn skills and where to apply them in the RoboCup 2D
soccer simulation domain using the Adaptive Skills Adaptive Partitions (ASAP)

framework [119. Methods used in curriculum learning [L30, 131, 161]|where the

goal is to design a sequence of tasks for an agent to train on sl that nal per-

formance or learning speed of the agent is improved|might also be utilized for

automating the selection of learning layers.

Apply Layered Learning Methodologies to Additional Robot

Environments

Layered learning methodologies have performed well in the BboCup 3D simulation
domain, and have been shown to generalize to di erent robot mdels within this
same domain in Sectiord4.2.4 We believe that the learning methodologies are very
general, and propose testing them out in robot domains outsle of the RoboCup 3D
simulation environment to verify that they work well there t oo.

For ease of testing we would like to choose a new domain that Wiallow
us to reuse as much of our current RoboCup 3D simulation coderad optimization
framework as possible. The best candidate domain for reusgour current code

infrastructure is the Gazebo B4]*? robot simulation environment. The company that

42 http://gazebosim.org/
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maintains Gazebo, the Open Source Robotics Foundation (OSR),*3 is currently
working on a Gazebo plugin to support RoboCup 3D simulation ague agents with
the eventual goal of having Gazebo replace the SimSpark sinator used by the
RoboCup 3D simulation league. The Gazebo plugiff supports the same message
communication protocol as SimSpark so that current RoboCup3D simulation league
agents will not need to be modi ed to run within Gazebo. Gazeln's physics model
is very dierent from the one used in SimSpark, however, and e all skills such
as walking would need to be re-optimized to work in the Gazeboenvironment.
Gazebo's support of the RoboCup 3D simulation communicatio protocol, coupled
with a di erent physics model, make it an ideal new testing environment for our
layered learning methodologies.

Other potential robot simulation environments to test out o ur layered learn-

ing methodologies include simRobot $9],*° Webots [124],¢ and MuJoCo [167.%’

10.2.2 Extensions to SCRAM

This section presents four possible extensions to SCRAM relassignment. The rst
extension considers relaxing SCRAM's point mass approximi@on and allowing for
robots to travel in environments containing obstacles. This extension would increase
SCRAM's versatility allowing for its use in additional envi ronments. The second ex-
tension suggests transforming SCRAM from a centralized algrithm to a distributed
algorithm. Distributed algorithms are often preferable in robotic domains as they
typically require less communication. A third extension looks at ways to improve

the time complexity of SCRAM algorithms which is an important factor in how

43 http://www.osrfoundation.org

4 https://bitbucket.org/osrf/robocup3d

S http://www.informatik.uni-bremen.de/simrobot/index_e.htm
4 https://www.cyberbotics.com/overview

4T http://www.mujoco.org/
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well the algorithms scale to larger numbers of agents. Findy, the fourth extension
discusses the Minimum-makespan Multi-vehicle Routing Prblem (MMMVRP) in
which there are more target positions than agents, and we wanall target positions
to be visited by an agent in as little time as possible. MMMVRP is an extension
of the minimal-makespan role assignment problem that SCRAMsolves. Each ex-
tension seeks to improve algorithms for coordinating the meement of robots when

minimizing the makespan is an objective.

Relaxation of SCRAM Point Mass Approximation

Although in its current form, SCRAM role assignment generaizes well to many re-
alistic and real-world multiagent systems, for theoreticd analysis purposes SCRAM
approximates agents as being zero width point masses as disgsed in Section5.2.
We would like to remove this approximation from SCRAM and also extend SCRAM
to work in environments containing obstacles. These propasd extensions to SCRAM
would increase its versatility allowing for its use in additional environments.

Our primary starting point for extending SCRAM is work by Tur pin et
al. called CAPT [169. CAPT provides a collision-free assignment of interchang-
able robots to goal positions where robots have non-point msses and exist in envi-
ronments containing obstacles. We believe CAPT's role asgnment algorithm can
be augmented with the MMD+MSD 2 SCRAM role assignment algorithm, thereby
maintaining the rest of CAPT's O( n3) time complexity, to allow for minimizing the

makespan of robots traveling in cluttered environments in plynomial time.

Distributed SCRAM Algorithms

The SCRAM algorithms presented in Section5.3 are centralized algorithms. In

robotic domains it can be preferable to have distributed algrithms, however, as
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communication between robots to a centralized controller nay not always be a vi-
able option. Borrowing ideas from distributed auction [23] and market-based Pg]
algorithms, which have been used to compute a solution to theelated assignment
problem|minimizing the sum of distances traveled by agents|in poly nomial time,
could be a promising direction for the development of distrbuted SCRAM algo-
rithms. It may also be possible to minimize the amount of comnunication needed
to preserve assignments as agents move toward their assighéargets, as Nam et
al. [129 have found ways to reduce the amount of global communicatio needed to
preserve solutions to the assignment problem in scenariosith dynamically changing

costs.

Better Time Complexity

A bottleneck for the time complexity of the SCRAM algorithms is the O(n®) Hun-
garian algorithm. Algorithms reported to be faster than the Hungarian algorithm
for solving the assignment problem such as the Jonker-Volgenant algorithm 75,
and the dynamic Hungarian algorithm [125 for the special case when most agents
have reached their targets and few distances are changingac be explored to further
speed up role assignment algorithms. In the case of the MMDRO(n®) algorithm
(Algorithm 1) in Section 5.3.1, for which all edge weights are integers, scaling algo-
rithms [49, 137] can possibly be used instead of the Hungarian algorithm toeduce

the time complexity.

Minimum-makespan Multi-vehicle Routing Problem

Another possible extension to SCRAM includes role assignnm problems where
there are unequal numbers of agents and targets. To extend SRAM to the case

when there arem agents andn target locations, andm > n , is trivial. All that must
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doneistoaddm n dummy targetlocations with all agents being assigned a disince
of 0 to each of the dummy locations. As the Hungarian algorithmminimizes the
sum of edge weights, the excessi n agents|those not in a minimum makespan

matching to real targets|are assigned to dummy locations. Conversely, if there
are more target locations than agents i > m), and we desire agents to travel
from one target to another such that every target location is eventually visited
by an agent, role assignment becomes a vehicle routing profin [L6§. What we
are interested in computing are the routes|the series of assgnments of agents to
targets|such that all targets are visited by a vehicle in as | ittle time as possible.
Determining what routes to assign agents is an instance of tb Minimum-makespan
Multi-vehicle Routing Problem (MMMVRP) which, as it can be r educed to the
traveling salesman problem, is NP-Hard. Recent initial wok on MMMVPR by

Turpin et al. can compute a solution in polynomial time that i s no more than ve

times the optimal completion time [170.

10.2.3 UT Austin Villa RoboCup 3D Simulation Agent

A driving force behind the success of the UT Austin Villa RobaCup 3D simulation
team has been the team's use of machine learning. In this séoh we outline three
ways in which the team could potentially further improve its performance using
machine learning. First, the team could use deep learning foskill learning. Second,
team formations could be learned instead of being hand-speed. Third, instead

of using a hand-designed scoring function for deciding wherto kick the ball, such
a scoring function could be learned. Lastly, we discuss ongmg work using our
RoboCup 3D simulation code base to apply what is learned in siaulation to robots

in the physical world.
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Deep Learning of Skills

Currently the UT Austin Villa team uses a skill description | anguage for specifying
kicking motions as described in Section8.2.6. The skill description language is
implemented as a periodic state machine with multiple key fames, where a key
frame is a parameterized static pose of xed joint positions Ideally we might like
to learn a joint position (parameter value) for each of the agents 22 joints at every
simulation cycle (20ms) so as to learn a policy over the enti range of possible
poses. To optimize values for every joint position at every nulation cycle during a
two second kicking motion would require learning over 2000 arameter values, and
unfortunately CMA-ES does not scale well to thousands of paameters [L36.

An alternative to using our skill description language is torepresent the policy
of a kicking motion as a deep neural network, and then use deefearning [22] to
learn kicking motions. More concretely, we could pass as ing to a neural network
the amount of time since a kicking motion has started, and the have an output for
each of the robot's joints specifying the target joint angleposition to move the joint
to. Before training the neural network, we would seed the newvork with the policy
of our longest kick using supervised learning and backpropThen, with the network
initialized with a policy that mimics our longest kick's mot ion, we could train the

neural network with the Trust Region Policy Optimization (T RPO) algorithm [ 149.

Formations

The UT Austin Villa team's formations are computed using Delaunay triangula-
tion [14] based on set o set positions from the ball as described in Stion 7.1
Currently these formations are just hand-speci ed and occaionally manually tuned

using a GUI formation editor [12].
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Rather than manually specifying formations, it may be possble to use ma-
chine learning to create and optimize formations. Speci cly we could learn and
modify formation position o set values with the CMA-ES algo rithm based on the
results of playing games using di erent formations. If there are too many formation
parameters for CMA-ES to optimize, we could instead represet a formation as a
neural network|with the input to the network being the posit ion of the ball as well
as potentially the positions of opponents, and output of thenetwork being desired
formation positions|and use deep learning to learn formati ons.

We note that there is existing work in the RoboCup 2D simulation league
for learning formations, as Henn et al. used the rey algorithm to learn formation

positions for corner kicks p9].

Where to Kick

When deciding where to kick the ball, the UT Austin Villa agent samples kicking the
ball to di erent target locations as described in Appendix D.2.2, and then assigns
each location a score based on hand-designed Equati@h1l. The location with the
highest score is chosen as the location to kick the ball to.

Instead of using a hand-designed function, we postulate theone could learn
a scoring function for kick locations using machine learnig. Speci cally a scoring
function could be represented as a neural network|with the i nput to the network
being the positions of the ball and agents on the eld, and theoutput of the network
being the target location to kick the ball to|where the netwo rk is trained through
deep learning based on the results of kicking the ball to di eent eld locations
during games.

We note that there is existing work in the RoboCup 2D simulation league
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for learning where to kick the ball, as Xiong et al. used Q-leaning to learn where

to pass the ball [L79.

Applying What is Learned in Simulation to the Physical World

Learning in simulation has several advantages over learnigpon robots in the physical

world. These advantages of learning in simulation include he following:

In simulation thousands of learning trials can be run in pardlel on distributed

computing clusters.

It may be possible to speed up learning trials and run them faer than real-

time in simulation.
No supervision or manual resetting of robots is required in isnulation.
Unlike in the physical world robots never break or wear out insimulation.

Given the preceding advantages of learning in simulation,tiwould be nice to leverage
these advantages so as to be able to apply what is learned innsulation to the
physical world. Unfortunately, policies learned in simulaion often fail to work in
the physical world due to over tting to inaccuracies in the simulator's model of the
physical world.

As a step toward applying what is learned in simulation to the real world,
Farchy et al. developed a framework for robot learning in sinulation called Grounded
Simulation Learning (GSL) [46] using the UT Austin Villa RoboCup 3D simulation
code base. GSL works by modifying|or grounding|a simulator with real world
data so that the behavior of policies executed in simulatiorwill closer match to how

they will function in the real world. This grounding is performed by rst learning
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a forward kinematics model of a physical robot from state{acton (joint position{
joint torque) trajectories recorded while the robot executes a xed policy in the real
world. Next, a policy is optimized in simulation. During opt imization, a grounding
function embedded in the simulator uses the learned forwardkiinematics model of the
robot to modify actions taken in simulation. The grounding function modi es these
actions in simulation such that the modi ed actions produce the state outcomes
that are estimated to result from taking the original unmodi ed actions in the real
world.

With GSL, Farchy et al. were able to use the RoboCup 3D simulabr and
UT Austin Villa code base to learn a walk for a physical Nao robot that was 25%
faster than the hand-coded walk used as a seed for learning. dgent work by Hanna
and Stone has extended GSL with Grounded Action Transformaion (GAT) [ 54] in
which a learned inverse kinematics model of the simulator imdded to the grounding
function. Learning using GAT applied to GSL produced the fagest known walk on a
physical Naorobot. Bridging the gap between learning in simulation and o physical
robots is an active area of research, and one for which the UT #éstin Villa RoboCup

3D simulation code base may continue to help enable.

10.2.4 Other Domain Applications

The learning methodologies and movement coordination algithms presented in
this dissertation are designed to be general in nature, and 1.such can be applied
in principle to many domains outside of robot soccer. In thissection we suggest
some additional domains for applying overlapping layered éarning and SCRAM
role assignment, some of which were touched on when discusgirelated work in

Chapter 9.
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Overlapping Layered Learning

One potential area that overlapping layered learning can beapplied to is that of
video games. Video games often have low level skills or sulsts that can be learned
and then later combined together for more complex behaviorsSuch a hierarchy of
skills make layered learning a natural t for learning policies for video games, and
in turn a good t for overlapping layered learning as well assiming that skills are
represented as parameterized policies.

One video game environment overlapping layered learning mabe applied to
is the Atari Arcade Learning Environment (ALE) [ 21]*8 which has been a popular
testbed for both neuroevolution [58] and deep reinforcement learning126. Another
video game environment that is conducive to overlapping lagred learning is the real-
time-strategy game Starcraft and associated learning frarawork TorchCraft [167.4°
A third video game environment to apply overlapping layeredlearning to is Minecraft
and its associated platform for Al research Malmo 74].°° Minecraft has been used as
a testbed for both curriculum learning [120 and lifelong learning [164], and as such
it would be a great t for layered learning approaches too. Ore other platform to
test overlapping layered learning with is OpenNERO [78],°! an open-source machine
learning video game and platform for Al research and educatin. OpenNERO has
been used to develop complex agent behaviors by learning ageence of gradually
more challenging tasks 79|, and thus matches well with both curriculum learning
and layered learning approaches to learning.

Another general area that overlapping layered learning maybe applied to is

Genetic Programming (GP) problems. In Section9.2 we mentioned that Gustafson

“8https://github.com/mgbellemare/Arcade-Learning-Environment
4 https://github.com/TorchCraft/TorchCraft

0 https://github.com/Microsoft/malmo

L https://github.com/nnrg/opennero/wiki
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et al. used layered learning when applying GP to the keepawagubtask within the
RoboCup 2D simulation domain [62]. Others have used layered learning with GP
on tasks outside of robot soccer however, including Nguyentel. who had success

using layered learning GP (GPLL) to solve symbolic regressin problems g2, 133.

SCRAM Role Assignment

SCRAM role assignment is useful for general problems in whit agents are tasked
with assuming di erent formations. Such problems include formation control of
quadrotors [44] and formations for marching bands B3).

Another potential application of SCRAM is that of controlli ng the positions
of robots acting as pixels to form di erent images. As we prevously mentioned in
Section 9.3, Alonso-Mora et al. consider the role assignment problem wén using
mobile robots as pixels to create animated imagesLp).

SCRAM may also be used during the process of coordinating mtiple droplets
in light-actuated digital micro uidic systems intended fo r use as lab-on-a-chip sys-
tems [101]. In such systems, droplets of chemicals are actuated on a pkosensitive
chip by moving projected light patterns. The goal is to move nultiple droplets in
parallel on a micro uidic platform without having the dropl ets collide with each
other.

Prioritized SCRAM role assignment, presented in Chapter6, is well suited to
coverage and patrol tasks45] as it allows for specifying a set of high priority targets
(areas of importance that need to be quickly visited and/or @wvered) that agents
will minimize the makespan when moving to. Furthermore, an agent will maintain
coverage of a high priority target until another agent is nea enough to also cover

that target.

159



Vehicle routing is another application where SCRAM role asggnment is di-
rectly applicable. Hanna et al. have used SCRAM role assignent in a carsharing
setting to match autonomous cars to people requesting ridefs5].

SCRAM role assignment may also have utility in warehouses wire robots
retrieve items for orders to be shipped 178. As SCRAM minimizes the makespan,
or time for all items for an order to be retrieved, it allows for faster processing of
orders.

Finally, given that all experiments in this dissertation using SCRAM role
assignment were carried out in simulation, it would be worthwhile to run some
experiments using SCRAM on physical robots as another refence point for how
the algorithms perform. A good testbed for running SCRAM on physical robots is
the Robotarium [147],52 a remotely accessible swarm robotics research platform at

the Georgia Institute of Technology.

10.3 Concluding Remarks

This thesis introduces the overlapping layered learning peadigm and presents Scal-
able Collision-avoiding Role Assignment with Minimal-makespan (SCRAM) role
assignment algorithms. The thesis also presents the Univeity of Texas at Austin's
RoboCup 3D simulation team UT Austin Villaj]a successful sta te of the art agent
having won the RoboCup 3D simulation competition six out of the past seven
years|along with a public base code release of the UT Austin Villa agent that
provides a testbed for future research in machine learning red multirobot systems.
While the UT Austin Villa agent incorporates the ideas and algorithms presented

in this thesis, thus serving as a proof of concept of them, théearning methodologies

52 https://www.robotarium.gatech.edu/
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and movement coordination algorithms are designed to be gesal in nature, and
ought to have broad applicability to real-world problems well beyond that of robot
soccer. We hope that the contributions of this thesis may plg a role in the Al

community's ongoing e ort to develop robust autonomous robots and multirobot

systems in the real world.
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Appendix A

Learned Behavior Layers

The following is a detailed description of the di erent behavior layers learned by the
2014 UT Austin Villa RoboCup 3D simulation team as discussedn Chapter 4. The
team used an extensive layered learning approach incorpotiag overlapping layered
learninglintroduced in Chapter 3|to learn skills for the robots such as getting
up, walking, and kicking. The notation used to describe the kehavior layers is pre-
sented in Section3.2. Additional details about the optimization process and training
tasks used during the layered learning approach to develophtee walk parameter
sets needed for general walking, sprinting, and dribbling lhe ball are provided in
Appendix A.1.

For all layers of learned behaviors the CMA-ES §7] algorithm is used as the
ML algorithm ( M ). All input feature vector ( F) for learned behavior layers include
the position of each of the robots' 22 joints, as well as the rbots' three dimensional
(x;y;z) accelerometer and gyroscope measurements. Any behaviar ivhich a kick
is learned also takes in as input thex and y position of the ball relative to the

robots. The output (O) for all behavior layers are current target positions for eah
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of the robots' joints. A diagram of how all the layers connectwith each other can

be seen in Figured.1 within Section 4.1

L1.1 : Getup _Front _Primitive:  The robot learns a behavior to stand up when

starting from lying on its front.

T1.1: The robot is forced to fall on its front from a standing position and then
attempts to get up. The robot is then given a negative return value equal
to the time it remains in a fallen over state as measured over 4exonds.
The objective function used during optimization is the following where

time is in seconds:

fgetup,front,primitive = timeNotStanding

See 104 for more details about the training task.

M 1.1: Learning was performed across 200 generations of CMA-ES Wita
population size of 150.

H 1.1: The learned policy consists of 9 parameters specifying a x& series of
poses for a getup motion de ned by our skill description langiage. Infor-
mation about the skill description language is provided in fction 8.2.6.

Initial parameter values were seeded with those from a hand:oded policy.

L1.2 : Getup _Back _Primitive:  The robot learns a behavior to stand up when

starting from lying on its back.

T1.2: The robot is forced to fall on its back from a standing position and then
attempts to get up. The robot is then given a negative return value equal

to the time it remains in a fallen over state as measured over 4exonds.
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The objective function used during optimization is the following where

time is in seconds:

fgetup,back,primitive = timeNotStanding

See 04 for more details about the training task.

M 1.2: Learning was performed across 200 generations of CMA-ES whta

population size of 150.

H 1.2: The learned policy consists of 26 parameters specifying a ed series of
poses for a getup motion de ned by our skill description langiage. Infor-
mation about the skill description language is provided in Sction 8.2.6

Initial parameter values were seeded with those from a hanaoded policy.

L1.3 : KickO _Touch _Primitive:  Single robot behavior where the robot learns

to lightly touch the ball resulting in little ball motion.

T1.3: The robot attempts to lightly touch the ball and is given lower return
values the more the ball moves. If the robot falls over, failsto touch
the ball, or touches the ball more than once it is given a negave return
value. The objective function used during optimization is the following

where distance is in meters:

8
S 1

ftouch = S

. Failure

10 distBallTraveled : Otherwise

See §1] for full details of the training task.

M 1.3: Learning was performed across 100 generations of CMA-ES Whta

population size of 150.
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H 1.3: The learned policy consists of 12 parameters specifying a ed series
of poses for a ball touch motion de ned by our skill description lan-
guage. Information about the skill description language isprovided in
Section 8.2.6. Parameters for the x, y, and o0 set standing position of
the robot from the ball are also learned. Initial parameter values were

seeded with those from a hand-coded policy.

L1.4 : KickO _Kick _Primitive:  Single robot kick behavior where the robot learns

a kick that scores on a kicko from a motionless ball.

T1.4: The robot attempts to kick the ball on a kicko directly into t he oppo-
nent's goal. The robot is given higher return values for bothkicks that
travel closer to the opponent's goal, and for kicks that travel farther dis-
tances while remaining above the height of opponent robotslf the robot
fails to kick the ball it is given a negative return value, and if it kicks
the ball out of bounds|misses the goallit receives a return v alue of 0.
The objective function used during optimization is the following where

all distances are in meters:

0 . Missed goal

8
% 1 : Failure
flick kicko = §

100 + distBallForward + 2  distBallinAir : Otherwise

See {§1] for full details of the training task.
M 1.4: Learning was performed across 300 generations of CMA-ES wita
population size of 150.

H 1:.4: The learned policy consists of 59 parameters specifying a &d series of

poses for a kick motion de ned by our skill description langwage. Infor-
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mation about the skill description language is provided in Sction 8.2.6.
Parameters for the x, y, and o set standing position of the robot from
the ball are also learned. Initial parameter values were saked with those

sampled from an observed kick as described int[].

L 1.5 Kick _Fast _Primitive:  The robot learns a short but fast to execute kick start-
ing from a standing position behind the ball. The robot is also expected to be

stable and still standing after the kick.

T1.5: The robot attempts to quickly kick the ball as far as possible from a
standing position behind the ball. The robot is given higherreturn values
for longer kicks, is penalized if the kick takes too long to egcute (greater
than 0.25 seconds), and is given a negative return value if ifails to kick
the ball or falls over while doing so. The objective functionused during
optimization is the following where distance is in meters aml time is in

seconds:

f kick _fast_primitive = 1 . Robot fell over

8
% 1 . Failure
3

distBallForward  max(kickTime 0:25;0) : Otherwise

M 1.5: Learning was performed across 300 generations of CMA-ES Whta

population size of 150.

H 1.5: The learned policy consists of 33 parameters specifying a ed series of
poses for a fast kick motion de ned by our skill description knguage. In-
formation about the skill description language is providedin Section8.2.6
Parameters for thex and y o set standing position of the robot from the

ball are also learned. Initial parameter values were seededith those
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from a hand-coded policy.

Lo.1 @ Walk _GoToTarget:  The robot learns a walk for moving to general target

positions on the eld.

T2:.1: The training task consists of an obstacle course in which theobot tries
to navigate to a variety of target positions on the eld. Each target
is active, one at a time for a xed period of time, which varies from
one target to the next, and the robot is rewarded based on its ttance
traveled toward the active target. To promote stability, th e robot is
given a penalty if it falls over. After falling the robot executes one of
the getup behaviors learned inL1.; and L1.2| Getup_Front _Primitive or
Getup_Back Primitive respectively|so that it can stand up and continue
the walk training task. Full details of the training task, kn own as the

goToTargettask, are provided in Appendix A.1.3.

M ,.1: Learning was performed across 300 generations of CMA-ES wita

population size of 150.

H 2.1: The learned policy consists of 27 parameters for a walk engandescribed
in Section 8.2.5 The maxStep, and maxStep, parameters in Table 8.2
are learned as a single value, however, as we found this advageous in
ensuring that the learned policy would not overly favor walking in the x
direction over the y direction. Initial walk engine parameter values were
seeded with those from a hand-coded policy used on physicablbots as

described in [LOJ.

L2.2 : KickO _Kick _Behavior: A two robot behavior is learned for scoring on a

kicko with one robot lightly touching ball before the other robot kicks the
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ball in the goal.

T2:2: One robot attempts to lightly touch the ball at the beginning of a kick-
o, after which the second robot attempts to kick the ball in t he goal.
During the task the touch and kick robots use the previously karned
KickO _Touch_Primitive and KickO _Kick_Primitive respectively. The
task is evaluated with the same objective function as is useth the train-
ing task T1.4, except that a negative return value is also given if the rst
robot fails to touch the ball before the second robot kicks the ball. The
objective function used during optimization is the following where all

distances are in meters:

8

% 1 - First robot failed touch
. 1 : Second robot failed kick
kicko =

E 0 : Missed goal

100 + distBallForward + 2  distBallinAir : Otherwise

See §1] for full details of the training task.

M 2.2: Learning was performed across 100 generations of CMA-ES Wita

population size of 150.

H2.2: The learned policy consists of thex, y, and o set standing position
parameters of both the robots from the ball that are part of H;.3 and
H1.4. This learning is an example of CILB asH1.3 2 L2, H1a 2 L2,
andfHO;[ HY,g Hz2 whereH?; and HY, are the subsets of standing
position parameters ofH 1.3 and H1.4 respectively. An additional synchro-
nized timing parameter for how long the rst robot should wait before

touching the ball is also learned so that the second robot daenot acci-
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dentally try and kick the ball before the rst robot has touch ed it. This
new added parameter makes this learned behavior also an exatepof

PCLLas fH?;[ H?,0 Hapinstead of justfHP5[ H,40= Hapo.

L2.3 : Kick _Long _Primitive: ~ The robot learns a kicking motion to kick the ball

a long distance starting from a standing position behind theball.

T2.3: The robot attempts to kick the ball as far as possible from a sanding
position behind the ball. The robot is given higher return values for
longer kicks, is penalized if the kick takes too long to exede (greater
than 2 seconds), and is given a negative return value if it fds to kick
the ball. The objective function used during optimization is the following

where distance is in meters and time is in seconds:

8
2 1 . Failure
fkick,long,primitive = >

distBallForward  max(kickTime 2;0) : Otherwise
M 2.3: Learning was performed across 300 generations of CMA-ES Whta

population size of 150.

H 2.3: The learned policy consists of 70 parameters specifying a &d series of
poses for a long kick motion de ned by our skill description Bnguage. In-
formation about the skill description language is providedin Section8.2.6.
Parameters learned inhi.4 for the KickO _Kick _Primitive are used as
seed values for an initial policy 1.4 99KH».3), and added parameters
for speeding up the kick are also learned. Parameters for the, y, and

o0 set standing position of the robot from the ball are learned as well.

L3.1 : Walk _Sprint: The robot learns a walk for quickly walking in the forward
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direction.

T3.1: The samegoToTargettraining task is performed as inL 2.1, however the
robot only uses the walk it is learning when its orientation is within 15 of
its target. During the remainder of the training task the rob ot is using the
learned behavior fromL .1 thus ensuring that the walk being learned can
transition from/to the previously learned Walk_GoToTarget behavior's

walk. Full details of the training task are provided in Appendix A.1.4.

M 3.1: Learning was performed across 300 generations of CMA-ES whta

population size of 150.

H 3.1: The learned policy consists of 27 parameters for a walk engindescribed
in Section 8.2.5. Initial values for the policy are seeded with those from
h2.1 (h2:1 99K H3z1) that were optimized for walking to general target

positions on the eld.

L3.2 : Kick _High _Primitive:  The robot learns a kicking motion to kick the ball

over opponents starting from a standing position behind theball.

T3.2: The robot attempts to kick the ball as far as possible in the ar from
a standing position behind the ball. The robot is given highe return
values for kicks that travel longer distances at a height abwe that of
opponents, is penalized if the kick takes too long to executdgreater
than 2 seconds), and is given a negative return value if it fdé to kick
the ball. The objective function used during optimization is the following

where distance is in meters and time is in seconds:

8
2 1

f kick _high _primitive = S
distBalllnAir ~ max(kickTime 2;0) : Otherwise

: Failure
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M 3.2: Learning was performed across 300 generations of CMA-ES whta

population size of 150.

H 3.2: The learned policy consists of 70 parameters specifying a ed series
of poses for a high kick motion de ned by our skill description lan-
guage. Information about the skill description language isprovided in
Section 8.2.6. Parameters for the X, y, and o0 set standing position
of the robot from the ball are also learned. Parameters leared in hy.3
for the Kick _Long_Primitive are used as seed values for an initial policy

L33 : Kick _Low _Primitive: ~ The robot learns a kicking motion to kick the ball
such that it stays below the height of the goal when starting fom a standing

position behind the ball.

T3.3: The robot attempts to kick the ball as far as possible on the gound
from a standing position behind the ball. The robot is given hgher
return values for kicks that travel longer distances, is pemlized if the
kick takes too long to execute (greater than 2 seconds), andsigiven a
negative return value if it fails to kick the ball or the ball t ravels above
the height of the goal. The objective function used during opimization

is the following where all distance is in meters and time is inseconds:

1 . Kick above goal height

f kick _low _primitive =

8
E 1 : Failure
3

distBallForward  max(kickTime 2;0) : Otherwise

M 3.3: Learning was performed across 300 generations of CMA-ES Whta

population size of 150.
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H3.3: The learned policy consists of 70 parameters specifying a ed se-
ries of poses for a low kick motion de ned by our skill descripion lan-
guage. Information about the skill description language isprovided in
Section 8.2.6. Parameters for the x, y, and o0 set standing position
of the robot from the ball are also learned. Parameters leared in h.3
for the Kick _Long_Primitive are used as seed values for an initial policy

L4.1 : Getup _Front _Behavior: The robot learns to stand up when starting from

lying on its front and then walks around.

T4.1: The training task is the same asT;.; except that after standing up
the robot is asked to walk in di erent directions, and its ret urn value is
penalized if it falls over while trying to do so. The objective function
used during optimization is the following where time is in se€onds:

8
2 timeNotStanding 5 : Fell over after standing

f =
getup _front >

timeNotStanding  : Otherwise

M 4.1: Learning was performed across 200 generations of CMA-ES wita

population size of 150.

H 4.1: The learned policy consists of the same %etup_Front _Primitive pa-
rameters in Hy.1 which are now unfrozen and relearned. As parameters

are unfrozen and relearned this learned behavior is an exangof PLLR.

L4.2 : Getup _Back _Behavior: The robot learns to stand up when starting from

lying on its back and then walks around.
T4.2: The training task is the same asTy., except that after standing up
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the robot is asked to walk in di erent directions, and its return value is
penalized if it falls over while trying to do so. The objective function

used during optimization is the following where time is in seonds:

8
3

>

timeNotStanding 5 : Fell over after standing
fgetup,back =
timeNotStanding . Otherwise

M 4.2: Learning was performed across 200 generations of CMA-ES Wita

population size of 150.

H 4.2: The learned policy consists of the same 2&etup_.Back Primitive pa-
rameters in H1.2 which are now unfrozen and relearned. As parameters

are unfrozen and relearned this learned behavior is an exantg of PLLR.
L 4.3 : Walk _PositionToDribble: The robot learns a walk for dribbling the ball.

Ta:3: The robot starts from di erent positions relative to the bal | and is asked
to dribble the ball toward the opponent's goal for 15 seconds The robot
only uses the walk it is learning when positioning around theball to
dribble it. During the remainder of the training task the robot is using
the learned behaviors fromL .1 and L 3.1 thus ensuring that the walk being
learned can transition from/to the previously learned walk behaviors for
walking and sprinting. The robot is given a return value equd to the
distance it is able to dribble the ball toward the opponent's goal while
being penalized if it falls over. Full details of the training task, known as

the driveBallToGoal2ask, are given in Appendix A.1.5.

M 4.3: Learning was performed across 300 generations of CMA-ES wita

population size of 150.
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H 4.3: The learned policy consists of 27 parameters for a walk engandescribed
in Section 8.2.5 Initial values for the policy are seeded with those from
h2.1 (h2.1 99K Hg43) that were optimized for walking to general target

positions on the eld.

Ls.1 @ Walk _ApproachToKick: The robot learns a walk for stopping at a precise

position behind the ball in preparation to kick the ball.

Ts.1: The robot is asked to walk to a target position near the ball from which a
kick might be executed. The robot is rewarded for stopping atthis target
position in as little time as possible while being penalizedf it runs into
the ball or falls over. The robot only uses the walk it is learring when
close to the ball. During the remainder of the training task the robot
is using the learned behaviors fromL .1 and L3.; thus ensuring that the
walk being learned can transition from/to the previously learned walk
behaviors for walking and sprinting. The objective function used during
optimization is the following where distance is in meters am time is in

seconds:

timeTaken
+fFellOver ? 1:0
f walk _approach to kick = +timeTaken > 12? 0:7:0
+fRanintoBall ? 05:0
+velocityWhenInPositionToKick > 0:0057? 0:5:0

See 105 for full details of the training task.

M s.1: Learning was performed across 300 generations of CMA-ES Whta

population size of 150.
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Hs.1: The learned policy consists of 27 parameters for a walk engandescribed
in Section 8.2.5 Initial values for the policy are seeded with those from
ha3 (ha:3 99KHs:1) that were optimized for positioning around the ball
when dribbling. Additional parameters described in [L05 for determining
how quickly the robot should accelerate and decelerate to i&h its target

without running into the ball are also learned.

Le:1 : Kick _Fast _Behavior: The robot learns to walk to the ball and perform a
short but fast to execute kick. The robot is also expected to le stable and

still standing after the Kick.

Te:1: The sameTy.5 optimization task for kicking a ball quickly is used, ex-
cept instead of starting from a standing position behind the ball the
robot walks up to the ball and attempts to kick it from di eren t starting
positions. Walk parameter sets optimized in previously leaned layers
are used when approaching to kick the ball thus ensuring the abot can
smoothly transition between walking and kicking. The objedive function
used during optimization is the following where distance isin meters and

time is in seconds:

1 . Robot fell

8
g 1 . Failure
fkick fast = §

distBallForward  max(approachAndKickTime 2 10;0) : Otherwise

M 6:1: Learning was performed across 100 generations of CMA-ES Whita

population size of 150.

He:1: The learned policy consists of the same twdKick _Fast_Primitive x and

y 0 set position parameters from the ball in Hi.s|the target position
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for the walk to reach for the kick to be executed|which are now re-
optimized. This learned behavior is an example of CILB as thawo inde-
pendently learned behaviorKick _Fast Behavior and Walk_ApproachToKick
(L1:5 and Ls;1) are combined H15 2 Le1, Hs1 2 Le:1) by re-learning a

subset of their parameters Hg;1 f His[ Hs:10).

Le:2 : Kick _High _Behavior: The robot learns to walk to the ball and perform a

high kick to kick the ball over opponents.

Te:2: The sameTs., optimization task for kicking a ball high is used, except in-
stead of starting from a standing position behind the ball the robot walks
up to the ball and attempts to kick it from di erent starting p ositions.
Walk parameter sets optimized in previously learned layersare used when
approaching to kick the ball thus ensuring the robot can smothly tran-
sition between walking and kicking. The objective function used during
optimization is the following where distance is in meters am time is in

seconds:

8
2 1

frick high =
distBalllnAir ~ max(approachAndKickTime 2 10;0) : Otherwise

. Failure

Me:2: Learning was performed across 300 generations of CMA-ES whta
population size of 150.

He:2: The learned policy consists of the same 7&ick _High_Primitive param-
eters in Hs.2 which are now re-optimized. This learned behavior is an ex-
ample of CILB as the two independently learned behaviorsick _High_Behavior
and Walk_ApproachToKick (L3z.» and Ls1) are combined Hz2 2 Le2,

Hs.1 2 Le2) by re-learning a subset of their parameters Hg2 f Hzo [
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Hs:10).

Le:3 : Kick _Low _Behavior: The robot learns to walk to the ball and perform a

low kick that stays below the height of the goal.

Te:3: The sameTs.3 optimization task for kicking a ball low is used, except in-
stead of starting from a standing position behind the ball the robot walks
up to the ball and attempts to kick it from di erent starting p ositions.
Walk parameter sets optimized in previously learned layersare used when
approaching to kick the ball thus ensuring the robot can smothly tran-
sition between walking and kicking. The objective function used during
optimization is the following where distance is in meters am time is in

seconds:

f kick Jow =

8
% 1 . Failure
§ 1 : Kick above goal

distBallForward  max(approachAndKickTime 2 10;0) : Otherwise

M 6:3: Learning was performed across 300 generations of CMA-ES whta

population size of 150.

H6:3: The learned policy consists of the same 7Kick _Low_Primitive parame-
ters in hz.3 which are now re-optimized. This learned behavior is an exam
ple of CILB as the two independently learned behaviorKick _Low_Behavior
and Walk_ApproachToKick (L3z.3 and Ls1) are combined Hs3 2 Lgs,
Hs1 2 Le3) by re-learning a subset of their parameters gz f H3s |

Hs:10).

Le:4 : Kick _Long _Behavior: The robot learns to walk to the ball and perform a
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long kick.

Te:4: The sameTz.3 optimization task for kicking a ball a long distance is used,
except instead of starting from a standing position behind te ball the
robot walks up to the ball and attempts to kick it from di eren t starting
positions. Walk parameter sets optimized in previously leaned layers
are used when approaching to kick the ball thus ensuring the abot can
smoothly transition between walking and kicking. The objedive function
used during optimization is the following where distance isin meters and

time is in seconds:

8
2 1 . Failure
f kick Jlong =

distBallForward  max(approachAndKickTime 2 10;0) : Otherwise

Me:4: Learning was performed across 300 generations of CMA-ES Whta

population size of 150.

H6:4: The learned policy consists of the same 7Rick _Long_Primitive parame-
ters in Hy.3 which are now re-optimized.This learned behavior is an exam
ple of CILB as the two independently learned behaviorKick _Long_Behavior
and Walk_ApproachToKick (L2.3 and Ls1) are combined H23 2 Lega,
Hs.1 2 Le4) by re-learning a subset of their parameters Hg.s f Hos |

Hs:10).
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A.1 Optimization Process and Training Tasks for Learn-

ing Walk Parameter Sets

The following subsections detail the optimization processand training tasks used

during the layered learning approach to develop three walk prameter sets needed for
general walking, sprinting, and dribbling the ball. The Covariance Matrix Adapta-

tion Evolution Strategy (CMA-ES) algorithm [ 57] was used to learn the walk engine
parameters listed in Table 8.2 for each set of walk parameters. Further details
about the development of the optimization process| rst imp lemented for the 2011
team|are available in [ 103, however here we only present the details most relevant

to the 2014 team.

A.1.1 Walk Usage Considerations

Before describing the procedure for optimizing the walk paameters, we provide
some brief context for how the agent's walk is typically used These details are
important for motivating the optimization procedure's tn ess functions.

During gameplay the agent is usually either moving to a set taget position
on the eld or dribbling the ball toward the opponent's goal and away from the
opposing team's players. Given that an omnidirectional wak engine can move in
any direction as well as turn at the same time, the agent has mitiple ways in which
it can move toward a target. We chose the approach of both havig the agent move
and turn toward a target at the same time as this allows for both quick reactions (the
agent is immediately moving in the desired direction) and sged (where the bipedal
robot model is faster when walking forward as opposed to strag sideways). We
validated this design decision by playing our agent against version of itself which

does not turn to face the target it is moving toward, and found our agent that turns
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won by an average of .7 goals across 100 games. Additionallyevplayed our agent
against a version of itself that turns in place until its orientation is such that it is
able to move toward its target at maximum forward velocity, and found our agent
that immediately starts moving toward its target won by an average of .3 goals
across 100 games. All agents we compared used walks optimizey the process
described in the following subsections.

Dribbling the ball is a little di erent in that the agent need s to align behind
the ball, without rst running into the ball, so that it can wa Ik straight through
the ball, moving it in the desired dribble direction. When th e agent circles around
the ball, it always turns to face the ball so that if an opponent approaches, it can

quickly walk forward to move the ball and keep it out of reach d the opponent.

A.1.2 Optimization Task Architecture

To ease the optimization process, we build optimization taks out of a series of inde-
pendent phases, calledOptPhases Each OptPhaseencapsulates a logically distinct
action that the agent must take, the utility function for tha t action, and any of
the agent's observations during the execution of that phasdhat is used as input to
the utility function. To guard against the case where the agat cannot complete the
action, eachOptPhasealso has a maximum duration. If the agent does not complete
an OptPhaseés associated action within the speci ed duration, it simply moves on
to the next OptPhase Should the agent fall down during a phase, the next phase
is not started until the agent gets up again. For optimizing the agent's walk, we

primarily used the following phase typesjall of which punis h for falling down:

A WaypointOptPhase during which the agent attempts to walk to a certain

coordinate and is rewarded based on how far it can walk befor¢he phase
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ends. If the agent arrives at its destination before the timeruns out, we try
to extrapolate how far the agent would have gone if allowed towalk for the

entire phase.

A StopOptPhaseduring which the agent stands still and is punished for mov-
ing. This phase type is useful for making sure that the agents stable, not

just fast.

A MoveOptPhase during which the agent walks in a certain direction and is

rewarded based on the distance it can travel before the phasends.

At the beginning of an optimization task, the agent is initialized with a list of
OptPhasesand it simply needs to execute them all in order. Once it has goe
through all of the OptPhasesit simply adds up all of the utility values for each of
the individual phases and use that as the utility for the entire run. This approach
allows us to quickly and easily create and experiment with dierent optimization
strategies. For example, we can optimize for stability: by daining together a series
of short MoveOptPhasessprinkled with a number of StopOptPhaseso make the
agent quickly change direction, or for navigation speed: bysing WaypointOptPhases
to create a sort of obstacle course as thgoToTargetoptimization task described in

Appendix A.1.3.

A.1.3 Walk _GoToTarget Parameter Set Optimization

To learn walk parameters for moving to general target positons on the eld we
created a training task|called the goToTargetoptimization task|consisting of an

obstacle course in which the robot tries to navigate to a varety of target posi-
tions on the eld. The targets are represented asWaypointOptPhaseglescribed in

Appendix A.1.2. Each target is active, one at a time for a xed period of time,
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which varies from one target to the next, and the robot is rewaded based on its
distance traveled toward the active target. If the robot reaches an active target,
the robot receives an extra reward based on extrapolating te distance it could
have traveled given the remaining time on the target. In addiion to the target
positions, the robot has stop targets|represented as StopOptPhasesdescribed in
Appendix A.1.2|where it is penalized for any distance it travels. To promot e sta-
bility, the robot is given a penalty if it falls over during th e optimization run.

In the following equations specifying the agent's rewardsdr targets, Fall is
5 if the robot fell and O otherwise, diarget is the distance traveled toward the target,
and dmoveq is the total distance moved. Lettig be the full duration a target is
active and tiken be the time taken to reach the target ortyy if the target is not

reached.

tiotal
reWardtarget = dtarget + Fa'”

taken

rewardsop = Omoveq  Fall

The goToTarget optimization includes quick changes of target/direction for
focusing on the reaction speed of the agent, as well as targetvith longer durations
to improve the straight line speed of the agent. The stop targés ensure that the
agent is able to stop quickly, while remaining stable. The tmajectories that the agent

follows during the optimization are described in FigureA.1.

A.1.4 Walk _Sprint Parameter Set Optimization

To further improve the forward speed of the agent, we optimizd a parameter set
for walking straight forwards for ten seconds starting froma complete stop. Unfortu-

nately, when the robot tried to switch between the forward walk and Walk_GoToTarget
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Long walks forward/backwards/left/right

Walk in a curve

Quick direction changes

Stop and go forward/backwards/left/right

Switch between moving left-to-right and right-to-left
Quick changes of target to simulate a noisy target
Weave back and forth at 45 degree angles
Extreme changes of direction to check for stability
Quick movements combined with stopping

Quick alternating between walking left and right

Spiral walk both clockwise and counter-clockwise

Figure A.1: GoToTargetOptimization walk trajectories

parameter sets it was unstable and usually fell over. This istability is due to the
parameter sets being learned in isolation, resulting in then being incompatible.

To overcome this incompatibility, we ran the goToTarget subtask optimiza-
tion again, but this time we xed the Walk_GoToTarget parameter set and learned a
new parameter set. We call these parameters th&valk_Sprint parameter set, and the
agent uses them when its orientation is within 15 of its target. The Walk_Sprint
parameter set was seeded with the values from th&Valk_GoToTarget parameter
set. This approach to optimization is an example of sequenél layered learning as
the output of one learned subtask (theWalk_GoToTarget parameter set) is fed in
as input to the learning of the next subtask (the learning of the Walk_Sprint pa-

rameter set). By learning the Walk_Sprint parameter set in conjunction with the
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Walk_GoToTarget parameter set, the robot was stable switching between the tw

parameter sets.

A.1.5 Walk _PositionToDribble Parameter Set Optimization

Although adding the Walk_GoToTarget and Walk_Sprint walk engine parameter sets
improved the stability, speed, and game performance of thegent, the agent was still
a little slow when positioning to dribble the ball. This slowness is explained by the
fact that the goToTarget subtask optimization emphasizes quick turns and forward
walking speed while positioning around the ball involves mee side-stepping to circle
the ball. To account for this discrepancy, the agent learneda third parameter set
which we call the Walk_PositionToDribble parameter set. To learn this parameter
set, we created a newdriveBallToGoal2® optimization in which the agent is evaluated
on how far it is able to dribble the ball over 15 seconds when sirting from a variety of
positions and orientations from the ball. The Walk_PositionToDribble parameter set
is used when the agent is .8 meters from the ball and is seededtivthe values from
the Walk_GoToTarget parameter set. Both the Walk_GoToTarget and Walk_Sprint
parameter sets are xed and the optimization naturally includes transitions between
all three parameter sets, which constrained them to be compiéble with each other.
As learning of the Walk_PositionToDribble parameter set takes the two previously

learned parameter sets as input, it is a third layer of sequetial layered learning.

53The '2' at the end of the name driveBallToGoal2is used to di erentiate it from the driveBallTo-
Goal optimization that was used in [ 103].
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Appendix B

Additional SCRAM Proof
Sketches

This appendix provides proof sketches for properties of r@ assignment functions
discussed in Chapter5: minimizing the makespan, avoiding collisions, and dynant

consistency.

B.1 Role Assignment Function CM Validity

The following®* is a more in depth analysis of theCM validity of the role assignment

functions MMDR and MMD+MSD 2 described in Section5.3.

B.1.1 Minimizing Longest Distance

It is trivial to determine that both MMDR and MMD+MSD 2 select a mapping
of agents to role positions that minimizes the time for all agnts to have reached

their target destinations. The total time it takes for all ag ents to move to their

5*This appendix contains material from previously published w ork in [111].
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desired positions is determined by the time it takes for the &st agent to reach
its target position. As the rst comparison between mapping costs for both role
assignment functions is the maximum distance that any singt agent must travel,
and it is assumed that all agents move toward their targets atthe same constant
rate, the property of minimizing the longest distance holdsfor both MMDR and

MMD+MSD 2.

B.1.2 Avoiding Collisions

Given the assumptions that no two agents and no two role posibns occupy the
same position on the eld, and that all agents move toward roke positions along a
straight line at the same constant speed, if two agents coltle it means that they both
started moving from positions that are the same distance awa from the collision
point. Furthermore if either agent were to move to the collison point, and then
move to the target of the other agent, its total path distance to reach that target
would be the same as the path distance of the other agent to thasame target.
Considering that we are working in a Euclidean space, by theriangle inequality we
know that the straight path from the rst agent to the second a gent's target will
be less than the path distance of the rst agent moving to the ®llision point and
then moving on to the second agent's target. The path distane of the rst agent
moving to the collision point, and then moving on to the secom agent's target,
is in fact equal to the distance of the second agent moving on atraight line to
its target. Thus if the two colliding agents were to switch targets the maximum
distance either is traveling will be reduced|along with the sum of the squared
distances traveled|thereby reducing the cost of the mapping for both MMDR and

MMD+MSD 2, and the collision will be avoided. FigureB.1 illustrates an example
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of this scenario.

Figure B.1: Example collision scenario. If the mapping (A1 P2,A2! P1) is chosen
the agents will follow the dotted paths and collide at the point marked with a C.
Instead both MMDR and MMD+MSD 2 will choose the mapping (Al P1,A2! P2),
as this minimizes both maximum path distance and sum of distaces squared, and
the agents will follow the paths denoted by the solid arrows hereby avoiding the
collision.

The following is a proof sketch related to FigureB.1 that no collisions will

occur.

Assumption. Agents Al and A2 move at constant velocity on straight line paths
to static positions P2 and P1 respectively. A16 A2 and P1 6 P2. Agents collide

at point C at time t.
Claim. Al! P2 and A2 P1 is an optimal mapping returned by MMDR.

Case 1. P1 and P26 C.
By assumption:

A1C = AC = vt

AP = A1C+ CPy, = A,C + CP,
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AP = A,C+ CP1 = A1C+ CP;

By triangle inequality:

A1P1 < A1C+ CP1 = APy

APy < AC+ CPy = AP

max(AlPl; Asz) < max(Ang; A2P1)

AlPlZ + Azpz2 < A1P22 + Azpl2
) cost(Al! P1;A2! P2)< cost(Al! P2 A2!

Case 2. P1=C, P2 6 C.
By assumption:
CP,>CP1=0

AC AIC= vt

A1P1 = A1C < A1C+ CPy = APy

By triangle inequality:
if A1C = AzC

AP < AC+ CPy= A1C+ CPy = APy

otherwise A,C < A,C

AP, AC+ CPy< AjC + CPo = AP

max(AlPl; A2P2) < max(Ale; A2P1)

A1P12 + AzF’z2 < A1P22 + A2P12
) cost(Al! P1;A2! P2)< cost(Al! P2A2!

Case 3. P2=C, P1 8 C.
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Claim False by corollary to Case 2.

Case 4. P1, P2 =C.

Claim False by assumption.

As claim is False for all cases MMDR does not return mappings wh collisions. [

B.2 Dynamic Consistency

The following is a more in depth analysis of the dynamic constency of the role
assignment functions MMDR and MMD+MSD 2 described in Section5.3.

Dynamic consistency is important such that as agents move tward xed
target role positions they do not continually switch or thrash between roles thus
impeding their progress in reaching target positions. Giva the assumption that
all agents move toward target positions at the same constantrate, all distances
to targets in a MMDR mapping of agents to role positions will decrease at the
same constant rate as the agents move until becoming 0 when aagent reaches its
destination. Considering that agents move toward their target positions on straight
line paths, it is not possible for the distance between any agnt and any role position
to decrease faster than the distance between an agent and thele position it is
assigned to move toward. Given this fact, the cost of any MMDRmapping can not
improve over time any faster than the lowest cost MMDR mapping being followed,
and thus dynamic consistency is preserved. Note that it is pssible for two mappings
of agents to role positions to have the same MMDR cost as the & of two agents
being equidistant to two role positions. In this case one of he mappings may be
arbitrarily selected and followed by the agents. As soon ashe agents start moving

the selected mapping will acquire and maintain a lower cost lhan the unselected
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mapping. The only way that the mappings could continue to hawe the same MMDR
cost would be if the two role positions occupy the same placerothe eld, however,
as stated in the given assumptions, this is not allowed.

MMD+MSD 2 is not dynamically consistent as minimizing the sum of dis-
tances squared (MSIB) is not dynamically consistent. MSD? is shown to be not

dynamically consistent in Appendix B.3.

B.3 Other Role Assignment Functions

The following is an analysis of both the CM validity and dynamic consistency of
the role assignment functions other than MMDR and MMD+MSD ? evaluated in
Section 5.4.

Other potential ordering heuristics for mappings of agentsto target posi-
tions include minimizing the sum of all distances traveled MSD), minimizing the
sum of all path distances squared (MSB), and assigning agents to targets in or-
der of shortest distances (Greedy). None of these heuristicpreserve both required
properties listed in Section5.2 for CM validity which are true for both MMDR and
MMD+MSD 2. Also none of them are dynamically consistent.

As can be seen in the example given in Figurd.2, none of the properties
necessarily hold for MSD.

The rst property of all agents having reached their target destinations in as
little time as possible is not always true for MSD? as shown in the example in Fig-
ure B.3. MSD? does avoid collisions as explained in AppendiB.1.2. The following

is an example in which MS¥ is not dynamically consistent:

At time t =0;:
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Figure B.2: Example where minimizing the sum of path distan@s fails to hold de-
sired properties. Both mappings of (Al P1,A2! P2) and (A1! P2,A2! P1) have
a sum of distances value of 8. The mapping (AL P2,A2! P1) will result in a colli-

sion and has a longer maximum distance of 6 than the mapping (A! P1,A2! P2)
whose maximum distance is 4. Once a mapping is chosen and thgents start mov-
ing the sum of distances of the two mappings will remain equalvhich could result
in thrashing between the two.

A1=(3;0)
A, = (2:999)
P1=(0;0)
P2=(1;0)

Al! PLA2! P2

APy =3, AP, = " 998002:A1P.2 + AgP,2 = 998011

Al! P2,A2! P1

A1P2 =2, APy = P 998005;A1P22 + A2P12 =998009

MSD? mapping (A1! P2;A2! P1)* 998009< 998011

At time t = 2;
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Figure B.3: Example where minimizing the sum of path distan@s squared fails to
hold desired property of minimizing the time for all agents to have reached their
target destinations. The mapping (Al! P1,A2! P2) has a path distance squared
sum of 19 which is less than the mapping (AL P2,A2! P1) for which this sum

is 27. Both MMDR and MMD+MSD ? will choose the mapping with the greater
sum as its maximum path distance (proportional to the time for all agents to have
reached theﬁr targets) is* 17 which is less than the other mapping's maximum path
distance of 18.

A1=(1;0)
Ar=( 2 997)
P1=(0;0)
P2=(1;0)

Al! PL,A2! P2

AP =1, APy = P 99401O;A1P12 + A2P22 =994011

Al! P2,A2! P1

A1P2 =0, APy = P 994013;A1P22 + A2P12 = 994013

MSD? mapping (A1! P1;A2! P2)* 994011< 994013
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As the mapping switched MSD? is not dynamically consistent.

Figure B.4: Example where greedily choosing shortest pathdails to hold de-
sired properties. The shortest distance is from A2 P1 resulting in a mapping of
(A2! P1,A1! P2)to be chosen. The mapping (A2 P1,Al! P2) will result in a col-

lision and has a longer maximum distance of 6 than the mappingAl! P1,A2! P2)

whose maximum distance is 4. Once the agents collide it is peible that A1 will

move on top of P1 thus pushing A2 o of P1 and towards P2. This displacement of
A2 may result in a switch between mappings and potential thrashing.

As can be seen in the example given in Figur®.4, none of the properties

necessarily hold for Greedy.

194



Appendix C

Dynamic Programming

Algorithm for MMDR

The following®® is a description of the dynamic programming algorithm for canput-
ing the Minimum Maximal Distance Recursive (MMDR) role assignment function
that is compared against SCRAM role assignment algorithmsm Section 5.4.

A key recursive property of MMDR that allows us to exploit dyn amic pro-
gramming is expressed in TheorenB. This property stems from the fact that if
within any subset of a mapping a lower cost mapping is found, fhen the cost of the
complete mapping can be reduced by augmenting the complete apping with that

of the subset's lower cost mapping.

Theorem 3. Let A and P be sets ofn agents and positions respectively. Denote the
mappingm := MMDR (A;P). Let mg be a subset o that maps a subset of agents
Ap A to a subset of positionsPy  P. Then mg is also the mapping returned by

MMDR (Ao; Po).

5 This appendix contains material from previously published w ork in [102].
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The savings from using dynamic programming comes from onlyvaluating
mappings whose subset mappings are returned by MMDR. This sangs is accom-
plished in Algorithm 5 by iteratively building up optimal mappings for position sets
from fpig to fps;:::;png, and using optimal mappings ofk 1 agents to positions
fp1; 5P 19 (line 8) as a base when constructing each new mapping & agents to
positions f p1; ::;; pcg (line 9), before saving the lowest cost mapping for the current

set of k agents to positionsf p1;:::; pkg (line 10).

Algorithm 5  Dynamic programming implementation of MMDR

1. HashMap bestRoleMap= ?

2: Agents= faj;::;ang

3: Positions = fps;::;png

4: for k =1to ndo

5 for each ain Agentsdo

6: S= | ] setsofk 1 agentsfromAgents f ag
7: for each sin S do
8
9

Mapping mgo = bestRoleMays]
: Mapping m=(a! px)[ mo
10: bestRoleMayf ag [ s] = mincost(m; bestRoleMajjf ag [ s])

11: return bestRoleMapAgents

An example of the mapping combinations evaluated in nding the optimal
mapping for three agents through the dynamic programming aproach of Algo-
rithm 5 can be seen in TableC.1. In this example the algorithm begins by computing
the distance of each agent to the rst role position. Next the algorithm computes
the cost of all possible mappings of agents to both the rst aml second role positions
and saves o the lowest cost mapping of every pair of agents tdhe the rst two
positions. The algorithm then proceed by sequentially asgining every agent to the
third position and computes the lowest cost mapping of all agnts mapped to all
three positions. As all subsets of an optimal (lowest cost) rapping will themselves

be optimal, the algorithm only needs to evaluate mappings toall three positions
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which include the previously calculated optimal mapping agnt combinations for

the rst two positions.

Table C.1: All mappings evaluated during dynamic programming using Algorithm 5
when computing an optimal mapping of agents Al, A2, and A3 to sitions P1, P2,
and P3. Each column contains the mappings evaluated for theet of positions listed
at the top of the column.

fP1g fP2,Plg fP3,P2,Plg

A1l P1| ALl P2, MMDR(A2! P1) | A1l P3, MMDR(fA2,A3g!f P1,P2g)
A2! P1| All P2, MMDR(A3! P1) | A2! P3, MMDR(fA1,A3g!f P1,P2g)
A3! P1| A2 P2, MMDR(AL! P1) | A3! P3, MMDR(fA1,A2g!f P1,P2g)
A2! P2, MMDR(A3! P1)
A3! P2, MMDR(AL1! P1)
A3! P2, MMDR(A2! P1)

Recall that during the kth iteration of the dynamic programming process to
nd a mapping for n agents, wherek is the current number of positions that agents
are being mapped to, each agent is sequentially assigned tdneé kth position and
then all possible subsets of the othen 1 agents are assigned to positions 1tk 1
based on computed optimal mappings to the rstk 1 positions from the previous
iteration of the algorithm. These assignments result in a tdal of E i agent subset
mapping combinations to be evaluated for mappings of each amt assigned to the
kth position. The total number of mappings computed for each of he n agents
across alln iterations of dynamic programming is thus equivalent to the sum of the
n 1 binomial coe cients. That is,

n 1 X' no1
k=1 ko1 k=0
Therefore the total number of mappings that must be evaluatal using our dynamic

programming approach isn2" 1.
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Appendix D

UT Austin Villa RoboCup 3D

Simulation Team Strategy

This appendix provides details of some of the strategy compments used by the UT
Austin Villa agent team presented in Chapter 8. This includes general strategy for
movement in Appendix D.1, strategy for kicking in Appendix D.2, and the team's
goalie in Appendix D.3. Details of how the team's strategy incorporates formatiors

and role assignment are discussed in Chapter.

D.1 General Locomotion in the Field

This section covers details regarding how agents behave omé eld. Section D.1.1
explains how which agent should go to the ball is determined A system used to avoid
collisions is given in SectionD.1.2. Movement and actions around the ball including
facing the ball (Section D.1.3), how the ball is approached (SectionD.1.4), where

to move the ball (Section D.1.5), and how to dribble (Section D.1.6) follow.
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D.1.1 Closest to Ball Heuristic

In Section 7.1 we mention that the closest player to the ball is assigned theonBall
role and is instructed to go to the ball. In order to measure \doseness" we do not
purely use Euclidean distance, however, as certain positiss such as being behind
the ball instead of in front of it are more advantageous. An agnt is considered to be
in front of the ball if its X coordinate is greater than that of the ball's X coordinate.
If an agent is in front of the ball it will typically have to tak e time to circle and walk
around behind the ball in order to dribble the ball forward toward the opponent's
goal. For this reason we add 1 meter to the distances of agenia front of the ball
when determining the agent closest to the ball.

When the ball is close to either end of the eld we modify the denition of
being in front of the ball to take into consideration that agents near the opponent's
goal want to move the ball toward the center of the eld (toward the opponent's
goal) and agents near their own goal want to push the ball out b the sides (away
from their goal). For this reason whenever the ball is to eitrer side of the goal (its
Y coordinate is outside the closest goal post's Y coordinatg and the ball's distance
to the nearest endline is less than the distance between a gbpost and the closest
corner of the eld to the goal post (approximately 6 meters), we declare an agent
to be in front of the ball if on o ense the agent is closer than the ball to the goal
post nearest the ball, or on defense if the agent is farther tAn the ball from the
goal post nearest to the ball.

Another situation in which we adjust the measure of the distance an agent is
considered to be from the ball is when an agent has fallen. Ag takes time after a
fall for an agent to get back up, we add an extra 1.5 meters to tle distance a fallen

agent is considered to be from the ball. The only time we do notadd in this extra
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distance measure for a fallen agent is when the agent has fatl very near (within
.65 meters) of the ball. In this case, when the fallen agent islmost on top of the
ball, having another agent assume theonBall role will likely force that agent to have
to navigate around and possibly trip over the fallen agent wren moving toward the

ball.

/I Function for computing the adjusted distance (in meters)
/I an agent is to the ball.
function getClosenessToBallMeasure(agent) {

/I Adjustment value to add to distance agent is from ball

adjust = 0.0;

/I Agent has fallen but not right on top of ball
if agentlsFallen and agentDistToBall > .65

adjust += 1.5; // Added distance for having fallen

/I Ball is to the sides of the goals
if abs(ball_Y) > HALF_GOAL_Y {
/I Ball close to own goal

if ball_ X < -HALF_FIELD_X + (HALF_FIELD_Y-HALF_GOAL_Y) {

if bal_Y >0

nearestPost = Position(-HALF_FIELD X, HALF_GOAL_Y);
else

nearestPost = Position(-HALF_FIELD_ X, -HALF_GOAL_Y);

/I Agent is in front of ball
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if agentDistToNearestPost > ballDistToNearestPost
adjust += 1.0; // Added distance to walk around ball
}
/I Ball close to opponent's goal

else if ball X > HALF_FIELD_X - (HALF_FIELD_Y-HALF_GOAL) Y

if ballLY >0

nearestPost = Position(HALF_FIELD X, HALF_GOAL_Y);
else

nearestPost = Position(HALF_FIELD_X, -HALF_GOAL_Y);

/I Agent is in front of ball
if agentDistToNearestPost < ballDistToNearestPost

adjust += 1.0; // Added distance to walk around ball

}
/l Agent is in front of ball

else if agent_X >= ball_X

adjust += 1.0; // Added distance to walk around ball

return agentDistToBall + adjust;

D.1.2 Collision Avoidance

Although the positioning system discussed in SectiorY.1is designed to avoid assign-

ing agents to positions that might cause them to collide, exernal factors outside of
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the system's control, such as falls and the movement of the qmosing team's agents,
still result in occasional collisions. To minimize the potetial for these collisions
the agents employ an active collision avoidance system. Wimean obstacle, such
as a teammate, is detected in an agent's path the agent will aempt to adjust its
path to its target in order to maneuver around the obstacle. This adjustment is
accomplished by de ning two thresholds around obstacles: groximity threshold
at 1.25 meters and acollision threshold at .5 meters from an obstacle. If an agent
enters the proximity threshold of an obstacle it will adjust its course to be tanget
to the obstacle thereby choosing to circle around to the righor left of said obstacle
depending on which direction will move the agent closer to is desired target. Should
the agent get so close as to enter theollision proximity of an obstacle it must take
decisive action to prevent an otherwise imminent collisionfrom occurring. In this
case the agent combines the corrective movement brought alb by being in the
proximity threshold with an additional movement vector directly away from the ob-
stacle. FigureD.1 illustrates the adjusted movement of an agent when attempting

to avoid a collision with an obstacle.

D.1.3 Ball Facing

When an agent is assigned to move to a new role position on theeld, as described
in Section 7.1, the agent both turns toward and moves to the new target positon
as described in AppendixA.1.1. Once the agent gets within .5 meters of its target
role position it no longer attempts to face in the direction of its target position,
however, and instead turns to face the ball as it nishes mowng toward its target.
This change in the position the agent is facing is done so thaslight adjustments to

an agent's target, brought about by small movement or noisem the position of the
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Figure D.1: Collision avoidance examples where agent A is &veling to target T but
wants to avoid colliding with obstacle O. The top diagram shovs how the agent's
path is adjusted if it enters the proximity threshold of the obstacle while the bottom
diagram depicts the agent's movement when entering thecollision threshold. The
dotted arrow is the agent's desired path while the solid arrov is the agent's corrected
path to avoid a collision.
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ball, do not result in sudden quick turns in place that might destabilize the agent
as it adjusts its position to the revised target. Facing the hball when stopped also
allows for agents to quickly move to the ball, without needing to turn, should they

become the closest agent to the ball as determined in AppenxdiD.1.1.

D.1.4 Ball Approach

When the agent approaches the ball to dribble or kick the ballit moves toward a
target position a little behind the ball that is in line with t he direction the agent
wants to move the ball. Should the agent be in front of the ball meaning that if it
were to walk straight to its desired target behind the ball it would end up walking
through the ball, the agent instead picks a target to move to that is .5 meters either
left or right from the ball along a line perpendicular to the direction from the agent
to the ball. This target provides a waypoint for the agent to move through, along
an e cient path around the ball, as opposed to directly walki ng up to the ball and
then having to walk all the way around it.

If an opponent agent is within a meter of the ball, and the ballis between the
opponent agent and our goal, it is likely that the opposing a@nt is going to move
the ball toward our goal. If our agent were to walk straight toward the ball, and
the opponent agent does start dribbling, chances are that tle opponent agent will
move the ball past our agent and need to be chased after. Our &gt recognizes this
situation when going to the ball and adjusts its target position to be further behind
the ball, and along the anticipated path that the opponent agent is projected to
dribble the ball, so as to be position to intercept the ball stould the opponent agent
move it. This target adjustment can be thought of as approacting the ball with a

good angle for pursuit.
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D.1.5 Re ex-based Strategy for Navigation with the Ball

By default our agents attempt to drive (move) the ball toward the opponent's goal
with the target destination being the center of the opponents goal. However, in
many cases, the fastest way to drive a ball to this target poimis di erent than just
dribbling/kicking it directly to the target. For instance, when the agent is approxi-
mately aligned behind the ball facing the target direction, frequently it is faster to
start dribbling the ball and slightly adjust the path of the b all while dribbling, then
trying to align exactly in the target direction before start ing to dribble. Other times
when it is better to start dribbling the ball immediately, in stead of waiting to align
in the target direction, include when an opponent is close byand there is no time
to turn to face the exact target direction, and when an opponeit is blocking the
path to the target. This section describes a simple, re ex-lased navigation strategy
used when driving the ball.

The general idea behind this strategy is that given a desiredarget direction
for the ball to move in, and given the agent's current direction facing the ball, a
decision is made as to whether the agent should just move thedil in the direction of
its current heading based on the current state of the game. TIs strategy is encapsu-
lated in a function named shouldMoveBalllnCurrentDirection() which returns true
when the agent should move the ball forward along its currentdirection relative to

the ball. This function is roughly implemented as follows:

function shouldMoveBallinCurrentDirection(agentDirec tion,
desiredDirection, ...)
if ballWouldGolnsideGoal
return true;

else if ballGoingOutsideFieldBounds
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return false;
else if agentDirection is too backwards
return false; /l allow to dribble only mildly backwards
else if opponentsAreFar
return false; /I we have time to better align
else if opponentGetsClose
and opponentDoesNotBlockAgentPath
and goingForwardGetsBallCloserToOpponentGoal
return true;

else if opponentlsNearBall

return true; /l do not let opponent reach the ball
else
return false; /I on all other cases, try to align better

Using this method, the agent is able to quickly navigate betveen obstacles,
without the need for a complex path planning algorithm. Note that at each moment,
the agent ignores all but the closest obstacle, making this ae ex-based strategy

rather than a planning with lookahead strategy.

D.1.6 Dribbling

Dribbling the ball amounts to walking through the center of t he ball in the desired
direction that the agent wants to move the ball. When the agen is close to the
ball, and is attempting to position itself behind the ball, it always faces the ball,
as mentioned in AppendixA.1.1, so that it can quickly walk forward and move the

ball should an opposing agent approach. When circling the bi&ito dribble the agent
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uses collision avoidance (AppendixD.1.2) with a proximity threshold of .5 meters

and a collision threshold of .35 meters to avoid running into the ball.

D.2 Kicking Strategy

The following subsections describe the UT Austin Villa teanis strategy for kicking
the ball using the team's walk engine discussed in SectioB.2.7. These strategy
considerations include when to kick the ball in Appendix D.2.1, where to kick the

ball and passing in AppendixD.2.2, and set plays in Appendix D.2.3.

D.2.1 When to Kick

Before deciding where to kick the ball, rst a decision must be made as to whether
to kick or dribble the ball. The 2014 UT Austin Villa team chos e to always dribble
if an opponent is within two meters of the ball|it was assumed that an agent might
not have enough time to complete a kick if an opponent is lesshan two meters from
the ball.

Rather than using a hand-picked value to determine if there $ enough time
to kick the ball, the 2015 UT Austin Villa trained a logistic r egression classi er
to predict the probability of a kick being successful given te current state of the
world.>® To do so, the team played many games against a common opponeitt
which agents were instructed to always try and kick the ball. During the course of
kick attempts the following state features were recorded ad then labeled as positive

or negative kick examples based on whether kick attempts wer successful.

1. Dierence between angle of ball and the orientation of agat

2. Di erence between angle of kick target and orientation ofagent

%8 Thanks to Jason Liang for training the logistic regression cla ssi er.
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3. Angle di erence between closest opponent to ball (OPP*) and ball from agent's

point of view

4. Di erence between angle of ball (from OPP*'s point of view) and the orientation

of OPP*
5. Is OPP* fallen or not
6. Magnitude of OPP* velocity
7. Angle between OPP* velocity and ball velocity
8. Distance from agent to ball / OPP* distance to ball
9. Distance from agent to ball / OPP* distance to agent
10. OPP* distance to ball / OPP* distance to agent
11. Distance from agent to ball - OPP* distance to ball
12. Distance from agent to ball - OPP* distance to agent
13. OPP* distance to ball - OPP* distance to agent
14-24. Same features as 3-13 except OPP* is the second cldsagponent to ball
25-35. Same features as 3-13 except OPP* is the third closespponent to ball

The output from a trained classi er is a probability of a kick attempt being
successful. A threshold value for this probability, for which kicks are attempted
when the probability of a successful kick exceeds this valyewas chosen after ex-
perimenting with di erent threshold values while playing 100s of games against
multiple opponents. Metrics monitored during these games wre average goal di er-

ential, number of kicks performed, goals against, and the prbability of a tie or loss.
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Figure D.2 shows example data for these metrics when playing against aoonmon

opponent using di erent classi er thresholds for deciding when to kick.

Figure D.2: Data for average goal di erential (green), number of kicks performed
(yellow), goals against (light blue), and the probability of a tie or loss (dark blue)
when playing against the apollo3d team using di erent classer thresholds for de-
ciding when to kick.

D.2.2 Where to Kick the Ball and Passing

For the 2015 competition the UT Austin Villa team added a set of 13 new kicks to its
agents with each of the kicks optimized to travel a xed distance of 3to 15 metersin 1
meter increments. This series of new variable distance kickallow a robot to kick the
ball within half a meter of any target 2.5 to 15.5 meters away. The kicks, represented
as a series of parameterized joint angle poses as discussedSection 8.2.6, were
optimized using the CMA-ES algorithm [57] and the team'’s optimization framework
incorporating overlapping layered learning presented in @apters 3 and 4. During
learning of ad meter kick the robot attempts to kick the ball to a target position d
meters directly in front of the robot, and a kick attempt is aw arded a negative tness
value equal to the euclidean distance of the ball relative tahe target position. Each

kick was optimized for 400 generations of CMA-ES with a popuition size of 150.
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After optimization of each kick the top 300 highest tness kick parameter sets were
evaluated again over 300 kick attempts each to check for coistency. Finally, a
parameter set with both high accuracy and low variance for tte target distance was
identi ed from collected data and chosen as the kick to use. Tis learning process
was performed for each kick distance, and run across all ve &éterogeneous agent
types, resulting in a total of 13 X 5 = 65 kicks learned.

Variable distance kicks allow for a richer set of passing opbns as robots can
select from many potential targets to kick the ball to as show in Figure D.3. When
deciding where to kick the ball, the UT Austin Villa agent rs t checks to see if it
can kick the ball and score from the ball's current location. If the agent thinks it
can score then it tries to do so. If not, the agent then samplekicking the ball at
targets in 10 degree direction increments and, for all viak# kicking direction targets
(those which don't kick the ball out of bounds or too far backwards), the agent
assigns each a score based on Equatiah1l. The location with the highest score is
chosen as the location to kick the ball to. EquationD.1 rewards kicks for moving
the ball toward the opponent's goal, penalizes kicks that hae the ball end up near
opponents, and also rewards kicks for landing near a teammat All distances in

Equation D.1 are measured in meters.

k opponentGoal targetk
score (target) = 8opp2 Opponents max(25 k opp targetk?;0) (D.1)

+max(10 k closestTeammateToTarget targetk;0)

Once an agent has decided on a target to kick the ball at it thenbroadcasts
this target to its teammates. A couple agents then use \kick anticipation" where

they run toward locations on the eld that are good for receiving the ball based on
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Figure D.3: Potential kick target locations with lighter ci rcles having a higher score.
The highest score location is highlighted in red.

the ball's anticipated location after it is kicked. >’ The agents assigned to run to these
anticipated positions are chosen by a dynamic role assignmé system described in
Chapter 7. Also, agents avoid getting in the way of the projected trajectory of the

ball before it is kicked to prevent them from accidentally blocking the kick.

D.2.3 Set Plays

During the 2014 RoboCup competition the UT Austin Villa team used a multi-
robot behavior to score goals immediately o an indirect kicko as discussed in
Section4.1.3 This behavior consisted of having one robot lightly touch the ball be-

fore a second robot kicked the ball into the opponent's goal As rules were changed

"Videos of kick anticipation being used for passing can be fourd at
http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/AustinVilla3DSimulationFiles/
2014/html/kickanticipation.html
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for the 2015 competition, and now a teammate is required to tach the ball outside
of the center circle before a goal can be scored, this kicko actic is no longer allowed.
Instead the team created legal set plays for kicko s to try and quickly score.

The rst kicko set play, shown in Figure D.4, has the player taking the
kicko kick the ball slightly forward and to the left or right side of the eld to a
waiting teammate ready to run forward and take a shot. The player taking the
kicko chooses which side target to kick the ball to based on vhich target is furthest
from any opponent. If there are opponents near both side targes then the player
taking the kicko instead chooses the kicko set play shown in Figure D.5. In this
set play the ball is rst kicked backwards and to the side to a waiting teammate.
The player who receives this backwards pass then kicks the tigorward and across
to the other side of the eld where a teammate is waiting for a pass. It is expected
that the player who receives the second pass will be in a goodagition to take a
shot on goal as opponent agents will have been drawn to the o#r side of the eld
after the initial backwards pass o the kicko .

In addition to kicko set plays, the UT Austin Villa team also created set
plays for o ensive corner kicks. These set plays, shown in Fjure D.6, consist of
having three teammates move to positions on the midline at tle center and both
sides of the eld. The player taking the corner kick chooses ¢ kick the ball to
whichever of these three players is most open. If none of theplayers are open then
the player taking the corner kick just chooses the default ogion of kicking the ball

to a position in front of the goal where several teammates arevaiting.
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Figure D.4: Kicko set play to the sides. Yellow lines represent passes and orange
lines represent shots. Dashed red lines represent agent mament.

Figure D.5: Kicko set play for passing backwards. Yellow lines represent passes
and orange lines represent shots. Dashed lines representeary movement (red for
teammates and blue for opponents).
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Figure D.6: Corner kick set plays. Yellow lines represent pases and orange lines
represent shots. Dashed red lines represent teammate movemt. In the example
shown the ball would be passed to the teammate waiting for théall near the bottom
of the image as that teammate is most open.

All set plays require passing the ball to speci ¢ locations o the eld though
the use of learned variable distance kicks discussed in Appdix D.2.2. Approaching
and kicking the ball must be quick as a team has only 15 second® kick the ball

once a set play starts.

D.3 Goalie

The goalie is the last line of defense and is the only agent allved to purposely
dive to try and stop a ball when the opposing team shoots on gda The following

sections describe the behavior of the goalie.
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D.3.1 Positioning

The goalie agent is designed to stay on a line .5 meters abovésiown goal line
and always position itself between the ball and the goal so ato minimize the
maximum angle between either goal post, ball, and the goalieAs the goalie moves
it is instructed to always face the ball so that it can both keep track of the current
position of the ball and also be in position to dive left or right at angles perpendicular
to the direction of the ball for maximum angular coverage. Stould the ball enter the
goal box, and the goalie is determined to be the closest agemd the ball, the goalie
will assume theonBall role (discussed in Sectior7.1) and go to the ball. Otherwise
the goalie is instructed to always stay within its goal box ard position itself to best

be ready to block shots.

D.3.2 Kalman Filter

The goalie needs to quickly and accurately respond to ballsraveling in toward the
goal. Because accuracy is paramount in the estimation of théall's position, and
the goalie needs a way of smoothing out noise present in obsetions of the ball's

location, the goalie uses a Kalman lIter to track the ball's position and velocity.

D.3.3 Dives

The goalie is equipped with a special set of diving skills in aler to e ectively use its
body to stop a ball that is headed toward the goal. Since the galie tracks the ball
velocity with a Kalman Iter (Appendix D.3.2), these dives are invoked only when
the goalie evaluates that the ball is indeed headed with a céain threshold velocity
toward the goal; otherwise, the goalie merely intercepts tle ball by running toward

it.
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The key desiderata of a dive are that the goalie lower its bodyto the ground
as quickly as possible, and that the angular range the goaliés able to \cut o "
with its dive be as large as possible. We achieve these two ddijtives by designing
three separate types of dives for the goalie; screenshots tifese dives are depicted
in Figure D.7. Figure D.7(a) shows a \central split", which results in the goalie
reaching the ground with its legs split. This dive is programmed as a sequence of
keyframes mainly manipulating joints in the robot's legs. Snce the keyframes have
left-right symmetry, the robot remains more-or-less centeed at its original position
when its legs split and touch the ground. FigureD.7(b) shows a slight variation, a
\side-wards split" that is essentially the same as a centralsplit, but by introducing
slight asymmetry in the keyframes of the skill, results in a ret displacement of
the robot either to the left or the right. Both the central and the side-ward splits
typically take less than 1.5 seconds to complete. The third &ing skill, shown in
Figure D.7(c), is a more human-like lateral lunge, which accomplishes sig cantly

larger lateral coverage than the side-wards dive.

(a) Central split (b) Side-wards split (c) Lateral lunge

Figure D.7: Screenshots of the goalie diving.

The strategy controlling the goalie's dives is dependent orthe Kalman lter's

prediction of the ball's trajectory. Depending on the line predicted to be taken by the
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ball, as well as the ball's speed, a manually designed set afiles determines whether
a dive is to be undertaken, and if so, which of the ve availabk dives (central split,

left-wards split, right-wards split, left lunge, right lun ge) is to be deployed.
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Appendix E

RoboCup Competition Results

This appendix provides RoboCup competition results of the Ul Austin Villa RoboCup
3D simulation team from 2011{2017. During those seven yearthe team won the
competition six times while nishing second in 2013. Acrosshose competitions the
team accrued a record of 124 wins, 3 losses, and 6 ties, and s a total of 640
goals while only conceding 7. In addition to the main RoboCupcompetition, the
UT Austin Villa RoboCup 3D simulation team has also particip ated in and won
the IranOpen RoboCup competition every year from 2012{2017 During those Iran-
Open competitions the team accrued an undefeated record of07wins and 3 ties,
and scored a total of 348 goals without conceding any.

The relatively few number of games played at competitions, oupled with the
complex and stochastic environment of the RoboCup 3D simuleor, make it di cult
to determine one team being better than another team by a staistically signi cant
margin. At the end of every competition however, all teams ae required to release

their binaries used during the competition®® Using these released binaries, we are

8 Released binaries from competitions are available at
https://chaosscripting.net/files/competitions/RoboCup/WorldCup/
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able to play many games after competitions have ended to futier analyze the results
of competitions. In addition to the following sections providing competition results
and analysis, Appendix E.8 lists members of the UT Austin Villa RoboCup 3D

simulation team who have been instrumental in the team's sucess.

E.1 2011 RoboCup Competition

The main changes for the 2011 RoboCup competition format fron the previous
year's competition were to add players increasing the sizefdeams from 6 to 9, and
to increase the size of the eld from 18 m X 12m to 21m X 14m in legth and
width.

UT Austin Villa won all 24 of its games during the RoboCup 2011 3D simu-
lation competition, scoring 136 goals and conceding none §].>° In order to validate
the results of the competition, in Table E.1 we show the performance of our team
when playing 100 games against each of the other 21 teams' eslsed binaries from
the competition. UT Austin Villa won by at least an average goal di erence of 1.45
against every team. Furthermore, of these 2100 games playdd generate the data
for Table E.1, our agent won all but 21 of them which ended in ties (no lossgs The
few ties were all against three of the better teams: apollo3dboldhearts, and robo-
canes. We can therefore conclude that UT Austin Villa was therightful champion
of the competition.

UT Austin Villa's performance at the 2011 RoboCup competition was a
massive improvement in the team's performance at the 2010 eopetition in which
the team nished with a record of 4 wins, 6 losses, and 1 tie whé scoring 11 goals and

conceding 17. The primary reason for the team's improvementvas the development

*9Results of every game played by UT Austin Villa at the 2011 Rob oCup competition available
at http://www.cs.utexas.edu/  ~AustinVilla/?p=competitions/RoboCupll
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Table E.1: UT Austin Villa's 2011 released binary's performance when playing 100
games against the released binaries of all other teams at RolCup 2011. This data
includes place (the rank|or range of a rank if multiple teams were eliminated from

the competition at the same time|a team achieved at the competition) and average

goal di erence (values in parentheses are the standard err.

] Opponent | Place| Avg. Goal Di. |
apollo3 3 1.45 (0.11)
boldhearts 5-8 2.00 (0.11)
robocanes 5-8 2.40 (0.10)
cit3d 2 3.33(0.12)
fcportugal3d 5-8 3.75 (0.11)
magmao enburg | 9-12 4.77 (0.12)
oxblue 9-12 4.83 (0.10)
kylinsky 4 5.52 (0.14)
dreamwing3d 9-12 6.22 (0.13)
seuredsun 5-8 6.79 (0.13)
karachikoalas 13-18 6.79 (0.09)
beestanbul 9-12 7.12 (0.11)
nexus3d 13-18 7.35 (0.13)
hfutengine3d 13-18 7.37 (0.13)
futk3d 13-18 7.90 (0.10)
naoteamhumboldt | 13-18 8.13 (0.12)
nomofc 19-22 10.14 (0.09)
kaveh/rail 13-18 10.25 (0.10)
bahia3d 19-22 11.01 (0.11)
I3msim 19-22 11.16 (0.11)
farzanegan 19-22 11.23 (0.12)
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and optimization of an omnidirectional walk engine [L03 (discussed in Sectior8.2.5
and Appendix A.1). The 2011 team was able to beat a team using the 2010 team's
xed frame walk [ 172 by and average goal di erence of 6.32 goals across 100 games

with a standard error of 0.13.

E.2 2012 RoboCup Competition

The 2012 competition saw the addition of two more players to ach team from 2011
allowing for full 11 vs 11 games, and also an increase in thezs of the eld from
21m X 14mto 30m X 20m in length and width.

In winning the 2012 RoboCup competition UT Austin Villa nis hed with a
record of 12 wins, 2 losses, and 3 tiesl(4.° During the competition the team
scored 39 goals and only conceded 4. This performance was nogarly as dominant
of a performance as was seen in the 2011 competition when theam won all 24
games it played while scoring 136 goals and conceding noneev&ral reasons can be
attributed to this dip in performance. There was a general derease in goals scored
during the tournament due to the larger eld and increase in the number of agents
on a team. Additionally early in the tournament there were network problems
causing instability that resulted in many teams' agents losng their balance and
having trouble walking. This instability was very noticeable during the rst round
when UT Austin Villa su ered both of its losses. UT Austin Vil la eventually beat
both the teams it lost to (magmaO enburg and RoboCanes) during the semi nals
and nals rounds. A large amount of credit must also be given b the other teams
in the tournament as they exhibited a substantial improvement in overall play from

the previous year.

®0Results of every game played by UT Austin Villa at the 2012 Rob oCup competition available
at http://www.cs.utexas.edu/  ~AustinVilla/?p=competitions/RoboCup12
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As seen in TableE.2, the 2012 UT Austin Villa team was only able to beat
the released binary of the 2012 2nd place team (RoboCanes) n average of 0.88
goals and tied them 32 times across 100 games. Although the tiin Table E.2
shows that UT Austin Villa winning the 2012 RoboCup competition was statistically
signi cant, and that the team didn't lose any games or concee any goals when
playing 100 games against the other top teams' released binias, there was a decent
chance of the tournament being decided by penalty kicks dued UT Austin Villa
tying the 2nd place team almost 1/3 of the time. It is thus not surprising that the
championship game wasn't decided until the second half of @xa time (which UT

Austin Villa won 2-0).

Table E.2: UT Austin Villa's 2012 released binary's performance when playing 100
games against the released binaries of the 2nd, 3rd, and 4tHares teams at RoboCup
2012. This data includes place (the rank a team achieved at t& competition),
average goal di erence (values in parentheses are the staadd error), win-loss-tie
record, and goals for/against.

] Opponent [ Place| Avg. Goal Di. |Record (W-L-T) [Goals (F/A) |
RoboCanes 2 0.88 (0.08) 68-0-32 88/0
Bold Hearts 3 1.64 (0.09) 89-0-11 164/0

magmaO enburg 4 1.87 (0.10) 94-0-6 187/0

The main changes to the 2012 UT Austin Villa team from the previous year
were to improve the teams kicko , formations, and getup behaviors [104. The 2012
team, when computing the combined average goal di erence &kr playing 100 games
against each of the other three teams in the semi nals listedn Table E.2, had an
average goal di erence 0.54 goals greater than that of a veisn of the 2012 team

without these improvements.
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E.3 2013 RoboCup Competition

At the 2013 RoboCup competition two new robot body types wereintroduced: one
with longer legs and arms and another with quicker moving fee Teams were given
the option of using up to three robots each of the new robot bog types, however
there was no requirement to do so.

UT Austin Villa took second place at the RoboCup 2013 competiion n-
ishing with a record of 19 wins, 1 loss, and 1 ti®l The team scored a total of 67
goals without conceding any until the nal match which it nar rowly lost 0-1. In
order to validate the results of the competition, in Table E.3 we show the results
of the UT Austin Villa team playing at least 100 games againsteach of the other
participating teams' released binaries. UT Austin Villa had a positive average goal
di erence against all of the other teams, and only had a 5% chance of losing to
the the rst and third place teams.

The main source of improvement from the previous year's teanwas the opti-
mization of skills for the new robot body models. The 2013 tem, when computing
the combined average goal di erence after playing 1000 ganseagainst the rst and
third place teams' release binaries listed in TableE.3, had an average goal dier-
ence 0.297 goals greater than that of the 2012 team when playgy against the same

binaries.

E.4 2014 RoboCup Competition

The 2014 RoboCup competition brought about the introduction of two additional

robot body types: one with even longer arms and legs and anotir with a toe on

®1Results of every game played by UT Austin Villa at the 2013 Rob oCup competition available
at http://www.cs.utexas.edu/  ~AustinVilla/?p=competitions/RoboCup13
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Table E.3: UT Austin Villa's 2013 released binary's performance when playing
at least 100 games against the released binaries of all othéeams at RoboCup
2013. This data includes place (the rank|or range of a rank if multiple teams
were eliminated from the competition at the same time|a team achieved at the
competition), average goal di erence (values in parenthess are the standard error),
win-loss-tie record, and goals for/against.

\ Opponent [ Place| Avg. Goal Di. |Record (W-L-T) [Goals (F/A) |
FCPortugal 3 0.465 (0.023) 459-52-489 633/168
Apollo3D 1 0.698 (0.027) 568-50-382 858/160
SEUJolly 4 1.133 (0.027) 772-13-215 1185/52
magmaO enburg | 5-8 | 1.447 (0.026) 887-0-113 1457/10
Bold Hearts 5-8 1.607 (0.029) 908-0-92 1607/0
RoboCanes 5-8 1.828 (0.031) 974-0-26 1830/2
Karachi Koalas 5-8 2.507 (0.031) 994-0-6 2509/2
ITAndroids 9-12 4.200 (0.080) 100-0-0 420/0
HfutEngine3D 9-12 4.530 (0.086) 100-0-0 453/0
Photon 9-12 4.590 (0.081) 100-0-0 459/0
ODENS 13-16 4.820 (0.092) 100-0-0 482/0
FUT-K 13-16 5.440 (0.084) 100-0-0 544/0
Paydar3D 9-12 | 5.990 (0.099) 100-0-0 599/0
L3MSIM 13-16 6.050 (0.098) 100-0-0 605/0
Mithras3D 13-16 8.330 (0.098) 100-0-0 833/0
Bahia3D 17 9.800 (0.110) 100-0-0 980/0

each foot. Unlike in the previous year's competition, teamswere required to use
di erent robot body types as described in Section2.2.

In winning the 2014 RoboCup competition UT Austin Villa nis hed with
an undefeated record of 13 wins and 2 ties1p9.%% During the competition the
team scored 52 goals without conceding any. In order to validte the results of the
competition, in Table E.4 we show results of UT Austin Villa playing 1000 games
against each of the other 11 teams' released binaries from ghcompetition.

UT Austin Villa nished with at least an average goal di eren ce greater than

®2Results of every game played by UT Austin Villa at the 2014 Rob oCup competition available
at http://www.cs.utexas.edu/  ~AustinVilla/?p=competitions/RoboCupl4
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Table E.4: UT Austin Villa's 2014 released binary's performance when playing 1000
games against the released binaries of all other teams at RolCup 2014. This data
includes place (the rank|or range of a rank if multiple teams were eliminated from
the competition at the same time|a team achieved at the competition), average
goal di erence (values in parentheses are the standard errd, win-loss-tie record,
goals for/against, and the percentage of own kicko s which the team scored from.

| Opponent  |Placg Avg. Goal Di. Record (W-L-T) Goals (F/A) KO S core %
BahiaRT 5-8 | 2.075 (0.030) 990-0-10 2092/17 96.2
FCPortugal 4 2.642 (0.034) 986-0-14 2748/106 83.4
magmaO enburg| 3 | 2.855 (0.035) 990-0-10 2864/9 88.3
RoboCanes 2 3.081 (0.046 974-0-26 3155/74 69.4
FUT-K 5-8 | 3.236 (0.039) 998-0-2 3240/4 96.3
SEUJolly | 5-8 | 4.031 (0.062) 995-0-5 403473 87.6
KarachiKoalas | 9-12| 5.681 (0.046) 1000-0-0 5682/1 87.5
ODENS 9-12| 7.933 (0.041) 1000-0-0 7933/0 92.1
HfutEngine 5-8 | 8.510 (0.050) 1000-0-0 8510/0 94.7
Mithras3D 9-12 | 8.897 (0.041) 1000-0-0 8897/0 90.4
L3M-SIM 9-12 | 9.304 (0.043) 1000-0-0 9304/0 93.7

two goals against every opponent. Additionally UT Austin Vi lla did not lose a single
game out of the 11,000 that were played in TableE.4. These game results show that
UT Austin Villa winning the 2014 competition was far from a chance occurrence.
UT Austin Villa also won the league technical challenge|int roduced for the rst
time|consisting of three separate challenges: running robot challenge ( rst place),
drop-in player challenge ( rst place), and free challenge §econd place) 105.

A key to the team winning the competition was the use of overlgping layered
learning as described in Chapter4, and in particular new longer kicks with kick
anticipation for passing (described in AppendixD.2.2), the ability to score on kicko s
(discussed in Sectiord.1.3), and use of the robot body model with toes increased the
team's performance L05. The 2014 UT Austin Villa team improved substantially
from the previous year as it was able to beat the team's 2013 send place binary

by an average of 1.525 goals (with a standard error of 0.034)ver 1000 games, and
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also beat the 2013 rst place team (Apollo3D) by an average oR.726 goals (with a

standard error of 0.041) across 1000 games.

E.5 2015 RoboCup Competition

The primary change for the 2015 RoboCup competition was to rquire that an
opponent rst touches the ball, or a teammate touches the bal outside the center
circle, before a goal can be scored on a kicko. This rule wasdded to prevent
the ability to use multiagent behaviors to score directly o kicko s as described in
Section4.1.3

In winning the 2015 RoboCup competition UT Austin Villa nis hed with a
perfect record of 19 wins and no losse¥. During the competition the team scored
87 goals while only conceding 1. In order to validate the redts of the competition,
in Table E.5 we show results of UT Austin Villa playing 1000 games againseach
of the other 11 teams' released binaries from the competitin.

UT Austin Villa nished with at least an average goal dieren ce greater
than two goals against every opponent. Additionally UT Austin Villa only lost 7
games out of the 11,000 that were played in Tabld=.5 with a win percentage greater
than 92% against all teams. These results show that UT AustinVilla winning the
2015 competition was far from a chance occurrence. UT AustiVilla also won the
league technical challenge consisting of three separate allenges (the team took rst
place in each of them): free challenge, kick accuracy chalge, and drop-in player
challenge [L0§.

A large factor in UT Austin Villa's success in 2015 was improements in

kicking and the coordination of set plays described in Appedix D.2.3 [10§. The

®3Results of every game played by UT Austin Villa at the 2015 Rob oCup competition available
at http://www.cs.utexas.edu/  ~AustinVilla/?p=competitions/RoboCup15
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Table E.5: UT Austin Villa's 2015 released binary's performance when playing 1000
games against the released binaries of all other teams at RolEup 2015. This
data includes place (the rank a team achieved at the competibn), average goal
di erence (values in parentheses are the standard error), \m-loss-tie record, and
goals for/against.

] Opponent | Place| Avg. Goal Di. |Record (W-L-T) [Goals (F/A) |
FUT-K 2 2.082 (0.036) 927-2-71 2178/96
FCPortugal 3 2.399 (0.040) 945-4-51 2624/225
BahiaRT 4 2.496 (0.044) 944-1-55 2501/5
Apollo3D 5 3.803 (0.046) 995-0-5 3805/2
magmaO enburg 6 4.167 (0.051) 999-0-1 4171/4
RoboCanes 7 4.187 (0.049) 998-0-2 4235/48
Nexus3D 8 5.571 (0.044) 1000-0-0 5573/2
CIT3D 9 6.321 (0.050) 1000-0-0 6321/0
ITAndroids 11 10.125 (0.041) 1000-0-0 10125/0
Miracle3D 12 10.521 (0.056) 1000-0-0 10521/0
HfutEngine3D 10 11.897 (0.068) 1000-0-0 11897/0

2015 UT Austin Villa team improved dramatically from 2014 as it was able to beat
a version of the team's 2014 champion binary that does not agmpt the now illegal
behavior of scoring on a kicko by an average of 1.838 goals (ith a standard error

of 0.047) across 1000 games.

E.6 2016 RoboCup Competition

The main changes for the 2016 RoboCup competition were to peilize robots for
charging into each other through the use of an automated refee foul model, and also
to make free kicks indirect|a goal can not be scored until a second player touches
the ball after it is kicked. These changes promoted better py by discouraging
players from running into each other and encouraging more pssing respectively.

In winning the 2016 RoboCup competition UT Austin Villa nis hed with a
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perfect record of 14 wins and no losse¥. During the competition the team scored
88 goals while only conceding 1. In order to validate the redts of the competition,
in Table E.6 we show results of UT Austin Villa playing 1000 games againseach

of the other eight teams' released binaries from the competion.

Table E.6: UT Austin Villa's 2016 released binary's performance when playing 1000
games against the released binaries of all other teams at RolCup 2016. This data
includes place (the rank a team achieved at the 2016 competiin), average goal
di erence (values in parentheses are the standard error), w-loss-tie record, and
goals for/against.

| Opponent | Place| Avg. Goal Di. |Record (W-L-T) [Goals (F/A) |
FUT-K 2 1.809 (0.036) 888-3-109 1872/63
FCPortugal 3 2.431 (0.040) 954-1-45 2452/21
BahiaRT 4 3.123 (0.040) 985-0-15 3123/0
magmaO enburg 5 3.921 (0.049) 996-0-4 3926/5
KgpKubs 8 7.728 (0.046) 1000-0-0 772971
ITAndroids 6 9.022 (0.053) 1000-0-0 9024/2
HfutEngine3D 9 10.192 (0.056) 1000-0-0 10192/0
Miracle3D 7 11.126 (0.059) 1000-0-0 11126/0

UT Austin Villa nished with at least an average goal di eren ce greater than
1.8 goals against every opponent. Additionally UT Austin Villa only lost 4 games
out of the 8000 that were played in Table E.6 with a win percentage greater than
88% against all teams. These results show that UT Austin Vil winning the 2016
competition was far from a chance occurrence. UT Austin Vila also won the league
technical challenge consisting of three separate challeeg (the team took rst place
in each of them): free challenge, keepaway challenge, and @&bo running robot
challenge [L14].

A critical component in UT Austin Villa's success in 2016 wasthe incor-

poration of a marking system using prioritized role assignment [113 detailed in

% Results of every game played by UT Austin Villa at the 2016 Rob oCup competition available
at http://www.cs.utexas.edu/  ~AustinVilla/?p=competitions/RoboCupl6
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Section7.3. The 2016 UT Austin Villa team also improved dramatically from 2015
as it was able to beat the team's 2015 champion binary by an avage of 0.561 goals

(with a standard error of 0.029) across 1000 games.

E.7 2017 RoboCup Competition

Outside of a few bug xes to the server, the removal of crowdilg rules (previously too
many players crowded around the ball caused a player to be peatized and beamed
to the sideline), and a couple small changes to the chargingotil model, the 2017
RoboCup competition environment was unchanged from the preious year.

In winning the 2017 RoboCup competition UT Austin Villa nis hed with a
perfect record of 23 wins and no losse®. During the competition the team scored
171 goals while conceding none. UT Austin Villa also won the dague technical
challenge consisting of three separate challenges (the teatook rst place in each
of them): free challenge, Gazebo running robot challenge,ral passing and scoring
challenge. As of the time of writing this dissertation the binaries of the other teams
participating in the 2017 competition have yet to be releasé, and thus we are not
yet able to compare the performance of our team when playinghousands of games
against the other teams' released binaries.

An important factor in UT Austin Villa's success in 2017 was the introduction
of a fast walking kick that does not require the robot to assune a standing position
before kicking, takes less than 0.25 seconds to execute, andn kick the ball over 18
meters. The 2017 UT Austin Villa team improved dramatically from 2016 as it was
able to beat the team's 2016 champion binary by an average of.239 goals (with a

standard error of 0.039) across 1000 games.

®SResults of every game played by UT Austin Villa at the 2017 Rob oCup competition available
at http://www.cs.utexas.edu/  ~AustinVilla/?p=competitions/RoboCupl17
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E.8 UT Austin Villa RoboCup 3D Simulation Team

Members

The following is a list of former and past members of the UT Ausgin Villa RoboCup
3D simulation team|their combined contributions have been instrumental to the

success of the team:
Patrick MacAlpine - Graduate Student (2010-present)
Peter Stone - Professor (2007-present)
Min Bi - Undergraduate Student (2016)
Mahmut Tarik Ozkaya - Undergraduate Student (2016)
Jordan Torres - Undergraduate Student (2016)
Matt Union - Undergraduate Student (2016)
Xinyi Wang - Undergraduate Student (2016)
Josiah Hanna - Graduate Student (2015)
Jason Liang - Graduate Student (2014-2015)
Samuel Barrett - Graduate Student (2011-2014)
Mike Depinet - Undergraduate Student (2013-2014)
Andrew Sharp - Undergraduate Student (2013)
Nick Collins - Undergraduate Student (2011-2012)

Adrian Lopez-Mobilia - Undergraduate Student (2011-2012)
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Michael Quinlan - Research Scientist (2011)

Shivaram Kalyanakrishnan - Graduate Student (2007-2011)
Daniel Urieli - Graduate Student (2010-2011)

Frank Barrera - Undergraduate Student (2011)

Art Richards - Undergraduate Student (2011)

Nicu Stiurca - Undergraduate Student (2011)

Victor Vu - Undergraduate Student (2011)

Yinon Bentor - Graduate Student (2009-2010)
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Appendix F

Acronyms

| Acronym | De nition

CILB Combining Independently Learned Behaviors (Section3.3)

CLL Concurrent Layered Learning (Section 3.3)

CMA-ES Covariance Matrix Adaptation Evolution Strategy (S ection 2.1.2)

MMDR Minimum Maximal Distance Recursive (Section 5.3.1)

MMD+MSD ? | Minimum Maximal Distance + Minimum Sum Distance 2
(Section 5.3.2)

MSD Minimize Sum of Distances (Section5.4)

MSD? Minimize Sum of Distanceg (Section 5.4)

PCLL Partial Concurrent Layered Learning (Section 3.3)

PLLR Previous Learned Layer Re nement (Section 3.3)

RL Reinforcement Learning (Section2.1)

SCRAM Scalable Collision-avoiding Role Assignment with
Minimal-makespan (Chapter 5)

SLL Sequential Layered Learning (Section3.3)

232




Appendix G

Online Materials

UT Austin Villa RoboCup 3D simulation team homepage:

http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/

Information and videos on overlapping layered learning:
http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/overlappingLayeredLear

html

Information and videos of SCRAM role assignment in action, & well as C++ im-
plementations of the role assignment algorithms:

http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/scram.html

Information and videos of SCRAM prioritized role assignmen and the marking
system in action:

http://www.cs.utexas.edu/  ~AustinVilla/sim/3dsimulation/marking.html

UT Austin Villa RoboCup 3D simulation base code release:

https://github.com/LARG/utaustinvilla3d
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