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Abstract

An adaptive agent improves its performance by
learning from experience.hls paperdescribesan
approach to adaationbased omodellingdynamic
elements of the environment in order to make
predictions of likely future staterhis approachis
akin to an elite srpadthd s
p | aallewing for decisions tibe made based on
predictions of likey future outcomesviodelling of
theagent 6 s | dtakess Ipsrfornhedusingr e
Mar kov Chains and a techni
Oc c u p a n ¢ yrhe @xpérichentin this paper
compare the performance of the planning system
with and without the use dhis predictive model

The results of thestudy demonstratea surprising
decrease iperformancevhen using the predictions

of agent occupancylhe resultsare derived from
statistical analysis athe a g e mperférsiancen a

high fidelity simulation of avorld leading real robot

soccer team

pl
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The most successful sports players are often described as
having the abi liitdinstantoevaluate a d
the likely future state of the game and choose an action that
will benefit themselvesor their team Can an a
planner fAread the playo by
and adapt? While an agent may achieve acceptable
performance by representing the dynamic agents as static
elements, the agent may improve its performance by
inferring t e dynamic agent 0s st
observations.

This researchs relevant to applications ranging from
the autonomous operation of robots to the design of
nonplayer characters in computer games. For these
applications, it is typical to assess thetestaf the
environment to select appropriate actions for the agent(s).

Introduction

1.1 Adaptive Autonomous Agents
An autonomous agent is adaptive if it is capable of

improvement in achieving its goals with experiefidaes,
1994] either by increasing its performance within the
current situation or learning to handle new tasks or changes
in the environment. Adaptation is also a method for an
agent to increase its robustness and effectiveAgeview

of adaptation methods for autonomous agents can be
divided intothe following three categories. _

a Yré&chniqle€ih tReSadadtRibny réirforcBment category
directly connect
actions with a mechanism that updates way the agent
thinks. For approaches in this category, the agent does not
HMt6 unBefstand&Hé cdidd dit abia@tBtior? Roflever, it is
powerful because the agent is not limited by preconceived
notions of the environment or task.

Technigues in the adaptatidy classification category
attempt to have a predefined response or strategy for all
possible situations that might occur. This approach can
work well when the responses cover and match the
possible range of situations. Approaches in this category
contrast with the first approach as the learning or designing
phase occurs before deployment.

The third category consists of approaches that model or
predict the environment for use as a resource for future
planning. These approaches combine sensing of thenturr

state wjth anlin g: ning to make predictions about the
fut?ufre]vsgtate% ills t%i fﬁird @tegory that is the focus of this

Yt as . o .
ﬁdg%a}'oe by medeling gnd preictier i, gpatial g
ynamic environments Is a difficllt” and relativel
unexplored reseeh area. There has been significant
successful work in modelling the static features of the
e v{rogmerg, rfor %ampllﬁdq %L/I\ na igation systems
[Thrun, 2002] However, modelling”and predicting the
dynamic features of an environment, such as the other
agents, is a difficult and relatively unexplored research
area. The key it identify patterns and tendencies in the
behaviour of the dynamic features, and then to make plans
that exploit the understanding of the patterns. Neither
pattern identification nor integration of this new resource
i nto an
an agentés planner that
dynamic elements with its other resources will potentially

e
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agent 6s calyeasy.mowevgr, sy st
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be able to select more effective actions. Integrating learnt
patterns of the other
ganes and environments to improve the performance of
algorithms such as MinimgdNeumann and Morgenstern,
1944] and research has shown this givestdreresults
[Carmel and Markaitch, 1996] This paperinvestigates
whether modelling and prediction in spatial and dynamic
environments can similarly improve adaptive behaviour.
Multi-agent environments increase the difficulty in
identifying patterns in the dynamic elements dueht®
possibility of interaction and interference between agents.
Many environments require coordination of multiple
agents using either centralised or distributed planning
systems. There are many different techniques for designing
a planning system; the mdtexible ones allow integration
of new information, such as learnt exploitable patterns of
the dynamic elements, without modifying their design.
Some agents may not be under the control of the planner,
and these agents may not have the same goals dnavay
conflicting or opposing goals. In a competitive domain
where agents have opposing goals the opponent agents are
likely to hide their strategy. An example of such an
environment is where teams of agents play a modified
version of human soccer, suchiaghe RoboCup soccer
leagues.

1.2 RoboCup

Thispapemresents its results within the Small Size League
(SSL) of the international organisation Robo(HKftano,

et al, 1995] RoboCup fostexintelligent agent and robotic
research using the well known domain, sochrethe SSL
both teams have five robots that each mimtsjzally fit
inside a cylinder with a diameter of 180mm and a height of
150mm. The rules are similar to the FIFA rules for the
human version of the game, but without the offside rule
and with other changes required to make sense for wheeled
robots. The rbots are fully autonomous in the sense that
the human operators do not input any strategy or control
during play although during half time and timeouts they
may make changes. Humans referee the matches.

The introduction of the coach competition in the
RobdCup Simulation League and the development of
Coach LANGuage (CLANG) has had a significant effect
on promoting the development of systems that adapieto
behaviour of other agenf€hen et al, 2001}

Bowling et al. [2003; 2004] applied adaptation by
reinforcementto the otfine selection of team strategy
within the Small Size League environment. The basis of
the strategy system is the selection of a play from a
playbook.

There areseveral successful adaptation by classification
approaches;
[2001]adapt ati on of formati on
[2001] and Steffens[2004] predefined responses to
recognised situatian

There areseveral successful adaptation by modelling
approaches, et al.d2002]+hdaptatibni od s
formati on,
al. [2005] integration with CLANG.
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Section 2 describes the research platform, in particular,
the RoboRod® Multi-Agent Planning System The
experiments will compare its egformance with and
without the predictions.

Section 3 provides an overview of previous research
that models and predicts an
probability distributionBall and Wyeth, 2005]

Section 4 describes the methodology behind the
approach in this paper, before listing the details of the
experimets including the different predictive approaches
tested. A case study demonstrates why the predictions
result in poor performance.

Section 5 discusses the results before Section
concludes the paper.

a

2 ResearchPlatform

The research platform, the RoboRowss The University
of Queenslandds entry into th
League competitions. The experiments presented in this
paperuse t he RoboRoo0osd system
2003, operating under the 2003 rule set.

The RoboRoos are more than just a research platform;
they are a successful and respected robot soccefBedim
and Wyeth, 2004; Ballet al, 2003; Wyethet al, 2002]
The RoboRoos team retired in 2004 after seven years of
international compeiiin in which they came 2nd three
times. These results highlight the high performance of the
team.

a

2.1 Multi -Agent Planning System

The most relevantmodulédo t he RoboRoos®
paperis the MultiAgent Planning System (MAPS) which
is the highest leveplanner in the system, responsible for
distributing the overall goal of the team amongst the
individual robots[Tews, 2002] MAPS is responsible for
multi-robot coordination by selecting a role and role
parameters for each agent. MAPS uses potential fields as
the primary mechanism for determining esl The
potential fields can model the suitability of a role for the
different agents, or find suitable role parameters. MAPS
can represent features of
overlaying different potential field components.

Figure 1 shows the potential field generated to
determine the location to dribble a ball to during a robot
soccer match. The opponent és
the white circles represetihe opponents. There are several
overlapping fields at work here.

9 Basefield: This field is ramped towards the
end of the field
aemdc oRir laggesaffdi Y®Ilios® OtSowar ds

1 Clear Path: This field represents clpaths from the
opponentds goal and this
a clear shot on goal.

1 Distance From: Locations further from the ball have
values. This encourages shorter dribble
distances.
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1T Obj ect Regi ons: The

regions wih low values. This encourages dribbling to a

location away from the opposition.

9 Object Region: The dribbléo grid cell from the

previous frame is biased. This is to help prevent

oscillations between grid cells with similar values.

The white regions in #h figure represent the most
desirable areas to dribble the ball. The most desirable area
in this case is to theght of the goal where there is an
opportunity for a clear shot on goal that is well away from
ot her players (6in osmphagoalt)

mouth.

Figurel - This figure shows a potential field that
determines where to dribble the ball to. The
opponentds goal is on t
and the opponent agents are the circles. Agent 1,
who is locatd in the centre of the field, has the
ball and is assigned a dribble to command. The
lightest point in the potential field represents the
desired location to dribble to; the thin line from
agent 1 indicates this point. Note the strong effect
of the Basefiel and the clear path to the
opponentds goal .

he

3 Prediction of AgentMotion

Motion and Occupancy Grids are an extension to the
Occupancy Grid method required to deal with dynamic
agents in the environment. The Occupancy Grid method
[Elfes, 1990; Moravec and Elfes, 198®rovides a
probabilistic approach for representing how a region of
space is occupied. Representing obstacles for robot
navigation is one typical use. The occupancy grid is also
suitable for representing the probability distribution of the
space thatmagent will potentially occupy in the future.
Each grid cell will have a probability of the agent
occupying that particular location. To predict the future
state of the agent the module will model the probability of
transitioning between grid cell stateslowever, this
ignores the agentds motion
account for different motion paths through the same grid
cell. The Motion and Occupancy Grid approach extends
this method so that it can capture and represent the motion
of occupiedspace or in this case, dynamic agents.

The Motion Grid captures
of motion so that it can distinguish between different

0 p p danotom typgssthropgb a grid icedl. Fer example, ean agent

may have two motion paths through a cell, one from
bottom to top and the other from left to right. If the motion
of an agent is not captured the probability distribution will
show the predicted motion to the right and the top. The
Motion Grid allows for separation of the two motion types
through the grid ell. Figure 2 shows a graphical
representation of the Motion and Occupancy Grid cells.
The centre circle represents a stationary agent which will
maintain the same oagpancy grid state. The other cells
represent dikectigng of motiop, gvith the gomajinof possible
directions divided into equal amounts.

This approach uses the Markov Chain methodology to
connect states in time. A Markov Chain consists of a finite
number of tates and a State Transition Matrix (STM)
which contains probabilities of moving between states.
Typi cal | y behavioudsgdependéns on other
agents or other dynamaementof the environment. For
the Markov assumption to hold true, the statearemust
represent thesglements
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Figure2 - This figure shows how the state of an
agent is represented using the Motion and
Occupancy Grid. The centre circle represents
stationary and the cells surrounding the circle
representhe possible directions of motion.

3.1 Experiment

To test the prediction of agent motion approtd@hagents
play a standard game lasting twenty minutes using most of
the rules of the Small Size L
motion is modelled and predictedaBVe to the motion of
the ball.
The time between the current and next state, one time
step, is 250 milliseconds (fifteen frames). The model is
updated with the pose information from every global
external state update (60Hz). The agents are predicted
forward one second into the future (a significant time in
robot soccer) representing four steps in the Markov chain.
At the agentds top speed of I
approximately eight grid squares in the prediction time.
Eac Occupan Grid cel iapproximately the same
e Iagne{n r};\geﬁt is @\/es 1% x9F rlll sqﬁapeg.] Te@ NN
approach represents the agent
where the centre cell indicates no motion and the other
cells represent motion in
otion will be set tg stauonari if its ve ocny is below a .

thr&shofd. Irfid"thrédfold & th Jel8cﬂy wheqe ah a?ggn ig on
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just as likely to remain in its current Occupancy Grid cell
as it is to change to an adjacent cell, where the uncertainty
comes from quantisatn of position. This is half of the cell
width divided by the time step time, giving a threshold
velocity of 0.36 m/s.

The results include a First Order prediction of the
agentd6s motion. The First
that theagent will occup if it continues with its current
motion (based on the najuantised position and velocity).

If the agent is stationary then the prediction is that it will
maintain its current Occupancy Grid cell. When the agent
is in a state that it has not previouslyperienced, the
model will be unable to give aguiction. The results also
include a Stationary prediction, which is that the agent will
stay in its current grid cell. The results include anosegr

of predictions, termed Always Predicting, which uses th
First Order predictioror Stationary predictionvhen the
model is unable to give a prediction.

The resultsuse the Euclidean distance between the
actual and the predicted position (as given by a weighted
average) to determine performanéégure 3 shows the
error for the full game.

25 . . .
T e
—+— Always Predicting error

Always Predicting (Stationary) error|
2 —— Stationary error |

5

Error (grid cells)

0.5

% 2 4 s s 0 12 14 16 18 20
Time (minutes)

Figure3 1 This figure shows thaverage errors

for the prediction method$or a full twenty

minute game

These results do not reflect the usefulness of knowing
the likely paths that the agent will talkégure4 shows the
predicted probability distributions féwo instancesln the
first instance the distribution shows two possible paths
that the agent may take to acquire the ball. The second
instance shows that the agent has movéiaetcell with the
highest probability from the first instance. Note thas thi
would have given approximately a 1.5 cell erroFigure3
because of the di
the average model error (as given by the cotrge
circles).

Exploiting the predictions will assess the usefulness of
knowing the shape of the likely paths. The nsa&ttion
uses the predicted probability distributions to investigate
adaptation by prediction of agent motion.

O
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Figuredi This figure shows tha g e predéicted
occupancy for two frange separated by the
prediction time.Darker grid cells represent a
stronger predictionThe triangle represents the
first order prediction; the circle represents the
average model predictionThe second frame
shows that the agent moved in one of the
predicted paths.

4 Adaptation by Prediction of Agent Motion

The study involves integratinghe previous sections
di stributions of future
Multi-Agent Planning System (MAPS). MAPS uses
potential fields as a mechanism for determining the role
and role location based on a library of potential field
functions and abstractions to model the suitability of a role
for an agent or to find a suitable role&tion. Up until this
point, MAPS treated the effect of the opposition as small
abstract fields centred at their current location. As MAPS
uses the potential fields to determine long term plans
Brdlativ@ ® PathiplAnfing@rit @dhttol, the pPre@licted fuiure N
occupancy of the opposition seems a more appropriate
representation of the effect of the opposition. Hastion
investigates how worthwhile the predictions of occupancy
are with regard to increasing the performance of MAPS.

4.1 Prediction Study Details

MAPS selects the role and role parameter for all the agents.
For the offensive strategies used by the 2003 RoboRoos
team, the most important parameter to determine is the

occu



desired location to dribble the ball, termed the Dribble = Model Learned a priori

field. Dribbling is the most obwus candidate for the use of Like the previous method, this method integrates the
prediction. Locations for shooting will not benefit from  giscrete probability distributions describedtie previous
predictions as the ball reaches the goal in a matter of gectioni nt o the existing RoboRoC
milliseconds. Defence roles are conservative, and tend to  \APS. However, it differs in that the model of opponent

use the opponentos crisp | ¢n6tidris Rdined a@pridli®y obdeNiAgNthe dwo hehntsa d e
potential field to determine the target locations for defence. playing without either adapting and then the model is fixed
Dribbling is more speculative, and makes use of a broad o, g game while one team adapts. Havthg model
potenti al field to model ldath&d a JRidHiPvl Breviié & Methodl thdt Sepafates the
Changing this broad potential field to a more qualified  issye of insufficient learning time with adaptation based on
prediction of opponent motioseems a strong candidate prediction performance. However, note that this method is

for improving the teamo0s p e prlyQdlidBrobtdining results for thisaperas there is

Section 2.1 describes an example Dribble field. typically not an opportunity to appropriately observe and
Determining the clear paths to shoot the ball atthe goalisa mogdel the opponentsdé motion |

critical subfield to the Dribble field. There are two stepsto 3 gaji nst the RoboRoo0s® team.

build the clear p&t field. The first step is to add fields

representing the opposition agents to a blank field. The 4.2 Experimental Setup

second is to trace paths from regularIyAspaced intervals The exper.i ents use the RoborF
along the opponentos go _al t @ﬁd&%@ﬁ03t8%51$e'L§abu% ruIQs‘.JliiﬂIyﬁamhtln t ?1 €
step. MAPS also aeffecetsdeterimiee 0 p Q@ hwlerdty®nntitSs were used to test each prediction

clear paths to dribble the ball and object regions so that the method. Both teams have an equal chance of winning the

ball is not dribbled too close to the opponents. In this study, match: confirmed by comparing the mean goals scored for
instead of using the current location of the opposition, fifty games. The opponentsd |

MAPS uses the discrete probability distributionsttha  go0qnds into the futa for all of the prediction methods. In

representhe opposinggentslikely patfs. the prediction approach where the model is learned a priori

First Order Prediction the learning time was one hour. The experiments also
The RoboRoosd system has a |H]c$ugegq rgfer?nge sgtso{ PamsSt v@erq rﬁegherstgagt e
of the robots from the noisy and incomplete information adapted. . . - . .
sent by the RoboRoosdé visi ofﬁNhe.Q '%.fqr’\a/%"@ the ?rﬁdgt'orﬁic’fr%@tp °§ ©ons
prediction method usethe estimated velocities to linearly effect into the MAPS system it must weight these fields

predict the pose of the agents. This is identical to the reIatiye to the other pqtential field compor)ents. (See
method employed in the previossction The same size Section2.1 for more details.) For these experiments, the

and shape object region is built at the predicted region as welght_s were only ”"!'”'ma”Y tuned and_ were constant for
the non adapting team. The agents will some have a an _entlre implemeation testlng._ The minimal amount of
predicted position outside the field using the First Order ~ tuning was to ensure that the field has some effect on the

prediction, but the object region builder limits the effect to cFieeci_sionf._ :\QOSt not_ably thed(_llear PatE and Opponr(]en_t
onfield locations. This method is included in the egion fields were Increased In strength to account their

experiments as a baseline prediction method to compare to more .dlff.use ghstnbuuon n the adappve case. ekat
the other metbds. investigations involved tuning the weights furthas
discussed later in the paper.
Model Learning The three different prediction methods for adaptation
The Model Learning method integrates the discrete Were each tested using two different offences against two
probability distributions from the Motion and Occupancy  different defences (four of tests for each adaptation
Grids module described ithe previous sectiomto the metod). This is to test the generality of the adaptation
existing RoboRoosd pl anni ng apprpach. Ehg followingmiensiver sirategiesmtbat ¢ictaie
learns the modeldf he opponent so6 mot i Bebehaviour ofiay aftacking agery dat does not have the
experiment at the same time as MAPS is using the ball, were tested:

predictions based on the model to adapt. This is the 1 Ball Player Screening (BPS): This offence has two
primary prediction method that would be implemented for modes dependemn which team has possession of the

a competition, where the modbkal Wbenateamdgoesnpthava gossessian ofihe bail, o n
is urknown before the match. There are two an attacking agent tries to prevent the closest opponent
implementations of this method for when the model is agent to the ball from reaching the ball. The attacking
unable to provide a prediction. One uses a Stationary agent does this by moving between the ball ared th
prediction, which assumes the agent will maintain its opponent agent. When a team does have possession of
current grid location, the other uses a First Order the ball, an attacking agent tries to create more freedom
prediction, which assumes the agent will continue with for the agent that has possession of the ball. The

their current motion. attacking agent does this b

opponent to the ball.
91 Cover Screening (8§): In this offence one attacker



attempts to impede the motion of the opponent agents

that are preventing direct shots on the goal. As the agent

with the ball dribbles or passes the ball across the goal
these defensive agents typically move laterally acros
the front of their Goal
from direct shots. The attacker tries to slow down how
quickly they move into new covering positions by
holding a position on their cover path.

The following defensive strategies, that dictate the
behaviour of a defending agent that does not have the ball,
were tested:

1 Double Ball Player (DBP): MAPS assigns a tackling

agent to each side of the goal. This prevents the

screening type offences from holding the defence on
one side of their goal which wisliexpose the other side

to a fast dribble or pass across the goal. This defence

also spreads out the defence which helps avoid

situations where the defensive agents interfere with each
other.

1 Goal Side (GS): MAPS assigns the floating defence

agent to stajevel with and goal side of the opponent to

prevent them from moving across the goal face. This
can be effective as it hinders the ball moving towards
the centre of the field where there is more goal area to

shoot at. Thi s

agent who has the ball towards the edge and corner of

the field where they can be contained and tackled.

A heteroscedastic (utesigual

def emanent al s o

significantly by using the adaptation module. Negative
t-testresuts indicate a significant decrease in the goals
scored with the adaptation module. Zero indicates an
inconclusive result. The last two columns show the number

add to the fifty games in the experimeneda tied games.
The results show that the team that is adapting performs
significantly worse that the team that is not. This result can
be verified in two ways: the-test results significantly
decrease the number of goals scored by the adaptive team
and the winloss ratio of the adapting team show a
significant decline. Reading down the table, the mean goals
scores drops when using; First Order prediction by
approximately 24%, Model (Stationary) based prediction
by approximately 28%, Model (First Order)ased
prediction by approximately 32%, and Modwrsed
prediction learned a priori by approximately 43%. This
trend tends to indicate that the more accurate the
predictions, the worse the adaptation performance.

Tablel - These rests show the performance of
adapting using the various prediction methods for
the combination of the BPS and DBP strategy.
The table shows the testing combination, the
mean goals scored per game scored by both teams
@nl the rgsulty oftihe S%test. e, tatel ab&)
shows the number of wins for both teams. Note
that these may not necessarily add up to fifty

used to determine the whether the adaptation approach
improved the chance of scoring al® for each of the
offensive and defensive strategy combinations. The

experiments use a confidence level of 5% to conclude a

statistically significant change in the number of goals
scored per game from the nadaptive case. For this
experiment the nullrad alternate statistical hypothesises

are defined as:
HO i The proposed integrated prediction approach has
no effect on the number of goals scored per game.

H1 7 The proposed integrated prediction approach
increases the number of goals the adapting teamesper
game.

4.3 Case Study
This section presents the results for the experiments where

the Ball Player Screening (BPS) offence and Double Ball

% ag?rqesadHeéoé'e)d 0% udent 6s t
Testing X aoned Xnone | EtESt Wins Wins
Combination Adaptive | None
Stationary, | 5.36 | 5.34 | O 23 23
BPS, DBP
First Order,| 4.06 | 5.56 | - 14 28
BPS, DBP
Modelling 3.88 | 6.58 | - 10 37
(Stationary),

BPS, DBP

Modelling 3.66 | 6.20 | - 5 39
(First

Order), BPS,

DBP

Modelled a| 2.70 | 6.66 | - 5 43
priori, BPS,

DBP

Player (DBP) defence are wused. This particular
combination of offence and defence was the most
commonly used by thhRoboRoos team in RoboCup 2003,
including the grand final. It is useful to look at this set of
results before the next section presents the results of all the
experiments.

Table 1 shows the results for all the BPS and DBP
experiments. The first column shows the particular
combination of the prediction method, offence, and
defence strategy. The second and third columns show the
sample mean goals for both the team thead adapting and
the team that was not. The next column shows the results of
the Studentés one -testaRositea
results indicate that the mean goals scored increased

The following sequences shown iRigure 5 help
demonstrate a fundamental problem with using the
predictions to adapt. They shdww using the predictions
of occupancy cause the agent to not score a Jde.
sequencedegin just after the referee has restarted play
with an indirect free kick given in the bottom left corner to
the team attacking the right goal and with the agent
dribbling the ball tNotev that d s
the agent has already followed an#ar attacking path
once before.

heteroscedastic t

t

K ecd gameas svén by oth deants.oThese map ot nedessarilg o a |
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Figure5 - This figure shows a sequence during a

BPS and DK experiment demonstrating how the
predictions affect the agentd
goal. The figures on the left showtlmep ponent 6 s
predicted distributions, and on the right the

resultant potential fieldThese frames are not

separated by the prediction time.

Note in the third frame from the top how the
opponent agentds dribble to

sthe atherisid® t yt ht @ ospcpoornee na 6 s
is in response to predicted motion of the
defending opponent agents influencing the clear
paths to goal potential field.

goal



As the agent crosses the
defence is predicted to move to the same sifdthe goal.
However, as the agent moves across the goal the defensive
agents are predicted to move across the goal. This has the
effect of causing the clear paths to show that the other side
of the goal is now a more appropriate location to dribble
theball to. This causes the agent to turn around as shown in
and the ball is now in a state not previously experienced.
As the ball is now in a new state the model can no longer
predict the future state of the opponent agents. This means
that the dribble todcation has again switched to the other
side of the goal.

This problem occurs continually throughout the
experiments. It causes the dribibbelocation to oscillate,
resulting in the agent not making positive progress because
of indecision. Note that the adel will learn this newly
experienced agent motion. Next time it will predict both
paths for the opponent agents which will again change the
choice of dribbleto location. This repeats throughout the
experiment and potentially decreases the models
usefulress for planning.

Figure6 shows the average ball location across the field
at the end ofexperiment. The left side shows the
distribution for the team that is not adiag (attacking the
left goal); the right sidshows the distribution for the team
that is adapting by predictions based on a model (attacking
the right goal). This figure reinforces the discussion above
by showing the result of the oscillations and indecision
caused by the predictions. Instead of long paths across the
goal that explore the action space and weaknesses in the
opponents defence, the agent spends most of the time with
the ball in the centref the field unable to make positive
motion.

.
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Figure6 - These two figures show, at the end of a
twenty minute experiment using the BPS offence
and DBP defence, the average ball positiotine
opponent 0 seldlion (eft) thetéamindi e f i
adapting and (right the team adapting by
modelling and prediction. Note that the
distribution is more spread out in (left) compared
to (right) which indicates a greater exploration of
the action spaceThe limited action space in
(right) is a result of the indesion and oscillations
discussedThe four dark squarewearthe corners
are the restart points for indirect free kicks.

al fAll Bxpeyiments Results h e

Table2 shows the result®r all the experiments. The first
column shows the particular combination of the prediction
method, offenceand defence strategy. The second and
third columns show the sample mean goals for both the
team that was adapting atite team that wasot adapting
These results show that the performance of the
adaptation approach across the different combinations of
offensive and defensive strategies are sintiathose in
the case study above. They show that this adaptation
approab significantly reduces performance when using
predictions based on the molitey approach in the
previoussection

Table?2 - These results show the performance of
adapting using the various prediction methods.
The table shows the testing combination, the
mean goals scored per game scored by both teams
and the result of the 5%tést. The table also
shows the number of wins footh teams. Note
that these may not necessarily add to fifty games
due to tied games.

Testing X aoaet | Xnone t-test |Wins Wins
Combination Adaptive|None
No Adaptation

BPS,DBP |5.36 |5.34 |0 23 23
BPS, GS 5.10 |5.26 |0 20 20
CS, DBP 11.34 |12.20 |0 18 25
CS, GS 14.74 |15.08 |0 20 24
First Order

BPS,DBP [4.06 |5.56 |- 14 28
BPS, GS 530 |[5.10 |0 21 18
CS, DBP 8.16 |[12.96 |- 7 40
CS, GS 9.56 |[15.42 |- 6 44
Modelling (Stationary)

BPS,DBP [3.88 |6.58 |- 10 37
BPS, GS 560 |[5.92 |0 19 25
CS, DBP 9.26 |[13.12 |- 9 39
CS, GS 8.88 |[16.58 |- 3 46
Modelling (First Order)

BPS,DBP [3.66 |[6.20 |- 5 39
BPS, GS 470 |5.76 |- 16 27
CS, DBP 6.42 [14.00 |- 0 48
CS, GS 8.88 [16.58 |- 3 46
Modelled a priori

BPS,DBP [2.70 |6.66 |- 5 43
BPS, GS 408 |5.48 |- 16 27
CS, DBP 8.66 [15.48 |- 4 46
CS, GS 7.14 |13.24 |- 3 44

4.5 Tuning of MAPS Parameters

MAPS has a variety of weights and field width parameters
that are tuned by observation of the team to maximise
performance. For example, creating the highly successful
dribbling play was achieved by setting appropriate
balances between the Basefield, Clézath, Distance

From, Opponent Regions, and Previous Dribbde

Regions. In the adaptive experiments, the weighting of the

opponent &8s






