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Abstract.  The problem of de ning robot behaviors to completely ad-
dress a large and complex set of situations is very challengng. We present
an approach for robot's action selection in the robot soccer domain us-
ing Case-Based Reasoning techniques. A case represents a apshot of
the game at time t and the actions the robot should perform in that
situation. We basically focus our work on the retrieval and r euse steps
of the system, presenting the similarity functions and a pla nning pro-
cess to adapt the current problem to a case. We present rst results of
the performance of the system under simulation and the analy sis of the
parameters used in the approach.

1 Introduction

The problem of de ning robot behaviors in environments represented as a large
state space is very challenging. The behavior of a robot resdts from the execution
of actions for di erent states, if we de ne acting as the exeaition of a policy

:s! a(wheresis the current state and a, the action to execute in the given
state). De ning each possible state and the actions to perfom at each state, i.e.
de ning the policy, is challenging, tedious and impossibleto be done completely
manually. Furthermore, we have to deal with a second issue:he nature of the
environment. We are working with real robots that interact w ith non controllable
elements of the environment, which are constantly moving.

? Partial funding by the Spanish Ministry of Education and Sci ence project DP12003-
05193-C02-02. Raquel Ros holds a scholarship from the Genalitat de Catalunya
Government

*? This research was partially sponsored by BBNT Solutions, LL C under contract no.
FA8760-04-C-0002 with the US Air Force. The views and conclusions contained
herein are those of the authors and should not be interpreted as necessarily rep-
resenting the o cial policies or endorsements, either expr essed or implied, of the
sponsoring institutions, the U.S. Government or any other e ntity.



We illustrate our work in the robot soccer domain (Robocup)2]. In this
domain, we do not deal with an independent action (e.g. turn ® degrees, kick,
walk forward 100cm), but with a sequence of actions that the pbots execute to
accomplish their goals (e.g. dribble and shoot). We call tht sequence ajame
play. Hence, the problem we address is to nd out which game playshe robots
should execute during a match. We focus our work on the appliation of Case-
Based Reasoning techniques to de ne the actions the robotsh®uld perform in
this environment, i.e. we use the CBR approach to generate tb  function.
We believe that reproducing game plays from similar past sitiations (similar
environment's description) solves the robot behavior de nition problem in an
easy and fast way. The approach followed in this work is to dene action cases
for robots to provide them with a set of cases and then have the autonomously
select which case to replay.

The work we present in this paper is centered on modelling themain steps
of a Case-Based Reasoning system [1]: the retrieval step artde reuse step. For
this purpose, we rst analyze the environment to choose the main features that
better describe it and then we de ne an appropriate similarity function. We use
di erent functions to model the similarity for each feature domain and then an
aggregation function to compute the overall similarity. We also introduce some
initial experiments to test the current implementation based on a single player
with no teammates.

The organization of the paper is as follows. Section 2 presénrelated work.
Section 3 describes the robot soccer domain. Section 4 intdoces the features of
the environment and the formal representation of a case. S¢ion 5 and 6 detail
the retrieval and reuse steps respectively. Section 7 shovtke analysis and rst
results of the performance of the system. Section 8 discuss¢he extension of the
current case representation in order to model the dynamics bthe game plays.
Finally, Section 9 concludes the work and describes future wrk.

2 Related work

Some researchers have already focused their work on using &&Based Reason-
ing techniques for deciding the best actions a player shouldéxecute during a
game. Karol et al. [5] present a model to build high level plaming strategies
for AIBO robots. For any game situation, game plays are chose based on the
similarity between the current state of the play and the cases in the case base.
The paper only presents the general model without any experment and does not
describe the di erent steps of the CBR approach. Wendler et & [15] describe an
approach to select soccer players' actions based on previsly collected experi-
ences encoded as cases. The work is restricted to the Simuilah League. Thus,
many parameters they take into account are not considered irour domain, and
also they do not have to deal with the major problems involvedwhen working
with real robots. Regarding the retrieval step, they apply a Case Retrieval Net
model to improve the retrieval of cases in terms of e ciency. Marling et al. [9] in-
troduce three CBR prototypes in their robots team (RoboCats, in the Small Size



League): the rst prototype focused on positioning the goale; the second one,
on selecting team formations; and the third one, on recogning game states. All
three systems are mainly based on taking snapshots of the garand extracting
features from the positions of the robots during the game.

We can also nd some bibliography dedicated to solve the actin selection
problem, but applying other learning techniques. Riedmiller et al. [11] focus
their work on Reinforcement Learning techniques applied totwo di erent levels:
moving level and tactical level. The former refers to learnhg a speci c move, for
example, learning to kick. While the latter refers to which move should be applied
at a certain point, as pass the ball The work is restricted to the Simulation
League, and they only used the moving level during a competibn. With respect
to the tactical level, they experimented with two attackers against one or two
defenders. The attackers used the approach presented, whithe defenders used
a xed policy. Similarly, Sarge et al. [13] present a RL appraach to learn low-level
skills. These skills can later be put together and used to emlate the expertise of
experienced players. More precisely, they work on théntercepting the ball skill.
They performed experiments with hand-coded players vs. leaing players. They
obtained positive results after one hour of learning. Finaly, Lattner et al. [7]
present an approach that creates patterns based on the quddtive information
of the environment. The result of learning is a set of predicton rules that give
information about what (future) actions or situations migh t occur with some
probability if certain preconditions satisfy. Patterns can be generalized, as well
as specialized. As in the previous papers, this is used in th8imulation League.

Finally, CBR techniques have been also used for purposes o#h than action
selection. Wendler et al. [14] present a case-based apprdator self-localization
of robots based on local visual information of landmarks. Tk approach is used in
robot soccer, and once again, they use th€ase Retrieval Netmodel. Gabel and
Veloso [3] model an online coach in the Simulation League toatermine the team
line-up. Based on previous soccer matches the coach reasaaisout the current
state of the match and decides which player of his team line-p is assigned to
which of the available players type. Haigh and Veloso [4] sek a path planning
problem with a system that plans a route using a city map. The dobal path is
created using di erent cases from the case base. Kruusmaa][@evelops a system
to choose routes in a grid-based map that are less risky to fldw and lead faster
to the goal based on previous experience. Ros et al. [12] pexg an approach
for robot navigation in semistructured unknown environmerts. Cases represent
landmarks con gurations that the robot should avoid in order to reach its target.
Ram and Santamara [10] and Likhachev and Arkin [8] focus their work on a
CBR approach to dynamically select and modify the robot's béaviors as the
environment changes during navigation.

3 Robot Soccer Description

The Robocup Soccer competition involves several leagues.n® of them is the
one we focus our work on: the Four-Legged League. Teams cossbf four Sony



Fig. 1. Snapshot of the Four-Legged League (image extracted from [J).

AIBO robots. The robots operate fully autonomously, i.e. there is no external
control, neither by humans nor by computers. The eld dimensions are 6m long
and 4m wide. There are two goals (cyan and yellow) and four calred markers
the robots use to localize themselves in the eld. There arewo teams in a game:
a red team and a blue team. Figure 1 shows a snapshot of the eldThe robots
can communicate with each other by wireless or even using thepeakers and
microphones (although this is not common).

A game consists of three parts, i. e. the rst half, a half-time break, and the
second half. Each half is 10 minutes. The teams change the gbdefended and
color of the team markers during the half-time break. At any point of the game,
if the score di erence is greater than 10 points the game ends~or more details
on the o cial rules of the game refer to [2].

4 Case De nition

In order to de ne a case, we rst must choose the main featuresof the envi-
ronment (from a single robot's point of view) that better describe the di erent
situations the robot can encounter through a game. Given thedomain, we dif-
ferentiate between two features' types, common in most gane

Environment-based features They represent the spatial features of a game.
In robot soccer we consider the positions of the robots and ta ball as the
basic features to compare di erent situations, which represent the dynamics
of the environment. These positions are in global coordinags with respect
to the eld (the origin corresponds to the center of the eld). Regarding
the robots, we consider the heading as a third parameter to dgcribe their
positions. It corresponds to the angle of the robot with respect to the x axis
of the eld, i.e. which direction the robot is facing to.



Game-based features They represent the strategy applied in the game. We
use the time and the score as the main features. As time passesd de-
pending on the current score, the strategy should be more o esive if we
are losing, or a more defensive if we are winning. These feates are beyond
robot soccer and are applicable to other games.

In the work we present in this paper we always refer to a main rbot (we
could think of it as the team's captain; hereafter we will refer to it either as the
captain) who is responsible for retrieving a case and inforimg the rest of the
players (teammates) the actions each of them should perforrincluding himself).
We divide the description of a case in two parts: the problem @scription and
the solution description. The former refers to the descripton of the environment
and the game features at timet from the captain's point of view (we can talk
about a snapshot of the game), while the latter refers to the slution to solve
that problem. Thus, within the soccer domain a case is a 2-tuge:

case= ((R;B;G; Tm; Opp;t;S); A)
where:
1. R: robot's position (Xg;Yr) and heading (captain's information).

Xr 2 [ 2700:2700lmm. yr 2 [ 1800Q:1800)jmm 2 [0::360)degrees

N

. B: ball's position (xg;Ys).
Xg 2 [ 270Q:2700mm. yg 2 [ 180Q:1800]mm

3. G: defending goal
G 2 f cyan; yellowg

4. Tm: teammates' positions.
Tm = f(id1; R1); (id2; R2); (id3; Rs)g
whereid; Corresponq§ to the teammate identi cation for teams of 4 rolots.
5. Opp: opponents' positions.
Opp= fopp;opp;:::; 0pmh g

where opp is a point (x;y) and n 2 f 1; 2; 3; 4g for teams of 4 robots.
6. t: timing of the match. Two halves parts of 10 min.

t 2 [0::20]min;t 2 N

7. S: di erence between the goals scored by our team and the oppant's team.
The maximum di erence allowed is 10. The sign indicates if the team is losing
or winning.

S2[ 10:10]
8. A: sequence of actions (also seen as behaviors) to perform.r® examples of

individual actions are Turn( ), Kick (right), Dribble, etc. The combination
of these actions result in di erent sequences.
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Fig. 2. (@) Situation 1 corresponds to the original description of t he case. While situ-
ation 2, 3 and 4 correspond to the symmetric descriptions. (b) Example of a case.

4.1 Case properties

We can observe two symmetric properties of the ball's and robt's positions
and the defending goal: one with respect to the x axis, and thether one, with
respect to the y axis and the defending goal. That is, a robot &point ( x;y) and
defending the yellow goal describesituation 1, which is symmetric to situation
2 ((x; y), defending the yellow goal),situation 3 (( x;y), defending the cyan
goal) and situation 4 (( x; V), defending the cyan goal) (Figure 2(a)).

Similarly, the solution of a problem has the same symmetric poperties. For
instance, in a situation where the solution iskick to the left, its symmetric solu-
tion with respect to the x axis would be kick to the right. Thus, for every case
in the case base, we compute its symmetric descriptions, obining three more
cases. Figure 2(b) shows an example of the case previouslysteibed.

Because of the inevitable spatial nature of robots domainsjnterestingly a
particular case can be mapped into multiple ones through dierent spatial trans-
formations. Thus, from a small set of cases, we easily gendeaa larger set.

5 Retrieval Step

To retrieve a case we must de ne a similarity function that computes the sim-
ilarity degree between the current problem P, = (( R¢; B¢; Ge; Oppe; te; Se); hi)
and the cases in the case basg; = (( Ri;Bi; Gi; Opp;ti; Si); Aj) in the interval
[0..1] (with O meaning no similarity at all, and 1 meaning maximum similarity).
Next we introduce the di erent similarity functions used to compare the features
of a case. We rst compute the similarities along each featue (assuming feature
independence). Then we use a ltering mechanism based on tise values to dis-
card non-similar cases and nally, we use an aggregation furtion to compute
the overall similarity obtaining a set of similar cases (if any).

5.1 Similarity functions

We next de ne two types of similarity functions based on the features' types
described in Section 4:



Fig. 3. 2D Gaussian function with , =300 and = 250.

Environment-based features We use a 2D Gaussian function to compute
the degree of similarity between two points,p; = (X1;y1) and p2 = (X2;Y2) in

a 2D space. Unidimensional Gaussian functions are de ned bywo parameters:

one represents the reference valug, with respect to which we compare any
other value x, and the other, the maximum distance allowed between two
values to consider to be similar. Hence, low values for model very restrictive

similarities, and high values, very tolerant similarities. As we work on a 2D plane,
to de ne the Gaussian function we have to consider four paramters instead of
two: X;;yr; x and y:

x xn)?2 vy yr)?

( > +—23—)

G(xy) = Ae

where x,;y, are the reference values, y; y, the maximum distance for each
axis and A is the maximum value of G(x;y). In our case, since we model the
similarities in the interval [0..1], A = 1. Figure 3 shows a 2D Gaussian.

We de ne the similarity function for two points as:

(x1 x2)2 . (v1 y2)?
12 2)7 4 1222)

sim(x1;yiiX2;y2) = e - 27 v
where the point (x1;y1) refers to either the robots' or the ball's position in
the problem and (x»;y>) refers to the positions in the case. We do not use the
heading of the robots to compute the similarity value, but for the reuse step.
Regarding the defending goal feature we de ne a simple binar function:

1ifGi= Gy

sm(GLG2) = 4 it G, 6 G,

where G; is the defending goal in the problem andG;, the one described in the
case.

Game-based features We are interested in de ning a function that combines
time and score since they are extremely related. As time passes, depending



Fig. 4. (a) Strategy function for time t =5. (b) Strategy function over time.

on the score of the game, we expect a more o ensive or defensibehavior. We
consider as critical situations those where the scoring dierenceS is minimum,

i.e. when the chances for any of the two teams of winning or laeg the game are
still high, and thus the strategy (or behavior) of the team might be decisive. We
model the strategy for a 20 minutes game as:

8 .
<20(St—1) |fS<O
strat (t;S) = | 55 if S=0

where strat (t;S) 2 [ 1::1], with -1 meaning a very o ensive strategy and 1
meaning a very defensive strategy.

Figure 4(a) depicts the behavior of the team at timet. Positive and negative
scoring di erences mean that the team is winning or losing repectively. The
higher the absolute value ofS is, the lower the opportunity of changing the cur-
rent score and the behavior of the team. For extreme values of (in the interval
[ 10::10]) the outcome of the function approaches zero. Otherwisehe function
value indicates the degree of intensity, either for a deferige or an o ensive be-
havior. As time passes, the intensity increases until reading maximum values of
1 and -1, (defensive and o ensive, respectively). Figure 4f) shows the behavior
of the function combining both variables.

We de ne the similarity function for time and score as:

Simis (t1;S1;12;S2) =1 j strat (t1;S;1)  strat (t2; Sp)j

where t; and S; corresponds to the time and scoring features in the problem
and t, and S;, the features in the case.

5.2 Retrieving a case

Case retrieval is in general driven by the similarity metric between the new
problem and the saved cases. We introduce a novel method to sa the selection



no match

simg (G, G) ==1
yes

no

simg (B, B;) > thrg — ;> no match

yes
L sim_(opp, opR ) > thr  — = no match

no

yes
L Simts(tc,%'ti $) >thrg —5> nomatch

no
yes .
sim(casg, , casg)

Fig.5. Filtering mechanism to compute the similarity between case s. The subindex ¢
refers to the current problem, and i, to a case in the case base.

of the case to retrieve. We evaluate similarity along two important metrics:
the similarity between the problem and the case, and the cosbf adapting the
problem to the case. Before explaining in more detail these mtrics we rst
de ne two types of features: controllable indices and non-controllable indices.
The former ones refer to the captain's and teammates' positins (since they
can move to more appropriate positions), while the latter refers to the ball's
and opponents' position, the defending goal, time and scoréwhich we cannot
directly modify).

The idea of separating the features into controllable and na-controllable is
that a case can be retrieved if we can modify part of the curret problem de-
scription in order to adapt it to the description of the case. Given the domain we
are working on, the modi cation of the controllable features leads to a planning
process where the system has to de ne how to reach the positis (or adapted
positions as detailed in Section 6) of the captain and the temmates indicated
in the retrieved case in order to reuse its solution.

Similarity value ~ We compute the similarity between the current problem P
and a caseC; using the non-controllable features. For this purpose, we lter the
case based on the individual features similarities (Figureb). If the similarities
are all above the given thresholds, we then compute the ovetlsimilarity value
between the case and the problem. Otherwise, we consider théhe problem does
not match the case. We discuss the values of these thresholdis Section 7.

In order to compute the opponents' similarity value we rst m ust determine
the correspondence between the opponents of the problem anihe case, i.e.
which opponent opp from the problem description corresponds to which oppo-
nent opp in the case description. For this purpose, we use @&ranch&Bound
search algorithm in a binary tree. Each node of the tree reprsents either the
fact of considering a match between the pair ¢pp;opp ), or the fact of not con-
sidering the match between this pair. As soon as the algoritm nds the optimal
correspondence, we obtain the similarity value for each paiof opponents using
the Gaussian function.



Finally, we compute the overall similarity sim between the current problem
and the case:

where n is the number of opponents in the case, and each argument éf corre-
sponds to the similarity value obtained for each feature. InSection 7 we discuss
the most appropriate aggregation functionf .

Cost value This measure de nes the cost of modifying the controllable éatures
of the problem P, to match the caseC;. We represent the cost of adapting the
problem to a case as the maximum Euclidean distanceist between the players'
positions in the current problem and the adapted positions n the case (after
obtaining the correspondence between the players using theame method as for
the opponents):

cost(P¢; G;) = j2frg%E(Tm fdist(pos; p0510)9

where R corresponds to the captain,Tm = ftmj;tm,;tmsg, to the teammates,
pos represents the position of in the problem description and poqo, the position
of j in the case description.

After computing the similarities between the problem and the cases, we ob-
tain a list of potential cases from where we must select one fathe reuse step.
We consider a compromise between the similarity degree be®en the problem
and the case and the cost of adapting the problem to the case. fie properties
for the best choice are to have a very similar case and to applifttle adaptations
to the problem to reuse the solution of the case, while the wast choice would be
low similarity and high cost (the opposite situation). But w e also have to avoid
those situations where even though the similarity is high, tie problem also needs
a big adaptation (high cost) before reusing the selected cas

We then select the most similar case from the list of cases wit cost lower
than a threshold thr ¢os; :

C, =argmaxfsim(Pc; C;) j cost(P; Ci) <thr ¢s0g; 8C; 2 LS

where LS is a list of cases with similarity over 0.4 andC, is the case retrieved.

6 Case Reuse

After selecting the best case, the next step is to reuse its sation. Before execut-
ing the actions indicated in the case, we rst adapt the current problem to the

description of the case. To this end we modify the controllale features (captain
and teammates) to those positions where the relation betwee the features is
the same as the one described in the case. We take the ball asetreference
point in the eld. From the case retrieved we obtain the relative positions of
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Fig. 6. The case description depicted in solid lines (Ri;Bi), and the problem descrip-
tion, in dashed lines (R¢; B¢). Adapting the position of the robot with respect to the
ball's position described in the problem.

the players with respect to the ball. Hence, the adapted pogions of the players
for the current problem are the transformations of these rehtive coordinates to
global coordinates, having the current position of the ballas the new reference
point.

Figure 6 shows an example. The relative position of the robotwith respect
to the ball (B; = (750;300)) in the case retrieved isR] = (300, 0). Thus, the
robot's adapted global position in the current problem is R = (350;100) since
the ball's position is B, = (650;100). Briey, the adaptation of the problem
description is based on positioning the controllable featues with respect to the
ball's position, instead of maintaining the original positions indicated in the case.
Once we compute these new locations, the robot retrieving th case (captain)
informs the rest of the teammates about the positions they sbuld take.

7 Empirical Evaluation

We discuss the di erent values for the thresholds, the aggrgation function we
have introduced in Section 5.2 and the rst results of the sysem.

Environment-based features We have used a Gaussian to model the similar-
ity function for this type of features. As we already mentioned, the function has
two parameters, x; y, which are used to model the maximum distance between
two points that we consider to be similar. These parameters d ne an ellipse
(the projection of the Gaussian in the plane XY) with radius  and . All
points contained in this ellipse have aG(x;y) > 0:6. Thus, we use this value as
the threshold for the ball, thr g, and opponents similarity, thr qp,. To set the
values for the ball, we empirically observed that the maximun distance we con-
sider the ball's position is similar to a reference point is 8cm. for the x axis, and
25cm. for the y axis (since the eld has a rectangular shape)Thus, x =300 and

y = 250. Regarding the opponents' we consider a more atter furction because
the imprecision of their positions is higher than the one forthe ball. We then x
both , and y to 350.



Game-based features. We are specially interested in distinguishing between
those situations that take place at the end of the game with sore di erence close
to 0 from those that happen at the beginning of the game, sincé¢he strategy can
be very di erent in each of these situations. After analyzing the values obtained
by the strategy function described in Section 5.1, we obseed that comparing
two situations, xing one to t; = 0 and S; = 0 and varying the other one through
all the possible values, the following situations occur:

{ rst half of the game and no matter which score:

tp 2 [0:10)™ S; 2 [ 10:10} simys (t1; So;5t2; S2) > 07
{ rst part of the second half and equal scoring:

to 2 [10:14]™ S, = 0;simys (t1; S2;t2; Sp) < 0.7

{ second part of the second half and 1 goal di erence:

to 2 [15:18]" S, 2 [ 1:1];simys (t1; So;t2; Sp) < 017
{ ending game and 2 goals di erence:

to 2 [19:20]" S, 2 [ 2:2];simys (t1; S2;t2; Sp) < 0.7

As we can see, xing the thresholdthr ;s to 0.7 allows us to separate the situations
previously mentioned.

Aggregation function. We tested four dierent functions: the mean, the
weighted mean, the minimum and the harmonic mean. The minimum function
results in a very restrictive aggregation function since tte overall outcome is
only based on the lowest value. Hence, lower values penalitggh values rapidly.
Regarding the harmonic mean, for similar values, its behawr is closer to the
mean function. While for disparate values, the lower valuesare highly considered
and the outcome decreases (although not as much as with the mimum func-
tion) as more lower values are taken into account. On the comary, the mean
function rapidly increases the outcome for high values, andloes not give enough
importance to low values. Finally, the weighted mean does nbmake di erence
between low and high values either, since the importance ofaeh value is given
by their weights. If a low value has a low weight and the rest ofthe values are
all high, the outcome is slightly a ected and results high anyway.

We are interested in obtaining an aggregation function that considers all
values as much as possible but highlighting the lower ones. fiis is an important
property as the values we are considering are similarity vales. Hence, if one of
the features has a low similarity, the overall similarity has to re ect this fact
decreasing its value. Therefore, we use the harmonic mean dke aggregation

function f : 0
f (X105 %) = P
i=1 X;

where x; corresponds to the individual similarity values of the features.



Fig.7. (a) shows simple cases which allow the robot (depicted with lled head) to
kick the ball towards the goal at every point of the eld, (b) a nd (c) correspond to
more complex situations where we have included one or two opponents (depicted with
non- lled heads) and our robot attacking either from the fro nt or the corners, and (d)
shows some of the problems we used to test the system so far.

Cost threshold. We consider worth adapting a problem to a case if the dis-
tances the robots have to travel from their original positions to the adapted
ones are short enough so the environment changes as little gmossible during
this time. After observing the robots movements, we xed the maximum distance

to translate them to 1m. Their current average velocity is 350 mm per second.
Hence, walking for 1m. takes around 2.8 seconds. Even thouglor now we are
xing this value to test the current system, we have to take into account that

the threshold also depends on the opponents we are playing thi. The faster

they are, the lower the threshold should be.

Experiments We manually de ned 90 cases with one player, i.e. no teammate
so far, varying the number of opponents (from 0 to 2), the timeand the score
di erence. We also tested 50 problems created randomly and hen manually

labeled them to verify if the correct cases were retrieved uag the system. We
indeed obtained always the right ones, i.e. the system reteved the case indicated
in the labeled problem. It also computed the adapted positim the robot should

take and the actions to perform from that point on. Figure 7 depicts a set of the

cases and problems created.
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Fig.8. Case description (solid lines) and problem description (dashed lines).

8 Extending the case de nition

As previously mentioned, the solution of a case is a sequenad actions. So far
we have been comparing snapshots of the current game with ces that describe
the initial state of a game play. We believe that it would be also interesting
to consider parts of a game play (the solution of a case) as papof the problem

description of a case. The solution represents the (discre) trajectory performed
by the robots with their related actions. Thus, instead of camparing the current
problem with the initial state of the case, we could compare i with the execution

of the solution and reuse the solution from the closest point This way, we can
also avoid useless movements (e.g. going backwards to reattte initial position

and then going forward again executing the solution's actims).

To this end, cases should have a more complex structure. We shld de ne
them by means of a graph structure or a sequence of nodes, wleeeach node
represents a situation S; (description of the environment at time t) and arcs
represent the associated actions to go from one node to the loér. Then the
retrieval step would have to consider each nodé&; as a potential similar case to
solve the new problem.

Given the problem and the case depicted in Figure 8, instead fopositioning
the robot in the initial state of the case (S1), we could move it to the adapted
position indicated in S2 and then continue reusing the solution from this point.

9 Conclusion and Future Work

We have presented the initial steps towards a Case-Based Rsaning system for
deciding which actions a robot should execute in the robot sccer domain. More
precisely, we have focused our work on the retrieval and reuisg steps of the
system. While we contribute concretely to robot soccer, sesral of the features
of the approach are applicable to general game-based advarial environments.
We have de ned the concept ofcase as well as the features that describe
the state of a game, dividing them in two types: the environment-based features
and the game-based featuresWe have discussed the similarity functions for the
di erent features and we have tested di erent aggregation functions to compute
the overall similarity. We have introduced a separation betveen the controllable
and the non-controllable case indices to compute two metrics: the similarity



and the cost. We select the retrieved case based on a comprosei between the
similarity and the cost of adapting the current problem to a case. Regarding the
case reuse, we have detailed the adaptation of the descripth of the problem to
the case retrieved and the reusing process of the solution.dltest these rst steps,
we have designed a simulation interface to easily modify thali erent functions
and parameters described.

As future work, we will continue on nishing the extension of the case descrip-

tion we have proposed in Section 8. After further testing theproposed approach
in simulation, we will move our case-based approach to realabots.
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