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ABSTRACT

RoboCup simulated soccer presents many challenges to re-
inforcement learning methods, including a large state space,
hidden and uncertain state, multiple agents, and long and
variable delays in the effects of actions. We describe our ap-
plication of episodic SMDP Sarsa()\) with linear tile-coding
function approximation and variable A to learning higher-
level decisions in a keepaway subtask of RoboCup soccer.
In keepaway, one team, “the keepers,” tries to keep control
of the ball for as long as possible despite the efforts of “the
takers.” The keepers learn individually when to hold the
ball and when to pass to a teammate, while the takers learn
when to charge the ball-holder and when to cover possible
passing lanes. Our agents learned policies that significantly
out-performed a range of benchmark policies. We demon-
strate the generality of our approach by applying it to a
number of task variations including different field sizes and
different numbers of players on each team.

1. INTRODUCTION

RoboCup simulated soccer has been used as the basis
for successful international competitions and research chal-
lenges [8]. As presented in detail by [16], it is a fully dis-
tributed, multiagent domain with both teammates and ad-
versaries. There is hidden state, meaning that each agent
has only a partial world view at any given moment. The
agents also have noisy sensors and actuators, meaning that
they do not perceive the world exactly as it is, nor can they
affect the world exactly as intended. In addition, the per-
ception and action cycles are asynchronous, prohibiting the
traditional AI paradigm of using perceptual input to trig-
ger actions. Communication opportunities are limited, and
the agents must make their decisions in real-ttme. These
italicized domain characteristics combine to make simulated
robotic soccer a realistic and challenging domain.

In principle, modern reinforcement learning methods are
reasonably well suited to meeting the challenges of RoboCup
simulated soccer. Reinforcement learning is all about se-

quential decision making, achieving delayed goals, and han-
dling noise and stochasticity. It is also oriented toward mak-
ing decisions relatively rapidly rather than relying on exten-
sive deliberation or meta-reasoning. There is a substantial
body of reinforcement learning research on multiagent de-
cision making, and soccer is an example of the relatively
benign case in which all agents on the same team share the
same goal. In this case it is often feasible for each agent
to learn independently, sharing only a common reward sig-
nal. The problem of hidden state remains severe, but can,
again in principle, be handled using function approxima-
tion, which we discuss further below. RoboCup soccer is a
large and difficult instance of many of the issues which have
been addressed in small, isolated cases in previous reinforce-
ment learning research. Despite substantial previous work
(e.g., [2, 19, 25, 14]), the extent to which modern reinforce-
ment learning methods can meet these challenges remains
an open question.

Perhaps the most pressing challenge in RoboCup simu-
lated soccer is the large state space, which requires some
kind of general function approximation. [19] and others have
applied state aggregation approaches, but these are not well
suited to learning complex functions. In addition, the the-
ory of reinforcement learning with function approximation
is not yet well understood (e.g., see [21, 3, 22]). Perhaps
the best understood of current methods is linear Sarsa(\),
which we use here. This method is known not to converge
in the conventional sense, but several lines of evidence sug-
gest that it nevertheless remains near a good solution [7,
24, 20]. Certainly it has advantages over off-policy meth-
ods such as Q-learning, which can be unstable with linear
and other kinds of function approximation. An important
open question is whether Sarsa’s failure to converge in the
conventional sense is of practical importance or is merely a
theoretical curiosity. Only tests on large-state-space appli-
cations such as RoboCup soccer will answer this question.

In this paper we begin to scale reinforcement learning up
to RoboCup simulated soccer. We consider a subtask of
soccer involving 5-7 players rather than the full 22. This
is the task of keepaway, in which one team merely seeks to
keep control of the ball as long as possible. In the next
section we describe keepaway and how we build on prior
work in RoboCup soccer to formulate this problem at an
intermediate level above that of the lowest level actions and
perceptions. In Section 3 we map this task onto an episodic
reinforcement learning framework, and in Sections 4 and 5



we describe our learning algorithm in detail and our results
respectively. Related work is discussed further in Section 6.

2. KEEPAWAY SOCCER

We consider a subtask of RoboCup soccer, keepaway, in
which one team, the keepers, is trying to maintain possession
of the ball within a limited region, while another team, the
takers, is trying to gain possession. Whenever the takers
take possession or the ball leaves the region, the episode
ends and the players are reset for another episode (with the
keepers being given possession of the ball again).

Parameters of the task include the size of the region, the
number of keepers, and the number of takers. Figure 1 shows
a screen shot of 3 keepers and 2 takers (called 3 vs. 2, or 3v2
for short) playing in a 20m x 20m region.
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Figure 1: A screen shot from a 3 vs. 2 keepaway
episode in a 20m x 20m region.

All of our work uses version 5.25 of the standard RoboCup
soccer simulator [11]. An omniscient coach agent manages
the play, ending episodes when a taker gains possession of
the ball for a set period of time or when the ball goes out-
side of the region. At the beginning of each episode, the
coach resets the location of the ball and of the players semi-
randomly within the region of play. The takers all start in
one corner (bottom left). Three randomly chosen keepers
are placed one in each of the three remaining corners, and
any keepers beyond three are placed in the center of the re-
gion. The ball is initially placed next to the keeper in the
top left corner.

In the RoboCup soccer simulator, agents typically have
limited and noisy sensors: each player can see objects within
a 90° view cone, and the precision of an object’s sensed lo-
cation degrades with distance. To simplify the problem,
we gave our agents (both keepers and takers) a full 360° of
noise-free vision (object movements and agent actions retain
their usual noisy characteristics). We have not yet deter-
mined whether this simplification was necessary or helpful®.

Keepaway is a subproblem of robotic soccer. The princi-
pal simplifications are that there are fewer players involved;
they are playing in a smaller area; and the players are al-
ways focused on the same high-level goal—they don’t need
to balance offensive and defensive considerations. Never-
theless, the skills needed to play keepaway well are also
very useful in the full problem of robotic soccer. Indeed,
ATT-CMUnited-2000—the 3rd-place finishing team in the
RoboCup-2000 simulator league—incorporated a successful
hand-coded solution to an 11 vs. 11 keepaway task [17].

!Preliminary tests indicate that at least the noise-free vision
is not essential.

3. MAPPING KEEPAWAY ONTO
REINFORCEMENT LEARNING

Our keepaway problem maps fairly directly onto the discrete-

time, episodic, reinforcement-learning framework. The RoboCup

soccer simulator operates in discrete time steps, t = 0,1,2,...,
each representing 100 msec of simulated time. When one
episode ends (e.g., the ball is lost to the takers), another
begins, giving rise to a series of episodes. Each player learns
independently and may perceive the world differently. For
each player, an episode begins when the player is first asked
to make a decision and ends when possession of the ball is
lost by the keepers.

As a way of incorporating domain knowledge, our learn-
ers chose not from the simulator’s primitive actions, but
from higher level actions constructed from skills used in the
CMUnited-99 team. Those skills included

HoldBall(): Remain stationary while keeping possession
of the ball in a position that is as far away from the
opponents as possible.

PassBall(k): Kick the ball directly towards keeper k.

GetOpen(): Move to a position that is free from oppo-
nents and open for a pass from the ball’s current po-
sition (using SPAR [26]).

GoToBall(): Intercept a moving ball or move directly to-
wards a stationary ball.

BlockPass(k): Move to a position between the keeper
with the ball and keeper k.

All of these skills except PassBall(k) are simple functions
from state to a corresponding action; an invocation of one
of these normally controls behavior for a single time step.

PassBall(k), however, requires an extended sequence of actions—

getting the ball into position for kicking, and then a sequence
of kicks in the desired direction [16]; a single invocation of
PassBall(k) influences behavior for several time steps. More-
over, even the simpler skills may last more than one time
step because the player occasionally misses the step follow-
ing them; the simulator occasionally misses commands; or
the player may find itself in a situation requiring it to take
a specific action, for instance to self-localize. In these cases
there is no new opportunity for decision making until two or
more steps after invoking the skill. To handle such possibil-
ities, it is convenient to treat the problem as a semi-Markov
decision process, or SMDP [12; 4]. An SMDP evolves in a
sequence of jumps from the initiation of each SMDP action
to its termination one or more time steps later, at which
time the next SMDP action is initiated. SMDP actions that
consist of a subpolicy and termination condition over an
underlying decision process, as here, have been termed op-
tions [22].

Let to,t1,t2,... ,t; denote the SMDP time steps, those at
which options are initiated and terminated, where ¢ denotes
the first time step of the episode and ¢; the last (all options
terminate at the end of an episode). From the point of view
of the SMDP, then, the episode consists of a sequence of
states, options, and rewards

$0,Q0,T1,S1y.++ ,Si, Qi3 Ti41, Sit+1,... ,75,S55
where s; denotes the state of the simulator at time step t;, a;
denotes the option initiated at ¢; based on some, presumably
incomplete, perception of s;, and r;+1 € R and s;+1 repre-
sent the resultant reward and state at the termination of a;.
The final state of the episode, s; is the state where the tak-



ers have possession or the ball has gone out of bounds. We
wish to reward the keepers for each time step in which they
keep possession, so we set r; = t; —t;—1. The takers, on the
other hand, are penalized for each time step, so their reward
is just the inverse: t;—1 — t;. Because the task is episodic,
no discounting is necessary: the goal at each learning step
is to take an action such that the remainder of the episode
will be as long or as short (keeper or taker) as possible, and
thus to maximize total reward.

3.1 Keepers

Our experiments investigated learning by the keepers when
in possession? of the ball. Keepers not in possession of the
ball are required to select the Receive option:

Receive: If a teammate possesses the ball, or can get to
the ball faster than this keeper can, invoke GetOpen()
for one step; otherwise, invoke GoToBall() for one step.
Repeat until a keeper has possession of the ball or the
episode ends.

A keeper in possession, on the other hand, is faced with
a genuine choice. It may hold the ball, or it may pass to
one of its teammates. That is, it chooses an option from
{Holdball, PassK>ThenReceive, PassK3ThenReceive, ...,
PassK, ThenReceive} where the Holdball option simply ex-
ecutes HoldBall() for one step (or more if, for example, the
server misses the next step) and the PasskThenReceive op-
tions involve passes to the other keepers. The keepers are
numbered by their closeness to the keeper with the ball: K;
is the keeper with the ball, K5 is the closest keeper to it, K3
the next closest, and so on up to K,,, where n is the number
of keepers. Each PasskThenReceive is defined as

PasskThenReceive: Invoke PassBall(k) to kick the ball
toward teammate k. Then behave and terminate as in
the Receive option.

The keepers’ learning process thus searches a constrained
policy space characterized only by the choice of option when
in possession of the ball. Examples of policies within this
space are provided by our benchmark policies:

Random: Choose randomly among the n options, each
with probability %

Hold: Always choose HoldBall()

Hand-coded:

If no taker is within 10m, choose HoldBall();

Else If teammate k is in a better location than the
keeper with the ball and the other teammates, and the
pass is likely to succeed (using the CMUnited-99 pass-
evaluation function, which is trained off-line using the
C4.5 decision tree training algorithm [13]), then choose
PassBall(k);

Else choose HoldBall().

We turn now to the representation of state used by the
keepers, ultimately for value function approximation as de-
scribed in the next section. Note that values are only needed
on the SMDP steps, and on these one of the keepers is al-
ways in possession of the ball. On these steps the keeper
determines a set of state variables, computed based on the
positions of: the keepers Ki1—K,,, ordered as above; the tak-
ers T1—T), (m is the number of takers), ordered by increasing
distance from Ki; and C, the center of the playing region

2«Possession” in the soccer simulator is not well-defined be-
cause the ball never occupies the same location as a player.
One of our agents considers that it has possession of the ball
if the ball is close enough to kick it.

(see Figure 2 for an example with 3 keepers and 2 takers).
Let dist(a,b) be the distance between a and b and ang(a, b, c)
be the angle between a and ¢ with vertex at b. For example,
ang(Ks, K1,T1) is shown in Figure 2. With 3 keepers and
2 takers, we used the following 13 state variables:

e dist(K1,C), dist(K»,C), dist(Ks,C)
dist(Ty,C), dist(T», C)
dzst(Kl,Kz) dist(K1, K3)
(Kl, Tl) dist(Kl, TQ)
Min(dist(K2,T1), dist(K2,T»))
n(dZSt(Kg, Tl) dist(Ke,, TQ))

(ang(K>, K1,T1),ang(K>, K1, 1))

e Min(ang(Ks, K1,T1), ang(Ks, K1,T>))
This list generalizes naturally to additional keepers and tak-
ers, leading to a linear growth in the number of state vari-
ables.

Kl. K,
)
T, C
T,
K

e —Ball C =center

Figure 2: The state variables used for learning with
3 keepers and 2 takers. Keepers and takers are num-
bered by increasing distance from K, the keeper
with the ball.

3.2 Takers

The takers are relatively simple, choosing only options of
minimum duration (one step, or as few as possible given
server misses) that exactly mirror CMUnited skills. When a
taker has the ball, it tries to maintain possession by invoking
HoldBall() for a step. Otherwise, it chooses an option that
invokes one of {GoToBall(), BlockPass(K>), BlockPass(K3),

, BlockPass(K,, )} for one step or as few steps as permit-
ted by the server. In case no keeper has the ball (e.g., during
a pass), Ki is defined here as the keeper predicted to next
gain possession by a routine from the CMUnited-99 team.
We used the following three policies as taker benchmarks,
characterized by their behavior when not in possession:

Random-T: Choose randomly from the n options, each
with probability %

All-to-ball: Always choose the GoToBall() option.

Hand-coded-T:
If fastest taker to the ball, or closest or second closest
taker to the ball: choose the GoToBall() option;
Else let k be the keeper with the largest angle with
vertex at the ball that is clear of takers: choose the
BlockPass(k) option.

The takers’ state variables are similar to those of the keep-
ers. As before, C is the center of the region. T is the taker
that is computing the state variables, and T>-T,, are the
other takers ordered by increasing distance from K;. K;mid
is the midpoint of the line segment connecting K and Kj;
for i € [2,n] and where the K; are ordered based on increas-
ing distance of K;mid from 7. That is, Vi, 7 s.t. 2 < ¢ < j,
dist(Ty, Kymid) < dist(T1, K;jmid). With 3 keepers and 3
takers, we used the following 18 state variables:

o diSt(Kl, C), diSt(KQ, C), diSt(Kg, C)



dist(Ty,C), dist(T2, C), dist(T3,C)
dZSt(Kl, Kz) dist(Kl, K3)
dZSt(Kl, Tl) diSt(Kl, TQ), diSt(Kl, Tg)
dzst(Tl, K>mid), dist(T1, Ksmid)
Min(dist(K>mid, T), dist(K>mid, T3))
Min(dist(Ksmid, T»), dist( Ksmid, T3))
Min(ang(K2, K1,T>),ang(K2, K1,T53))
Min(ang(Ks, K1,T2),ang(Ks, K1,T5))
number of takers closer to the ball than T}
Once again, this list generalizes naturally to different num-
bers of keepers and takers.

4. REINFORCEMENT LEARNING
ALGORITHM

We used the SMDP version of the Sarsa(A) algorithm
with linear tile-coding function approximation (also known
as CMACs) and replacing eligibility traces (see [1, 15, 21]).
Each player learned independently from its own actions and
its own perception of the state. One complication is that
most descriptions of Sarsa()) assume the agent has control
and occasionally calls the environment to obtain the next
state and reward, whereas here the RoboCup simulator re-
tains control and occasionally presents state perceptions and
option choices to the agent. This alternate orientation re-
quires a different perspective on the standard algorithm. We
need to specify three routines: 1) RLstartEpisode, to be run
by the player on the first time step in each episode in which
it chooses an option, 2) RLstep, to be run on each SMDP
step, and 3) RLendEpisode, to be run when an episode ends.
These three routines are given in Figure 3. Note that the
traces decay only on SMDP time steps. In effect, we are
using variable A [21], setting A = 1 for these missing time
steps. This scheme is one reasonable way to handle eligibil-
ity traces for SMDPs.

As we explain below, the primary memory vector g and
the eligibility trace vector € are both of large dimension (e.g.,
thousands of dimensions for 3v2 keepaway), whereas the fea-
ture sets F, are relatively small (e.g., 416 elements). The
steps of greatest computational expense are those in which
§ and € are updated. By keeping track of the few nonzero
components of €, however, this expense can be kept to a
small multiple of the size of the F, (i.e., of 416). The initial
value for § was 0.

For the results described in this paper we used the follow-
ing values of the scalar parameters: o = 0.125, ¢ = 0.01, and
A = 0. In previous work [18], we experimented systemati-
cally with a range of values for the step-size parameter. We
varied « over negative powers of 2 and observed the classical
inverted-U pattern, with fastest learning at an intermediate
value of about o = 272 = 0.125, which we use here. We also
experimented informally with e and A. The value e = 0.01
appears sufficiently exploratory without significantly affect-
ing final performance. The effect of varying A is not yet
clear, so in this paper we treat the simplest case of A = 0.

It remains to specify how the feature sets JF, are con-
structed by the tile coding process. We use general tile
coding software which allows us to take arbitrary groups
of continuous state variables and lay infinite, axis-parallel
tilings over them (e.g., see Figure 4). The tiles containing
the current state in each tiling together make up a feature
set Fq, each action a indexing the tilings differently. The
tilings are formally infinite in extent, but in our case, all

RLstartEpisode:
For all a € A(current state):
Fa < set of tiles for @ and current state
Qa Eie]—'a 0(i)
arg maxq Qq
random option
LastOptionTime < CurrentTime
€=0
For all 1 € Frastoption:
e(i) « 1

w/prob. 1 —¢€

LastOption < w/prob. €

RLstep:
r < CurrentTime — LastOptionTime
01— QLastOption
For all a € A(current state):
Fa < set of tiles for a and current state
Qa Eie]—'a 0(3)
arg maxq Qa
random option
LastOptionTime < CurrentTime
(Z<_ (i‘i‘ QLastOption
0—0+ade
QLastOption — Eie]:La.stOption 9(2)
€<+ A€
If player acting in current state:
For all a € A(current state) s.t. a # LastOption:
For all 2 € Fy:
e(i) «+ 0
For all ¢ € Frastoption:
e(i) <1

w/prob. 1 — €

LastOption «+ w/prob. €

RLendEpisode:
r < CurrentTime — LastOptionTime
(i<_ 7:_ QLastOption
0+—0+ade

Figure 3: The three main routines of our Sarsa(\)
implementation presented for a keeper. A taker has
the sign of the reward, r, reversed. As discussed
in the text, the set of actions available, 4, may de-
pend on the state. For example, the keepers not in
possession of the ball must select the Receive op-
tion, whereas the keeper with the ball chooses from
among HoldBall and PasskThenReceive.

the state variables are in fact bounded. Nevertheless, the
number of possible tiles is extremely large, only a relatively
few of which are ever visited (in our case about 10,000).
Thus the primary memory vector g and the eligibility trace
vector € have only this many nonzero elements. Using open-
addressed hash-coding, only these nonzero elements need be
stored.

In our experiments we used primarily single-dimensional
tilings, i.e., simple stripes or intervals along each state vari-
able individually. For each variable, 32 tilings were overlaid,
each offset from the others by 1/32 of a tile width. In each
tiling, the current state is in exactly one tile. The set of all
these “active” tiles, one per tiling and 32 per group of state
variables, is what makes up the F,. In the 3v2 case, there
are 416 tiles in each F, because there are thirteen state vari-
ables making thirteen single-variable groups, or 1332 = 416
total. For each state variable, we specified the width of its
tiles based on the width of generalization that we desired.
For example, distances were given widths of about 3.0 me-
ters, whereas angles were given widths of about 10.0 degrees.

The choice here of state variables, widths, groupings, and



——Tiling #1

Tiling #2

State Variable #2

State Variable #1

Figure 4: Our tile-coding feature sets were formed
from multiple overlapping tilings of the state vari-
ables. Here we show two grid-tilings overlaid over
the space formed by two state variables. (In
this paper we primarily considered one-dimensional
tilings.) Any state, such as that shown by the dot,
is in exactly one tile of each tiling. Tile coding, also
known as CMACs, has been widely used in conjunc-
tion with reinforcement learning systems (e.g., [27,
9, 6]).

so on, was done manually. Just as we as people have to
select the state variables, we also have to determine how
they are represented to the learning algorithm. A long-term
goal of machine learning is to automate representational se-
lections, but to date this is not possible even in supervised
learning. Here we seek only to make the experimentation
with a variety of representations relatively easy for us to do.
The specific choices described here were made after some
experimentation with learning by the keepers in a policy-
evaluation scenario [18].

As described in Section 3.2, we used similar features and
tilings for the takers as described above for the keepers. One
exception is that we considered the last variable—the num-
ber of takers closer to the ball than T7—as special in that
it is effectively conjoined with each other state variable. We
accomplished these conjunctions by creating separate tilings
for each state variable and for each possible value of this
special variable (it can take on as many values as there are
takers). To counter the potential increase in computational
complexity caused by extra tiling groups, we used only 8
tilings per conjunction, rather than 32.

This representation, which ignores most possible state-
variable conjunctions, may be less well suited to the takers
than it is to the keepers. We leave experimentation with
representations for the takers as future work.

5. EMPIRICAL RESULTS

Our main results to date have focused on learning by the
keepers in 3v2 keepaway in a 20x20 region. For the oppo-
nents (takers) we used the Hand-coded-T policy (note that
with just 2 takers, this policy is identical to All-to-ball). To
benchmark the performance of the learned keepers, we first
ran the three benchmark keeper policies, Random, Hold,
and Hand-coded, as laid out in Section 3.1. Average episode
lengths for these three policies were 5.5, 4.8, and 5.6 seconds
respectively. Figure 5 shows histograms of the lengths of the
episodes generated by these policies.

Hold

100 - Histogram of

episode lengths
of benchmark

50 keeper policies

0.8 2 4 6 8 10 12 14 16
Episode length (sec)

Figure 5: Histograms of episode lengths for the 3
benchmark keeper policies in 3v2 keepaway in a
20x20 region.

We then ran a series of eleven runs with learning by the
keepers against the Hand-coded-T takers. Figure 6 shows
learning curves for these runs. The y-axis is the average
time that the keepers are able to keep the ball from the
takers (average episode length); the z-axis is training time
(simulated time = real time). The performance levels of the
benchmark keeper policies are shown as horizontal lines.

14r
12
Episode 101

Duration
(seconds) 8f

6 random
= always
hold
4L, . . .
0 10 20 25

Hours of Training Time
(bins of 1000 episodes)

Figure 6: Multiple successful runs under identi-
cal characteristics: 3v2 keepaway in a 20x20 region
against hand-coded takers.

This data shows that we were able to learn policies that
were much better than any of the benchmarks. All learn-
ing runs quickly found a much better policy than any of
the benchmark policies, including the hand-coded policy. A
better policy was often found even in the first data point,
representing the first 1000 episodes of learning. Qualita-
tively, the keepers appear to quickly learn roughly how long
to hold the ball, and then gradually learn fine distinctions
regarding when and to which teammate to pass.

Next, we applied the same algorithm to learn policies spe-
cialized for different region sizes. In particular, we trained
the takers in 15x15 and 25x25 regions without changing any
of the other parameters, including the representation used
for learning. The results shown in Table 5 indicate that the
learned policies again outperformed all of the benchmarks.
In addition, it is apparent that policies trained in the same
size region as they are tested (shown in boldface), performed
better than policies trained in other region sizes. In general
it is easier for the keepers to keep the ball in a larger field
since the takers have further to run. Thus, we observe a
general increase in possession time from left to right in the



table. These results indicate that different policies are best
on different field sizes. Thus, were we to take the time to
laboriously fine-tune a hand-coded behavior, we would need
to repeat the process on each field size. On the other hand,
the same learning mechanism is able to find successful poli-
cies on all three field sizes without any additional human
effort.

Testing Field Size
| Keepers | 15x15 ] 20x20 [ 25x25
Trained 15x15 11.0 9.8 7.2
on field 20x20 10.7 15.0 12.2
of size 25x25 6.3 10.4 15.0
Hand 4.3 5.6 8.0
Benchmarks Hold 3.9 4.8 5.2
Random 4.2 5.5 6.4

Table 1: Performance (possession times) of keep-
ers trained with various field sizes (and benchmark
keepers) when tested on fields of various sizes.

Finally, we applied our learning algorithm to learn policies
for a slightly larger task, 4 vs. 3 keepaway. Figure 7 shows
that the keepers learned a policy that outperformed all of
our benchmarks in 4v3 keepaway in a 30x30 region. In this
case, the learning curves still appear to be rising after 40
hours: more time may be needed to realize the full potential
of learning.

10+
9 .
Episode
Duration 8|
(seconds) handcoded
7 -
random
6+
always hold
0 10 20 30 40 50
Hours of Training Time
(bins of 1000 episodes)
Figure 7: Multiple successful runs under identi-

cal characteristics: 4v3 keepaway in a 30x30 region
against hand-coded takers.

We have also begun exploring taker learning. As noted in
Section 3.2, the representation used for the keepers may not
be suited to taker learning. Nonetheless, using this represen-
tation, takers were able to learn policies that outperformed
the Random and All-to-ball taker policies. The best learned
policies discovered so far perform roughly equivalently to
the Hand-coded-T policy.

Our on-going research is aimed at improving the ability of
the takers to learn by altering their representation and/or
learning parameters. One promising line of inquiry is into
the efficacy of alternately training the takers and the keepers
against each other so as to improve both types of policies.

6. RELATED WORK

Reinforcement learning has been previously applied to
robotic soccer. Using real robots, [25] used reinforcement

learning methods to learn to shoot a ball into a goal while
avoiding an opponent. This task differs from keepaway in
that there is a well-defined goal state. Also using goal-
scoring as the goal state, TPOT-RL [19] was successfully
used to allow a full team of agents to learn collaborative
passing and shooting policies using a Monte Carlo learning
approach, as opposed to the TD learning explored in this
paper. Andou’s [2] “observational reinforcement learning”
was used for learning to update players’ positions on the
field based on where the ball has previously been located.

Perhaps most related to the work reported here, [14] uses
reinforcement learning to learn low-level skills (“moves”),
such as kicking, ball-interception, and dribbling, as well as
a cooperative behavior in which 2 attackers try to score
against one or two takers. In contrast to our approach, this
work use the full sensor space as the input representation,
with a neural network used as a function approximator. The
taker behaviors were always fixed and constant, and no more
than 2 attackers learned to cooperate.

Distributed reinforcement learning has been explored pre-
viously in discrete environments, such as the pursuit do-
main [23] and elevator control [5]. This latter task differs in
that the domain is continuous, that it is real-time, and that
there is noise both in agent actions and in state-transitions.

In conjunction with the research reported here, we have
explored techniques for keepaway in a full 11 vs. 11 scenario
played on a full-size field [10]. The successful hand-coded
policies were incorporated into ATT-CMUnited-2000, the
3rd-place finisher in the RoboCup-2000 simulator competi-
tion.
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