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Abstract

The Robot World Cup Initiative (RoboCup)
is an attempt to foster AI and intelligent
robotics research by providing a standard problem where wide range of technologies can be
integrated and examined. In order for a robot
team to actually perform a soccer game, various
technologies must be incorporated including:
design principles of autonomous agents, multiagent collaboration, strategy acquisition, realtime reasoning, robotics, and sensor-fusion.
Unlike AAAI robot competition, which is tuned
for a single heavy-duty slow-moving robot,
RoboCup is a task for a team of multiple fastmoving robots under a dynamic environment.
Although RoboCup's nal target is a world cup
with real robots, RoboCup o ers a software
platform for research on the software aspects of
RoboCup. This paper describes technical challenges involved in RoboCup, rules, and simulation environment.
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Introduction: RoboCup as a
Standard AI Problem

We propose a Robot World Cup (RoboCup), as a new
standard problem for AI and robotics research. This
is a proposal to use a soccer game as a platform for
a wide range of AI and robotics research, such as design principles of autonomous agents, multi-agent collaboration, strategy acquisition, real-time reasoning, and
sensor-fusion. Every year, AAAI hosts the robot competition for a single autonomous robot. Although the
task of the AAAI competition changes every year, it
is designed for a slow-moving and heavy-duty single
robot[Nourbaksh et al 93]. The goal of the RoboCup
is the opposite. RoboCup aims at providing a standard task for research on fast-moving multiple robots,
which collaborate to solve dynamic problems. Although
RoboCup's nal target is a world cup with real robots,
RoboCup o ers a software platform for research on the
software aspects of RoboCup. In addition, we intend to
create an award for an expert robot, which demonstrates
a high-level of competence for a speci c task, such as
shooting, intercepting, etc. Thus, RoboCup consists of
three competition: the real robot competition, the soft-

ware robot competition, and the special skills competition.
Standard AI problems have been the basic driving
force for AI research. Research on computer chess, which
is the most typical example of a standard problem, lead
to the discovery of various powerful search algorithms.
Other problems including, the Yale Shooting Problem
and the Monkey-Banana, contributed to AI research by
illustrating the essential diculties involved in everyday
reasoning. Criticisms against using such problems often
focus on the fact that these are abstract tasks, which ignore essential diculties of real world problem solving.
Proponents of such criticism argue that the real world
problem must be the target of serious research. While
there is truth in such a claim, solving real world problems
inherently involves domain-speci c constraints and often
social and economic constraints, which are not necessary
common in other domains. In addition, research on usable real world systems are beyond the manpower and
funding of many research groups. This hampers comparative studies of techniques for real world tasks. Thus, we
need to setup a standard problem which is realistic, but
a ordable for many research groups.
The RoboCup is designed to meet the need of handling real world complexities, though in a limited world,
while maintaining an a ordable problems size and research cost. RoboCup o ers an integrated research task
covering the broad areas of AI and robotics. Such areas
include: real-time sensor fusion, reactive behavior, strategy acquisition, learning, real-time planning, multi-agent
systems, context recognition, vision, strategic decisionmaking, motor control, intelligent robot control, and
many more.
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Viewing a Soccer Game as A
Multi-agent Environment

A soccer game is a speci c but very attractive realtime multi-agent environment from the viewpoint of distributed arti cial intelligence and multi-agent research.
If we regard a soccer team as a multi-agent system, a lot
of interesting research issues will arise.
In a game, we have two competing teams. Each team
has a team-wide common goal, namely to win the game.
The goals of the two teams are incompatible. The opponent team can be seen as a dynamic and obstructive
environment, which might disturb the achievement of

the common team goal. To ful ll the common goal, each
team needs to score, which can be seen as a subgoal.
To achieve this subgoal, each team member is required
to behave quickly, exibly, and cooperatively; by taking
local and global situations into account.
The team might have some sorts of global (team-wide)
strategies to ful ll the common goal, and both local and
global tactics to achieve subgoals. However, consider the
following challenges:
1. the game environment, i.e. the movement of the
team members and the opponent team, is highly
dynamic.
2. the perception of each player could be locally limited.
3. the role of each player can be di erent.
4. communication among players is limited, therefore, each agent is required to behave very exibly
and autonomously in real-time under the resource
bounded situation.
Summarizing these issues, a soccer team can be viewed
as a cooperative distributed real-time planning scheme,
embedded in a highly dynamic environment. In cooperative distributed planning for common global goals,
important tasks include the generation of promising local plans at each agent and coordination of these local
plans. The dynamics of the problem space, e.g. the
changing rate of goals compared with the performance of
each planner, are relatively large, reactive planning that
interleaves the plan generation and execution phases is
known to be an e ective methodology at least for a single
agent [McDermott 78, Agre and Chapman 87, Maes 91,
Ishida and Korf 91] to deal with these dynamic problems.
For cooperative plan schemes, there are frequent
changes in the problem space or the observation of each
agent is restricted locally. There is a trade-o between
communication cost, which is necessary to coordinate
the local plans of agents with a global plan, and the
accuracy of the global plan (this is known as the predictability/responsiveness tradeo ). The study of the
relationship between the communication cost and processing cost concerning the reliability of the hypotheses
in FA/C [Lesser and Erman 80], and the relationship between the modi cation cost of local plans and the accuracy of a global plan in PGP [Durfee and Lesser 87]
illustrate this fact. Also, Korf addressed it theoretically
in [Korf 87].
Schemes for reactive cooperative planning in dynamic problem spaces have been proposed and evaluated
sometimes based on the pursuit game (predator-prey)
[Benda et al. 85,
Stephens and Merx 89,
Gasser et al. 89,
Levy and Rosenschein 92,
Korf 92, Osawa 95]. However, the pursuit game is a relatively simple game. Tileworld[Pollack and Ringuette 90]
was also proposed and studied[Kinny and George 91,
Ishida and Korf 91]. However, the environment is basically for the study of a single agent arichtecture.
We see that a robot soccer game will provide a much
tougher, fertile, integrated, exciting, and pioneering eval-

uation environment for distributed arti cial intelligence
and multi-agent research.
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Research Issues for RoboCup with
Real Robots

In this section, we discuss several research issues involved
in realizing real robots for RoboCup.


Design of RoboCup player and their control:

Existing robot players have been designed to perform mostly single behavior actions, such as pushing/driblling/rolling [Connel and Mahadevan 93a,
Asada et al. 95,
Sahota 94],
juggling
[Rizzi and Koditschek 93, Schaal and Atkeson 94],
or hitting [Watanabe et al. 94]. A RoboCup player
should be designed so that it can perform multiple
subtasks such as shooting (including kicking), dribbling (pushing), passing, heading, and throwing a
ball; which often involves the common behavior of
avoiding the opponents. Roughly speaking, there
are two ways to build RoboCup players:
1. Design each component separately, which is
specialized for a single behavior and then assemble them into one.
2. Design one or two components that can perform multiple subtasks.
Approach 1 seems easier to design but more dicult
to build and vice versa. Since the RoboCup player
should move around quickly it should be compact;
therefore, approach 2 should be a new target for the
mechanical design of the RoboCup player. We need
compact and powerful actuators with wide dynamic
ranges. Also, we have to develop sophisticated control techniques for as few as possible multiple behavior components with low energy consumption.
The ultimate goal of a RoboCup player would be
a humanoid type, that can run, kick and pass a
ball with its legs and feet; can throw a ball with its
arms and hands, and can do heading with its head.
To build a team of humanoid type robots currently
seems impossible, this is just future goal.
 Vision and sensor fusion: Visual information is
a rich source of information to perceive, not only
the external world, but the e ects of the robot's
actions as well. Computer Vision researchers have
been seeking an accurate 3-D geometry reconstructing from 2-D visual information, believing in that
the 3-D geometry is the most powerful and general
representation. This could be used in many applications, such as view generation for an video database,
robot manipulation and navigation. However, the
time-consuming 3-D reconstruction may not be necessary nor optimally suited for the task given to
the RoboCup player. In order to react to the situation in real time, the RoboCup player quickly
needs information to select behavior for the situation. we are not suggesting a special-purpose vision
system, just that the vision is part of a complex system that interacts in speci c ways with the world
[Aloimonos 94]. RoboCup is one of these worlds,

which would make clear the role of vision and evaluate the performance of image processing which has
been left ambiguous in the computer vision eld.
In addition to vision, the RoboCup player might
need other sensing devices such as: sonar, touch,
and force/torque, to discriminate the situations that
cannot be discriminated from only the visual information nor covered by visual information. Again,
the RoboCup player needs the real time processing for multi-sensor fusion and integration. Therefore, the deliberative approaches with rough estimation using multi-sensor system does not seem suitable. We should develop a method of sensor fusion/integration for the RoboCup.
 Learning RoboCup behaviors: The individual
player has to perform several behaviors, one of
which is selected depending on the current situation. Since programming the robot behaviors for
all situations, considering the uncertainties in sensory data processing and action execution is unfeasible, robot learning methods seem promising. As
a method for robot learning, reinforcement learning has recently been receiving increased attention with little or no a priori knowledge giving
higher capability of reactive and adaptive behaviors [Connel and Mahadevan 93b]. However, almost
all of the existing applications have been done only
with computer simulations in a virtual world, real
robot applications are very few [Asada et al 94a,
Connel and Mahadevan 93a]. Since the prominence
of the reinforcement learning role is largely determined by the extent to which it can be scaled
to larger and complex robot learning tasks, the
RoboCup seems a very good platform.
At the primary stage of the RoboCup tournament, one to one competition seems feasible. Since
the player has to take the opponent's motions
into consideration, the complexity of the problem is much higher than that of simple shooting
without an opponent. To reduce the complexity, task decomposition is often used. Asada et
al. [Asada et al 94b] proposed a method for learning a shooting behavior avoiding a goal keeper.
The shooting and avoiding behaviors are independently acquired and they are coordinated through
the learning. Their method still su ers from the
huge state space and the perceptual aliasing problem [Whitehead and Ballard 90], due to the limited
visual eld. Sahota [Sahota 94] proposed a reactive deliberation approach to the architecture for
real time intelligent control in a dynamic environment. He applied it to a one to one soccer-like game.
Since his method needs global sensing for robot positions inside the eld, it does not seem applicable
to the RoboCup that allows the sensing capability
only through the agents (see the rule section).
At the nal stage, a many-to-many competition is
considered. In this case, collective behaviors should
be acquired. De ning all the collective behaviors
as a team seems infeasible, especially, the situations where one of multiple behaviors should be per-

formed. It is dicult to nd a simple method for
learning these behaviors, de nition of social behaviors [Mataric 94]. A situation would not be de ned
as the exact positions of all players and a ball, but
might be perceived as a pattern. Alternatives, such
as \coordination by imitation," should be considered.
In addition to the above, the problems related to the
RoboCup such as task representation and environment
modeling are also challenging ones. Of course, integration of the solutions for the problems mentioned above
into a physical entity is the most dicult one.
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Rules for RoboCup

This section describes rules for RoboCup. RoboCup consists of three sections, the real robot section, the simulation section and the special skill section. In the real
robot section, real robots are controlled by themselves
or computers play matches. Competitors need to construct real robots and their control programs. The simulation section is the computer-simulation version of the
real robot section, so that competitors need to construct
only control programs for each player. In the special skill
section, competitors compete for one of the special skills,
for example, a penalty kick (PK), goal saving, humanlike actions, and so on.
In each section, play basically conforms to the rules of
human soccer. Two teams of up to 11 robots compete
with each other, trying to kick a ball into the goal of
the opponent. However, because of di erences between
robots and humans, it is necessary to simplify and modify the rules for the robots. Major changes are as follows:
 Field size is 1/20 of the World Cup soccer eld, but
the width of the goal is enlarged.
 Total number of robots in a team is limited. This
agrees with the real soccer game. We set the upper
limit to 11. We allow each team to consist of a
smaller numbers of robots, such as 3 robots or 4
robots. It is the design decision of each team.
 Total weight of robots in a team is limited. Weight
of a robot is an important factor because there is a
lot of physical contact in a soccer match.
 Total size of robots is also limited. This is necessary
to prohibit making a wall of robots to cover the goal.
 Robots may move with wheels or caterpillars instead
of legs. Considering the current state of technology,
it is a hard task to build a robot that can walk on
two legs. Therefore it is reasonable to allow wheels.
 Robots must not hold 1 a ball for more than 5 seconds. In order to `kick' the ball, robots may have
imitation legs. In this case, the robot can control the
1

`A robot holding a ball' means that the robot makes the

ball not accessible to other robots. For example, the followings are considered

{
{

holding:

To surround a ball with its arms.
To pick up the ball.

ball by using its legs like hands. In order to avoid
\holding". We introduce the \hand-ball" rule.
 Fouls concerned with the intentions of player and
ows of plays, such as obstruction, dangerous charging etc., are ignored. Considering the current state
of technology, it is dicult to determine the intentions of robots. Therefore it is dicult to judge
these fouls.
 In the simulation section, we will use a soccer server
system, which provides an interface to control a
player via networks for each client program. A client
program can control a player on a eld with \dash",
\turn" and \kick" commands. The client can get information about the eld and messages from other
players and referees.
In the early stages of RoboCup, human referees will
control the match. Many soccer rules require the subjective interpretation of the referee. Therefore, it is dicult
to judge plays automatically. However building a referee
program and robot is an important open problem.
These RoboCup rules described in this section are tentative and details are currently under discussion.
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RoboCup Simulator { MARS

MARS is a network-based graphical simulation envi-

ronment for multiple autonomous mobile robots in a
2D space. This simulator is under development by
Electrotechnical Laboratory, using the EuLisp objectoriented programming environment, developed by Dr.
Toshihiro Matsui of ETL.
Development Status: As of March, 1995, a prerelease version of MARS is in use within ETL. We are
actively improving the system and plan to release the
rst version free of charge, within the rst half of 1995.
A multi-threaded version will follow shortly.
Purpose: MARS is intended for use in intelligent
robotics research on single/multiple mobile robot(s),
such as RoboCup, behavior learning, map building, collective intelligence, multi-robot cooperation, cooperative
learning, etc.

5.1 System Overview

The MARS system adopts a modular architecture; a
physical simulation module, robot control modules, a
graphical user interface module (GUI), and network interface modules.
Physical Simulation: Our current physical simulation module handles four types of objects: walls (static
obstacles, used for goal posts), area (static area with
containment checking used for soccer court representation), blocks (passive objects), and a robot-body (active objects).
Robot Models: There is a clear interface between
the physical simulation module and the robot control
modules. Any number of robot models can be generated
and simulated in (pseudo-)parallel. Each robot consists
of a pair of modules, a robot-body and a robot-brain.
A robot-body de nes physical properties of a robot and
a robot-brain de nes how the robot behaves.

Sensor Models: A user can choose and attach any
number of sensors to any place of a robot-body. Currently available sensor models are as follows: distance
(odometry), angle (rotation), touch, infrared, radar
(sonar), and eye (object-name sensor). Noise or uncertainty is not considered in the current version.
Robot Brains: A robot-brain is a user de ned
module for processing the simulated sensor data and generating action commands. It must accept sensor data
and return action commands. In addition, it must be
written as a re-entrant program, time-sliced by a :step
message, sent by the global control loop. As long as these
constraints are met, a user can adopt any cognitive architecture. The system provides an example behavior-based
type architecture as a default.
Network Extension: Each robot-brain can be congured to be connected to an external process, via an
asynchronous socket connection (UDP/IP). In this case,
a user can use an arbitrary language (C, Prolog, Scheme,
Perl, etc...) and an arbitrary control scheme (sequential,
multi-thread, etc.) to write the remote-brain. Thanks
to the asynchronous connection, a user does not have to
worry about handshaking or timing problems concerning
communication. Moreover the simulator server is not affected by communication failures.
GUI: The MARS main window has a menu-bar
with several buttons for controlling the system. Also,
the system has a built-in graphical editor for creating/modifying the physical environment, including the
robot-body. You can save/load a physical environment
de nition together with agent de nitions to/from a le.
5.2 Soccer Speci c Extensions

Soccer speci c brain-body message protocol is given in
Table 1. The messages are de ned on top of the primitive
messages/actions provided in MARS.
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Summary

In this paper, we proposed a RoboCup as a new standard AI problem. RoboCup provides rich research issues
for a wide range of AI and robotics studies. We are currently inviting participation to this initiative, in order to
de ne rules of play, develop a common research environment, and to host competitions and workshops. Those
who are interested in RoboCup, please send e-mail to
RoboCup@csl.sony.co.jp. Or write to: Robot World
Cup Initiative (RoboCup), c/o Hiroaki Kitano, Sony
Computer Science Laboratory, 3-14-13 Higashi-Gotanda,
Shinagawa, Tokyo 141 Japan, or Prof. Minoru Asada,
Department of Mechanical Engineering, Osaka University, Suita, Osaka, 565 Japan.
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