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Abstract 
In this paper we present an architecture which does not rely on any 

fixed hierarchy of agents in an attempt to remove dependencies and 
predictability from our system. We also present one method of simplifying the 
choice between available strategies by predicting the type of chassis used by the 
opposition, and therefore its limitation of movement. We consider the question 
of when are learning methods appropriate and in what areas are other, simpler 
approaches more efficient. We also develop coaching as a method of implanting 
simple maneuvers and tactical planning into our system. We consider the 
problem of bow to distribute intelligence within the system, and the degree of 
independence and autonomy accorded to each player. 

1. Introduction 
Considerable research has gone into various architectures, agents and systems for the 
control of  autonomous robots.(Brooks 1986; Asada 1996). Approaches range from 
individual robots controlled using simple state machines through to complex multi- 
agent systems. Increasingly, the problem of  the coordination and collaboration 
between multiple robots is being explored. (Michael K. Sahota 1994; Noda et. al. 
1996; Scan Luke 1996; Sorin Achim 1996). One such problem is RoboCup (Hiroaki 
Kitano 1995), the world robotic soccer championship. Soccer is a multi-player game 
where players have incomplete information conceming the game state (Noda et. al. 
1996). As such the approach to this problem offers significant opportunities for 
research into coordination, and cooperation in dynamic team based activities. 

Noda (Noda et. al. 1996) has developed a simulated environment in which to explore 
the problem of multi-agent systems and soccer. It provides for the experimentation of 
cooperation protocol, distributed control and effective communication. Noda (Noda 
et. al. 1996) describes the important characteristics of  soccer: 
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• Robustness is more important than elaboration. A team should take a fail-safe 
strategies, because play plans and strategies may fail by accidents. 

• Adaptability is required for dynamic change of plans according to the operations 
of the opposing team. 

• Team play is advantageous 
• A match is uninterrupted. Each player is required to plan in real-time, because it 

is difficult to make a whole plan before plays. 
• As precise communication by language is not expected, effectiveness must be 

provided by combining simple signals with the situation. 

2. Physical Agents 

RoboCup provides two challenges: a completely simulated soccer tournament based 
on the environment of  (Noda et. al. 1996), and a competition for real robots as 
described by (International and RoboCup-97 1996). Our research efforts focus on the 
real robot system for the middle sized league and the architecture we present has 
been specifically developed for that competition. One of the major reasons for this 

approach is because of the flexibility that this class of robot (International and 
RoboCup-97 1996) allows us in the distribution of our control system. The 
smaller scale is more physically restricting in what may be carried on board the 
robot. We are using the process of developing a real soccer playing system as the 
basis for various coordinated robot and vision analysis research programs for use in 
real world industrial problems. 

The architecture for our robotic soccer system differs from other approaches,(Sorin 
Achim 1996) in several aspects: firstly we are distributing the intelligence of each 
robot between on board systems and extemal systems. Our robots are not simply 
trolleys that are interfaced to an external system and act under remote control. We 
are incorporating several intelligence components, such as the real time reactive 
system, on board each robot. There are several good reasons for this approach. 
Including components of the intelligent control system on board increases the 
autonomy of the individual robots and in the case of real time reactivity, creates a 
tighter fusion between sensors, control and effectors. 
The second significant feature of our approach, [Tomohiro Yamaguchi, 1996 #26] is 
that we are following the concept that some intelligent behaviors can be imparted by 
instruction and coaching while other intelligent behaviors must be learned. Skills of 
ball control and kicking do not need to be learned, they can be imparted by use of 
rules, algorithms and coaching. Learning in our system is aimed at the combining of 
simple skills to form more sophisticated behavior, and in modifying the basic skills 
to achieve different performance. The focus of  learning in our robots is in gaining 
and refining skills that cannot be achieved any other way in reasonable time or must 
be adapted during the course of a match. 
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Our robots consist of an omni-directional chassis and 360 degree video camera. The 
chassis is capable of rapid acceleration in any direction from a standing start and has 
a power to weight ratio roughly twice that of a typical remote control car of similar 
size. The vision system can sample 360 degrees of the area surrounding the robot, 
and a low power real time image processing unit is mounted inside each robot. This 
dramatically reduces the required communication bandwidth if raw video data is not 
shipped off board for processing. 
Our robot does not use sophisticated kicking methods since it was found by simple 
application of the laws of kinetic energy that the robot colliding with the ball would 
generate sufficient force to suitably displace it. The vision system and ability of our 
chassis to move in any direction allow us to reduce problems, such as dribbling the 
ball, to simple control algorithms as shown in Figure 1. 

Approach Ball, 
assign arbitrary X 

and Y axis wrt 
direction of ball, 

the right. Move I the left Move [ ahead. Move 
robot right and robot left and robot forward 

forward forward 

Figure 1 Simple ball dribbling algorithm 

We believe that it is not necessary for our robots to learn absolutely everything, and 
so fundamental skills such as dribbling, kicking, shooting for goal and passing, are 
treated as control system problems rather than as learning problems. 
The learning problem that we are focusing on is how to combine such simple tasks 
into complex meaningful behavior and how to adapt basic skills to exhibit more 
sophisticated behavior. For example if in the act of shooting for goal, the robot 
actually moves slightly off center of the ball, how is the trajectory of the ball 
affected? The actual algorithm for shooting rem~ns the same with the addition of an 
offset in the position of the robot at the time of kicking. A new way of kicking does 
not need to be learned, simply adapt the existing one. This can be done with a simple 
algorithm for kicking, and by coaching the algorithm vary its behavior. In addition, 
we are focusing on the problem of how to select between two or more complex 
behaviors of relatively equal merit. This problem is different to training algorithms to 
be more efficient since both strategies may be entirely suitable under different 
circumstances. For example, certain strategies for passing and shooting may work 
well against one opposition, but when applied to a different opposition they may 
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prove to be ineffective. In order to make such distinctions we must first make 
predictions about the opposing team. For this reason our architecture incorporates 
predictive agents whose purpose is to examine aspects of the game, the opposition, 
and our own team and try to distil information which will help us to decide between 
comparable strategies. 

3. Predictive Agents 

J \  
l ° -  J 

Figure 2 Relative motion of three likely chassis types 

One such predictive agent determines the difference between opposition team chassis 
types. We consider three chassis most likely to be used in the middle sized 
competition; the standard 'model car', the differentially steered robot, and the omni- 
directional robot. Basic differences between the movements of  each chassis type are 
shown in Figure 2. 
An agent which predicts the chassis type observes the motion of the robot in question 
and compares data received with the patterns above and infers the motions which the 
opposition team are capable of making. It is quite evident that a robot based on the 
model car chassis has only limited movement in directions parallel to its axles, but is 
far more likely to have significant forward and reverse speed. This kind of prediction 
is not uncommon in human sporting events - 'sizing up' your opponent is a typical 
part of many team games. 

4. Robot Architecture Considerations 

Since we are developing a control architecture for real robots we must take the 
physical nature of our agents into consideration. The simplest approach is to make 
robots which have a very basic chassis, possibly with cameras attached, and keep all 
of the intelligence off field, essentially replacing a human remote control with a 
computer remote control. This is effective provided the communication channel is of 
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suitable bandwidth, or the instruction set to each of the robots is limited. Very little 
on board processing is possible in such a system. The must defer back to the off field 
system for any decision making process. Despite the fact that individual robots may 
be equipped with different effectors, control depends heavily on an extended link 
between 'brain' and 'body'. For economic reasons we are unable to use individual off 
field systems to control each robot separately so we would be dependent on one 
centralized system for all of our decision making. 
At the opposite extreme, all of the decision making capability could be incorporated 
on board each robot. Each robot would contain real time reactive control along with 
planning, possibly prediction and then solve the problem of communicating and 
coordinating with its team members. Clearly this approach is flawed if every player 
comes up with an idea and then has to try and convince the others to come along. 
Our robots would spend more time negotiating than playing soccer. 
Soccer is a game for multiple players coordinating together, but this does not mean 
that the individual skills and personal attributes of each player are identical, nor are 
they completely obliterated in favour of the team mentality. It is quite possible for 
one player to perform individually on the field, without any assistance at all. 

Our Soccer system can be viewed from two perspectives: 

• It is a group of unique individuals, possibly with significantly varying abilities 
and skills and each with a unique perspective on the game, but each with a 
common purpose. 

• It is a team of players coordinating and collaborating together to achieve a 
common goal, who must set aside individual aspirations in favour of the team 
mentality 

By utilising on board control we are allowing each robot to express its own 
uniqueness, and the ability to take charge of a situation, for example, the event that 
the ball lands at the feet of one robot without warning. A likely move for this robot 
would be to attempt to trap the ball and possibly make a run for the goal, or play 
keepings off until the team oriented decision making process catches up with the 
current situation. We have therefore chosen to distribute control between onboard 
and off field systems with centralised coordination and collaboration. In the next 
section we present our architecture for achieving this distribution. 

5. Architecture 

Traditionally there have been two types of control architectures, horizontally 
partitioned and vertically partitioned (Brooks 1986) (Jennings 1994). Vertically 
layered behavioral architectures have the problem of how to code increasingly 
complicated behaviors and how to successfully order a group of behaviors one 

above another (Asada 1996). Traditionally, the next layer up has been a more 
sophisticated behavior that subsumes control when certain conditions are fulfilled. 
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Determining these conditions particularly for a more complex behavior is also a 
problem. Horizontally partitioned systems generally produce one path only from 
sensors to effectors. Information is received, filtered, processed and responded to in a 
sequential fashion. This is the typical approach to most industrial control problems 
where it is always desired to perform the same operation in the same way. Unlike 
vertically layered behavioral architectures there is little redundancy built into this 
architecture. Although both architectures have their place we consider several 
problems when implementing either approach. How can a horizontally partitioned 
architecture be distributed between on board and off field systems? How does such a 
system cope with changing its behavior to compete with the current opposition team? 
How does passing relate to kicking in a layered architecture? Which of these two 
behaviors is the higher level behavior in a Vertically layered system? What is the 
minimal behavior of soccer playing robots? Why is it necessary to have our robots 
learn everything from scratch? 
It is important to note that both systems have their place, however we feel that neither 
are particularly suited to the problems inherent in constructing physical robots to play 
soccer. We present in the following section our approach to the problem and identify 
those problems that are still under investigation. 

In our architecture we use three types of agents 

1. Real-time reactive agents which take inputs, process in a timely fashion and 
modify outputs to effectors accordingly. Inputs can be sensors, filtered data from 
a camera or a request to perform from another agent. 

2. Deliberative agents take the same information from inputs as reactive agents, but 
whose response is not immediate. Typically a deliberative agent in our system is 
not considering problems which must be solved and implemented prior to a 
change in the state of the game. Deliberative agents plan longer term strategies 
and implementations, often incorporating other agents into their plans, whose 
functions are already known. 

3. Predictive agents consider inputs from all sources but rather than affect outputs 
and effectors directly, act as inputs to other types of agents, for example 
suggesting a possible place to enact a blocking strategy. 

In our architecture we place no hierarchy on any of these types of agents, all are 
treated as being of equal significance. Nor do we seek to order agents in any 
particular fashion, with one subsuming control directly after another because we feel 
that this order is not likely to remain constant. Soccer is a dynamic game with 
unpredictability and incomplete information. We can estimate certain strategies that 
are required at a fundamental level, but if these strategies are countered by the 
opposition, then they will be ineffective. For example, if an opposition team worked 
out that "if their robot with the ball stops still, its next move is always to the right" 
then they could predict the best place to counter. Hence having a fixed order of 
subsumption would not be beneficial. 
As with other architectures we allow all agents to receive and process inputs 
simultaneously. Not all agents will process the information at the same rate or seek to 
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enact their output at the same time. Similarly, if we have one agent enacting its 
output we may not want other agents taking control. 

6. Relationships Within The Team 

Figure 3 shows the relationships that we believe are important in a team of soccer 
playing robots. The coach provides training feedback, positive and negative rewards 
as well as providing new concepts for strategies. The coach can interface directly to 
the entire team, or to individual members of the team. 

Coach 

Team System H Interface to 
Coach 

Individual 1 ~  Player Interface 
to Coach 

Team 
Decision/Evaluation/Impliment ation 

I Team System 
Interface to 

Players 

Individual Player 
Decision/Evaluation/Implimentation 

Figure 3 Relationships within our soccer system 

For example, the coach may suggest a two player move in which one robot moves 
down the left flank with the ball and then passes it across goal to a player who has 
moved down the right flank who then takes a shot at goal. The mechanism for the 
coach to suggest this play is shown in Figure 4. 'The Coach' or Tactics Planning is a 
way of inputting approximate suggestions for what may be suitable plays in a 
graphical sense. All typical logic constructs may be used in developing plays. These 
plays can then be refined using positive and negative rewards and via corrections and 
adjustments from the coach to help the two robots concerned complete the play 
effectively. 
At some stage during the game, any one of five of our robots may acquire the ball in 
the defensive half on the left wing. If all robots are identical in operation and 
effectors then our soccer system does not concern itself with which robot. The play 
itself becomes viable if two robots are approximately in the starting positions of this 
play. Significantly, the play can be made viable if prior to selecting the agent to 
implement this strategy, another agent is called which specifically sets up the 
conditions for this strategy. 
Interfacing directly to individual members of the team is particularly important in 
cases where for example one player is physically different to another player and 
needs specific training on how to use its effectors most profitably. The coach can be 
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used to implant knowledge to all members or selected members of the team, and to 
develop each type of agent in the decision shell. 

Figure 4 'The Coach' 

7. Software Model 

Each robot is implemented using the model shown in Figure 5. The Implementing 
Core handles motor control, collision sensors, vision and other I/O. Information 
gathered is available to all 'shells' within the model, consequently, it may be passed 
to other robots or off field systems via the communications layer. 
All decision making agents exist within the Reacting/Planning/Anticipating (or 
Decision) shell. There can be any number of these agents, with varying capabilities 
from simple state machines through to complex fuzzy logic learning agents and 
genetic algorithms. Each agent within this shell will maintain a record of its past, as 
well as user programmed information relating to its importance and value. To take a 
simple case, one agent that will exist in each robot will avoid the walls. This agent 
will have the highest priority of any agent, and will not, as a result of its priority, be 
able to be overridden by another agent intent on colliding with the walls. A different 
agent, for example one which passes the ball, may indicate that it was successful in 
the past against car based chassis but not against differentially steered robots. Hence 
it is less likely to be considered a viable choice by the evaluation shell than one 
which has proven successful against differentially steered robots. 
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The Evaluation Shell provides the greatest number of challenges and problems, many 
of which have no one single solution and must be approached with care. The purpose 
of this shell is to examine each of the agents in the Decision Shell that have signified 
their readiness to produce an output and attempt to choose between them. At the 
same time data gathered from various anticipating agents is also considered. A 
number of fundamental problems exist, for example, how to correctly award merit to 
each agent? How to evaluate success or failure of a strategy? How to consider 
outside influences on the process of reward? Our research attempts to address these 
problems in the domain of robotic soccer. 
A merit based selection system is being investigated for this shell, and we are 
developing a mechanism using the concept of coaching to improve the allocation of 
merit to each available agent. Several features of this system are probable however. 
Reactive agents are likely to have a higher priority than most deliberative agents due 
to their need to act in a timely manner. Predictive agents can influence the choice of 
strategy and the types of strategy which are available for selection. 

Figure 5 Control Structure for One Robot 

The evaluation shell also considers the strategy currently being implemented and if it 
finds that the strategy is not performing as desired it can 'cancel' that strategy in 
favour of a more current or beneficial strategy. One example of this is if a pass is 
intercepted in the middle of a strategy and the ball is lost to the other side, then 
continuing with that strategy is pointless and should be ceased. 

Control of the team can be described in the same manner as for each individual robot 
as shown in Figure 6, with the implementation core now consisting of five team 
members, all with their own unique structure as previously described. The individual 
shells perform exactly as before except that the agents present in the Decision Shell 
will be considering different problems than each individual robot. Agents at the 
system or team level implement strategies affecting the team rather than the 
individual. As before, all I/O information is available to any shell and may, as a 
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consequence of the communicating shell be passed out of the system, in this case, to 
the user interface or 'Coach'. Similarly, information fed back to the system from 
individual robots is also available to the System Communicating Shell, hence we 
have demonstrated the presence of each of the relationships of Fig~e 3 within our 
architecture . As described for a single robot, the Evaluation Shell provides the 
greatest fundamental problems and we are investigating a similar merit based system 
implemented at the team level. 

Shell 

Figure 6 Control Structure for Complete System 

8. Conclusion 
We present an architecture which does not rely on any fixed hierarchy of agents in an 
attempt to remove dependencies and predictability from our system. In a competitive 
match, this element of variation in game plays is of great advantage. We also present 
one method of simplifying the choice between available strategies by predicting the 
type of chassis used by the opposition, and therefore its limitation of movement. Our 
approach to the use of learning is to only employ a learning method when all other 
methods are not possible. Simple passing and shooting maneuvers and a great deal of 
tactical planning can be implanted using our coaching approach. 
We consider the problem of how to distribute intelligence within the system, and the 
degree of independence and autonomy accorded to each player. Although these 
problems are fundamental, we feel that limited solutions within the domain of soccer 
is a feasible goal for our research. 
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