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Abstract. We propose the Priority/Con�dence model as a reasoning

model for agents. Decisions are made according to a con�dence measure

which is based on the importance of actions (priority) and the satisfaction

of a priori preconditions. We implemented the Priority/Con�dence model

for a robotic soccer domain, namely the RoboCup. Our team, AIACS, has

demonstrated the feasibility of this model by beating the world champion

of 1997, AT-Humboldt in training matches and reaching a 9th place in

the RoboCup'98 tournament.

1 Introduction

Multiple Agent Systems (MAS) are environments in which several autonomous

individuals (agents) co-exist. These agents might be robots in the real world or

computer programs in a virtual world. Since actions of one agent may e�ect

the world of other agents it is necessary that agents interact, ranging from

collision avoidance to communication and cooperation. In this paper we propose

a novel reasoning model for agents based on object oriented concepts which we

call the Priority/Con�dence model. The Priority/Con�dence model provides a

framework for reasoning. Decisions are made according to a con�dence measure

which is based on the importance of actions (priority) and the satisfaction of a

priori conditions.

We implemented the Priority/Con�dence model for a robotic soccer domain,

namely the RoboCup [Kitano et al., 1997]. The RoboCup domain is a popular

testbed to evaluate the performance of agents. It o�ers a dynamic environment

which must be dealt with in real-time under strict rules of behaviour. It o�ers

the possibility to test individual behaviour (dribble, pass, intercept or goal

attempt) as well as collective behaviour, like coordinating an o�ensive action.

The RoboCup competition is divided into leagues (leagues for real robots, in

several size classes, and a separate simulator league). Our team, AIACS1, is one

of the two teams developed at the University of Amsterdam; the other team

? This research is carried out as part of the authors' Master's thesis.
1 The name 'AIACS' is derived from the well-known Amsterdam soccer team AJAX,

and is an acronym for Amsterdam Intelligent Agents for Challenging Soccer

M. Asada and H. Kitano (Eds.): RoboCup-98, LNAI 1604, pp. 162-172, 1999. 
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is named Windmill Wanderers [Corten & Rondema, 1998]. Both teams plan to

participate in the simulator league. AIACS has demonstrated the feasibility of

the Priority/Con�dence model by beating the world champion og 1997, AT-

Humboldt and reaching a 9th place in the RoboCup'98 tournament.

1.1 Outline of this Paper

The remainder of this paper is organised as follows: Sect. 2 discusses related work.

After that, Sect. 3 and 4 present the basic principles of the Priority/Con�dence

model. Section 5 describes how to evaluate the performance. Section 6 reports

on aspects of the implementation and presents preliminary results. Section 7

concludes and gives suggestions for future work.

2 Related Work

Sahota [Sahota et al., 1995] developed a decision making technique called reactive

deliberation, which makes a choice between several hard-wired behaviours. This is

muxh like the layered learning paradigm is proposed in [Stone & Veloso, 1997,

Stone & Veloso, 1998] propose the, in which low-level skills are learned �rst,

and then, in subsequent layers, gradually more and more higher-level skills and

behaviours are added. Their approach di�ers from Sahota's, in the way that they

do not use hard-wired behaviours, and that their system is suited for team play,

while reactive deliberation was mainly developed for a 1 vs. 1 scenario.

[Tambe et al., 1998] describes the principles behind the ISIS team. ISIS uses

an explicit model of teamwork called STEAM. Although we do not use such an

explicit model, we expect that the proper choice of actions and the pursuit of a

collective goal leads to implicit teamwork. This approach makes our agent more

robust, since it is neither dependent on information it receives from other agents,

nor on the number of agents in the team.

We developed a model that is much like the approaches of Stone and Veloso

and of Sahota et al. We make a clear distinction between two layers in our

architecture: acting and reasoning. The reasoning layer is domain independent

and decides between several tasks. These tasks can be implemented in any way:

whether they are learned, as in the approach of Stone and Veloso or fully hard-

wired like in Sahota's system, is not important to our model. The actions are

fully domain dependent. The information on which the reasoning layer bases

its decisions is also domain dependent, but the information is translated into

conditions which are consulted by the reasoning layer.

3 The Priority/Con�dence Model Architecture

The Priority/Con�dence model is a two level architecture, in which the reasoning

is completely separated from the execution. On the top level resides the Action

Manager, which tasks are to select and coordinate actions based on a rational
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analysis of the current situation. On the bottom level the Action Executor

is located, where it performs the actual actions. Figure 1 sketches the basic

architecture.

The Action Manager is the component which directs the Action Executor

by suggesting which action to perform. Its functionality is further discussed

in Sect. 4. The Action Executor consists of two components, the SkilledPlayer

and the BasicPlayer.2 The BasicPlayer is a small, low-level component which

facilitates the communication with the simulator in a clean and transparent

way. It is an interface similar to Noda's libsclient [Noda, 1997b], and is used by

the SkilledPlayer to execute the basic actuator commands (e.g. kick, turn, and

dash) and to receive and process messages coming from the simulator.

We want to stress the importance of low-level skills. In order to win a game

of soccer, a player must have precise control over its own movement and at the

same time be able to handle the ball (e.g. to intercept a moving ball, to dribble

with the ball without losing it, to avoid other players when running across the

�eld). The possession of these skills is an essential prerequisite for playing soccer:

no matter how sophisticated the reasoning is, without su�cient skills a team can

never win.

The above can be summarised by the following principle: in the game of

soccer, each player possesses a number of skills (such as dribbling and passing)

which correspond to a set of simple actions that are necessary and su�cient to

play soccer. This principle is used as a guideline in the design of the SkilledPlayer.

Basic Player

Action Executor

Action Manager

select action

dribble

pass

intercept

kick
turn

dash
...

process preconditions

goal close?
teammate free?

...

...... Skilled Player

Fig. 1. The Priority/Con�dence model architecture.

2 See [Corten & Rondema, 1998].
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3.1 Actions and Preconditions

Actions are short sequences of the basic actuator commands (like kick, dash

and turn). We have identi�ed a few standard actions that each player should

master to play the game of soccer. A sample list of actions is shown in Table 1.

All actions are executed sequentially: although it is possible to abort one action

to start another one, it is not possible to execute two actions at the same time.

Furthermore, to start an action, it is required that its preconditions are satis�ed

(or at least, that the con�dence in the action is high enough). Actions can be

seen as the means to satisfy the preconditions of a higher priority action (e.g.

dribbling towards the goal satis�es the precondition that the goal should be

within a certain distance before an attempt to score can be made).

The preconditions fall into two classes: (a) essential preconditions, and (b)

bene�cial preconditions. The former class includes all preconditions that are a

sine qua non. The latter class encompasses the remaining preconditions, which

merely increase the probability of success. If one or more essential preconditions

are unsatis�ed, an action cannot be executed successfully, and will therefore not

get selected by the Action Manager. Bene�cial preconditions return a satisfaction

value, depending on the degree of satisfaction (e.g. for passing the ball there must

be a free teammate. The more opponent players surround a teammate, the less

free it becomes, resulting in a lower satisfaction value).

Table 1. A sample list of actions.

Action Example preconditions

Pass Teammate free

Dribble Free course, stamina high

Goto Ball No teammate closer to ball

Intercept Ball Ball moving towards me

Go Home Not already at home position

Score Goal Close enough to opponent's goal

Follow Ball Ball almost out of sight

4 The Action Manager

The Action Manager bases its selection of actions on two distinct criteria. On the

one hand, each action has a priority, which indicates its usefulness or desirability.

On the other hand, each action is associated with a con�dence measure, which

indicates its feasibility in a given situation. In this section we motivate the

underlying ideas and present the Action-Selection algorithm.

It is our hypothesis that the ordering of priorities is related to the current

strategy (e.g., when the strategy is o�ensive, scoring a goal is a high-priority

action). To express this ordering, we prioritize all actions according to their

importance for each strategy. In this way, we obtain a number of priority lists,
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each of which is related to a speci�c strategy (e.g. o�ensive or defensive). The

initial values for the priorities are chosen by analysis of the (relative) desirability

of each action.

In a way, each ordered list of actions de�nes an implicit plan. With 'implicit'

we mean that there is no �xed \�rst, do this. . . then, do that" structure, but the

ordering still speci�es the strategy.

4.1 De�nition of Terms

We de�ne a precondition c to be a tuple of a unique descriptive name3 and a

type 2 fessential, bene�cialg:

c =< name; type > (1)

Let N be the total number of preconditions. Then, we de�ne Ctotal to be the set

of all preconditions:

Ctotal = fc1; : : : ; cNg (2)

We de�ne a state of the world W , to be the complete description of the current

state.

For each precondition ci 2 Ctotal, we de�ne a function f
i
sat
(ci;W ), which calculates

its satisfaction, given world stateW . In case of an essential precondition, f i
sat
(ci;W )

is a binary function which evaluates to 0 (false) if the precondition is not satis�ed,

and 1 (true) if it is. In case of a bene�cial precondition, the satisfaction is a value

in the range [0; 1] (continuous).

We de�ne an action a to be a tuple of a unique descriptive name and a set of

preconditions Caction � Ctotal:

a =< name;Caction > (3)

The strategy fstr(W ) is de�ned as a function over the state W , and has a range

of fo�ensive, defensiveg. The priority of an action ai is de�ned as a function

over the strategy:

fpri(ai; fstr(W )) (4)

Finally, to express the con�dence an agent has in an action, we introduce the

con�dence measure, which acts as an evaluation function for the action to be

chosen. We de�ne the con�dence measure fconf(ai) of action ai to be a function

over its preconditions and over its priority:

fconf(ai) = fpri(ai; fstr(W )) �

NessY

j=1

f
j

sat
(cj ;W ) �

P
Nben

k=1
f
k
sat
(ck;W )

Nben

;

where cj ; ck 2 Caction;

Ness is the cardinality of essential preconditions, and

Nben is the cardinality of bene�cial preconditions (5)

3 Which allows us to refer to actions by their label.
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Rationale:

The con�dence measure can be seen as a way to incorporate a variable robustness

into the team: with low con�dence measures, the probabilities of success are also

low and the team plays a risky game (which might be advantageous against

weak opponents). To win from strong opponents, it might be better to play

more conservative and commit only to actions that are bound to be successful.

4.2 The Action-Selection Algorithm

In Fig. 2 we state the Action-Selection algorithm, which is used by the Action

Manager to select the actions. Following this, we give a short example that makes

use of the Action-Selection algorithm to choose an action.

1. Initialisation:

{ Set action abest to < none; ; >
{ Set con�dence fconf(abest) = 0

2. For each action ai:

{ Calculate its con�dence fconf(ai)

{ If: fconf(ai) > fconf(abest)

{ Then: set action abest to ai

3. Selected action is abest

Fig. 2. The Action-Selection algorithm.

Example 1. Imagine a situation in which you are an attacker close to the opponent's

goal. The goal is defended by a goal-keeper. There is a teammate nearby to assist

you, but he is marked by an opponent. What should you decide to do? Let us

assume for now that there are only two relevant options, to pass the ball to your

teammate, or to attempt to score by yourself. See Fig. 3.

We have the following conditions:
Ctotal = f c1 =< ball kickable, essential >,

c2 =< teammate free, bene�cial >,

c3 =< shoot course free, bene�cial > g.

And the actions: a1 =< pass, fc1; c2g > and a2 =< score, fc1; c3g >.

With the strategy fstr(W ) = o�ensive, the priorities are given as follows:

fpri(a1; o�ensive) = 0:5 and fpri(a2; o�ensive) = 0:6.

For the purpose of this example, the satisfaction values for the three preconditions

are:

fsat(c1;W ) = 1:0, fsat(c2;W ) = 0:6 and fsat(c3;W ) = 0:8.
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By applying the Action-Selection algorithm and calculating the con�dence measures,

we arrive at: fconf(a1) = 0:4 and fconf(a2) = 0:54. Thus, abest = a2, and the player

would choose to score.
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Fig. 3. An example situation: pass or score?

5 Evaluating the Performance

Since the selection of actions is based on their priority values, it is essential that

these values are optimised. In this section we present three evaluation functions

and discuss their advantages and disadvantages. We tested these and other

functions as �tness functions in an optimisation with a genetic algorithm (GA).

There are however a few problems we encounter; First, due to the dynamic nature

of the domain, the results are variable. The randomness factor in the simulator is

one cause of this problem, another cause is the unpredictability of opponents. We

can disable the randomness to obtain a more steady evaluation. Second problem

is the time it takes to play a match. A possible solution is parallelisation, which is

especially useful if we use a genetic algorithm. It is possible to use embarrassing

parallelisation because we can play every single match on a di�erent computer.

As long as we have enough processors available we can obtain an ideal speedup.

The following list discusses three possible evaluation functions.

1. Goal di�erence

{ Estimated duration of evaluation

To obtain a fair estimation of the performance, a trial should last at least
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3000 simulations cycles, since this is the o�cial duration of one half of

a match. A trial should last long enough to show the e�ects of player

fatigue (implemented in the simulator as decrease of stamina).

{ Possible function

� � (goals for)� (1� �) � (goals against)

With the term � we are able to stress the importance of defense or

attack. We can then evaluate two sets of priorities, one for an o�ensive

and one for a defensive strategy, which we can use depending on player

task or depending on team strategy. If � = 0:5, both attack and defense

are equally important. If � < 0:5, we evaluate the quality of the defense,

otherwise we evaluate the quality of the attack.

It is important that the evaluation is reliable. To ensure this, we play all

evaluations against one opponent only. Furthermore we set the randomness

variable of the simulator to zero, so there will be no luck involved in an

evaluation match.

2. Duration of ball possession

{ Estimated duration of evaluation

Like the �rst method, this should last one half of a match.

{ Possible function

An important issue of this method is de�ning 'ball possession'. We de�ne

the duration of ball possession as:

The time between the �rst contact of a player with the ball and the

moment that a player of the other team touches the ball, where 'touch'

means that the ball is within kicking distance.

A disadvantage of this function is that a good estimation of ball possession

requires multiple measurements to minimize the error. This function can

be useful to give extra information in combination with other evaluation

functions.

3. Average distance between the ball and opponent's goal

{ Estimated duration of evaluation

Like the �rst method, this should last one half of a match.

{ Possible function

If a team has a high percentage of ball possession, it does not mean

that the team is a winner. Although the champion of RoboCup'97 (AT-

Humboldt) has a great ability to score, it does not stay in ball possession

very long. Including the average distance between ball and opponent's

goal gives a more accurate prediction of the actual outcome of a match.

We use a coach to monitor the match and record statistics. The statistics are

written to a result �le, which is used by a GA to calculate the �tness. Experiments

with the �tness function have shown that a combination of criteria one (goal

di�erence) and three (average distance between the ball and opponent's goal)

currently gives the most reliable evaluation of the performance of a team.
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6 Implementation and Results

The Priority/Con�dence model has been implemented in C++. We started by

constructing an empty framework for the control architecture and its components.

Next, single actions from the SkilledPlayer were added and tested in an incremental

manner. Every addition enabled the players to perform a little better.

6.1 Environment

For the evaluation of our team we ensured a fair comparison with the teams that

competed in RoboCup'97. All matches were played on Soccer Server version 3.28

with the o�cial parameter settings of RoboCup'97 [Noda, 1997a].

The Soccer Server simulator runs on a Sun Microsystems UltraSPARC-2

workstation clocked at 200-MHz with 128 Megabytes of memory. All 22 client

programs run on a single UltraSPARC-1 clocked at 143-MHz with 160 Megabytes

of memory. Both machines are running the Solaris 2.5 operating system.

6.2 Results

6.3 Results

The results of the matches played by AIACS in the RoboCup'98 competition is

given in Table 6.1.AIACS won 3 out of 4 matches in the quali�cation round,

scoring a total of 40 goals (6 goals were scored against AIACS, all by AT-

Humboldt'98). AIACS �nished second in its group after AT-Humboldt'984, which

meant it quali�ed for the next round. In the championship rounds AIACS won 1

out of 3 matches, scoring a total of 15 goals (11 goals against). AIACS �nished

on an equal 9th place.

At RoboCup'98, apart from the competition, there was also an evaluation

session in which teams could play against the world champion of RoboCup'97,

AT-Humboldt'97. The purpose of this session was to evaluate the robustness of

teams by disabling a number of players of one team, while AT-Humboldt'97would

play with a full team. Four half matches were played, with 0, 1, 2, and 3

players disabled5. The results (see Table 3)demonstrate the robustness of the

Priority/Con�dence model. No games were lost, even with the goalkeeper and

two defenders disabled.

7 Conclusion and Future Work

In this paper we have proposed the Priority/Con�dence model as a framework

for agent control in a dynamic real-time environment. Its feasibility has been

demonstrated by several victories against leading teams of the RoboCup'97

competition. The results o�er enough perspectives to proceed with our work.

The obvious next step is to continue the work on the optimisation.

4 AT-Humboldt'98 reached the �nals and lost against CMUnited-98.
5 The inactive players stayed on-�eld, so they could still be perceived by all others.
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Round Opponent Result

Quali�cation 1 AT-Humboldt'98 0-6

Quali�cation 2 TU-Cluj 7-0

Quali�cation 3 ERIKA 17-0

Quali�cation 4 Dartbotics 16-0

Championship 1 Mainz Rolling Brains 2-7

Championship 2 Miya-2 11-0

Championship 3 ISIS 2-4

Table 2. Results of all competition matches played by AIACS at RoboCup'98.

match disabled score

1 0 7-0

2 1 6-0

3 2 6-1

4 3 4-4

Table 3. Results of the evaluation matches against AT-Humboldt'97 at RoboCup'98.

Match nr. 4 was played with the goalkeeper disabled.
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