
A. Bredenfeld et al. (Eds.): RoboCup 2005, LNAI 4020, pp. 512 – 520, 2006. 
© Springer-Verlag Berlin Heidelberg 2006 

Emergent Cooperation in RoboCup: A Review 

Geoff Nitschke 

Computational Intelligence Group 
Department of Computer Science, Faculty of Sciences 

De Boelelaan 1081a, 1081 HV Amsterdam  
The Netherlands 

nitschke@cs.vu.nl 

Abstract. This article presents a survey of prevalent research results pertaining 
to emergent cooperation in RoboCup soccer. Results reviewed maintain particu-
lar reference to research that uses biologically inspired design principles and 
concepts, such as emergence and evolution, as a means of attaining cooperative 
behavior. The core of this article argues that even though emergent cooperative 
behavior derived within RoboCup (and the larger field of multi-robot systems) 
is still in its infancy, it holds considerable future potential, as a problem solver 
in domains where systems comprising many interacting components must co-
operatively solve a global task.   

1   Introduction 

To date, research that qualitatively measures and evaluates mechanisms that underlie 
and motivate emergent cooperative behavior in real world1 and artificial systems 
remains largely in stage of research infancy. The concept of emergent behavior has 
propagated many ideas about emergent cooperative behavior in biological systems, 
and roboticists and computer scientists alike have now adopted these ideas. Early 
research in decentralized systems [4], [5] suggested that complexity at a group level 
might be attainable with very simple individual agents, with no need for central con-
trol. A derivative of this idea is to use a biologically inspired design approach to engi-
neering group behaviors in multi-robot systems. Such a design approach utilizes con-
cepts such as evolution and self-organization with the goal of a global behavior 
emerges from interaction of the systems components [6], [7].  It is argued by certain 
researchers [8], [9] that the use of biologically inspired principles such as evolution 
and emergence are needed in the purposeful design of complex artificial systems in 
order to replace ineffective preprogrammed and centralized design methodologies.  
With few exceptions, and then only in multi-robot systems containing relatively few 
robots [10], the majority of research in emergent cooperative behavior is restricted to 
simulated problem domains given the inherent complexity of applying evolutionary 
design principles to collective behaviors in groups of real robots [11].  

An important future direction that the survey emphasizes is the gaining of insightful 
knowledge into design algorithms for emergent cooperation. If emergent cooperative 
                                                           
1 The emergence of cooperation has also been studied in a disparity of fields, such as ecological 

modeling [1], game theory [2], and economics [3]. 
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behavior was sufficiently understood, purposeful design of cooperative behavior could 
be applied to benefit a variety of application domains including telecommunications 
[12] and space exploration [13].  As a final introductory note, in the literature various 
researchers have adopted the use of nomenclature that is ambiguous in defining the 
term cooperation. Such terminology often suffers from the frame of reference problem 
[14], as definitions correspond to the perspectives and interests of the researchers con-
ducting the study. Thus, for the purposes of this survey, a definition of cooperation is 
not provided, but rather a survey of research that uses biologically inspired design 
principles as a means of deriving cooperative behavior between two or more robots 
(players) given a specific task in the RoboCup domain.  

2   Emergent Cooperative Behavior in RoboCup 

Within RoboCup, various leagues, defining the types of robots used as players, and 
the types of game scenarios played, currently exist as research initiatives [15], [16], 
[17], [18], [19], [20], where each league maintains its own set of technical challenges 
and engineering accomplishments.  One of the functions of RoboCup is that it pro-
vides a research platform for explorations in designing group behaviors (such as co-
operation) that can potentially be applied to the broader field of multi-robot systems. 
Such research explorations have been developed in simulation [22], [23], [24], [26], 
[27], [28], [29], [30], [31], [32], [33], [34] as well as with real robots [35], [36], [37]. 
For example, Veloso et al. [35] used a team of small and autonomous two-wheeled 
robots, while Veloso and Uther [36] used a team of Sony AIBO ® robot dogs, to play 
in a RoboCup soccer tournament. It is obvious from these latter experiments that 
robotic systems provide a degree of realism that is never possible in simulation, 
though as a complementary research tool, simulators allow researchers to investigate 
issues such as cooperation, via implementing abstract and complex behaviors. This 
article surveys only emergent cooperative behavior research in simulated RoboCup 
systems.   

2.1   Cooperative Passing Behavior with Neural Networks 

Noda et al. [21], [31] used a RoboCup simulator [26] as a test-bed for the learning of 
cooperative behavior within groups of soccer agents. Learnt cooperative behavior 
took the form of one soccer agent learning when pass to a teammate and when to 
shoot the ball at the opponent goal area. Agents used a neural network with thirty 
hidden neurons and a back propagation method [38] to learn in which situations it was 
better to cooperate and in which situations it was better not to cooperate, according to 
the evaluation criteria of the number of goals scored, and the time taken to score.  The 
learning approach was supervised given that over the course of several hundred train-
ing scenarios, a coaching agent provided a positive feedback signal when one of the 
offense players scored a goal, and a negative feedback signal when a shot aimed at the 
opponent goal area failed or a time limit expired.  The authors illustrated that training 
the neural network using the back propagation method allowed the success rates of 
the shoot and pass actions to increase as agents learnt when to pass and when to shoot 
the ball depending upon the position of a defensive player relative to the goal area and 
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other agents. Learnt cooperative behavior was evaluated in terms of the time taken to 
score a goal as well as the number of goals scored.   
     The key criticism of this research is that cooperative behavior was limited to a 
learnt decision making process for a single soccer agent, where the decision to pass or 
not defined cooperative behavior. The agents, environment, and learning mechanism 
were kept simple, so that this form of cooperative behavior could be successfully 
learnt. In their conclusions, the authors justified using a simple neural network learn-
ing mechanism as it provided a good starting point for the learning of more complex 
forms of cooperative behavior that would potentially be applicable to an entire team 
of soccer agents.   

2.2   Cooperative Team Behaviors with Layered Learning  

Stone and Veloso [32] introduced a layered learning approach to cooperative behav-
ior, where soccer agents used neural networks to initially learn low-level individual 
behaviors such as intercepting a ball, and then decision trees [39] to learn higher-level 
cooperative behaviors such as deciding when, and to which soccer agent to pass the 
ball to. The layered learning approach was implemented within the RoboCup server 
[26] as a simulated environment, and allowed for a bottom-up definition of soccer 
agent capabilities at both the individual and team level.  That is, learnt low-level indi-
vidual behaviors formed the basis for, and were incorporated as part of, higher-level 
team behaviors. In various game scenarios, the layered learning approach provided 
the capability for a group of offensive soccer agents to cooperate via making strategic 
passes to each other, such that the probability of scoring a successful shot at the op-
ponent goal area would be maximized.   

The research of Stone and Veloso [25] extended their previous work and elabo-
rated upon their approach for having a soccer agent decide if to cooperate with team-
mates, via passing the ball, or to not cooperate via shooting the ball directly at the 
opponent goal area. In this research, the authors used the layered learning approach to 
design an action selection mechanism that allowed soccer agents to anticipate if coop-
eration with a particular teammate would be advantageous. This action selection 
mechanism was implemented in several experiments, and proved successful in en-
couraging cooperative behavior, and outperformed an approach for team control that 
did not utilize this action selection mechanism. A comparison in performance was 
made in terms of the evaluation criteria, of the number of goals scored, and the time 
for which a team maintained control of the ball. 

The cooperative team-level behaviors described in this series of research papers 
were not emergent in the sense that is typically referred to in artificial life literature, 
as these cooperative team-level behaviors relied largely upon individual agents learn-
ing action selection mechanisms based upon decision tree confidence factors. Coop-
erative behavior was emergent in the sense that a series of decisions by individual 
soccer agents regarding whether to pass the ball or not formed a team-level behavior 
that was more successful in terms of goals scored and the time for which the team 
maintained control of the ball. In many experiments, the game scenarios tested did not 
reflect a complete range of scenarios that would be required in an actual RoboCup 
soccer match, and in certain cases it was unclear if the cooperative behavior exhibited 
would generalize to a broader class of game situations. Though, the layered learning 
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approach provided an excellent methodology for the learning of cooperative behavior 
in a task environment where its inherent complexity prevented the derivation of a 
direct mapping from sensors to actuators via the use of more traditional learning 
methods.  

2.3   Cooperative Behaviors with Neuro-evolution  

In the research theme of using artificial evolution to derive cooperative behavior 
within a team of soccer agents, Whiteson et al. [27] compared and evaluated two 
different neuro-evolution approaches for the synthesis of cooperative behavior. These 
methodologies attempted to derive cooperative behavior within a group of three soc-
cer agents for the keep-away soccer task environment [28], [29], [30]. Using these 
neuro-evolution methodologies, soccer agents first learnt a small number of sub-tasks 
that were then combined, as dictated by an artificial evolution process, such that an 
overall complex behavior emerged.  The authors compared two neuro-evolution ap-
proaches for evolving cooperative behavior amongst a team of keeper [28], [29], [30] 
soccer agents. In the first approach, genome strings encoded synaptic weights of a 
population of complete neural network controllers. These genomes were evaluated in 
each generation, the fittest individuals selectively reproduced, and subsequently 
propagated throughout the evolutionary process. In the second approach, the enforced 
sub-populations method [40] was used to evolve sub-populations of neurons, instead 
of evolving complete controllers as in the first approach.  

Results elucidated that both approaches evolved a successful neural network con-
troller, though the enforced sub-populations approach performed significantly better 
in terms of the evaluation measures defined for the keep-away soccer task and in 
facilitating emergent cooperative behavior. Although the enforced sub-populations 
approach proved superior in these experiments, an obvious criticism of this approach 
is that for more difficult tasks, for example those not executed in a grid-world envi-
ronment, the solution space would be too large for an artificial evolution algorithm to 
search effectively and construct an appropriate controller. 

2.4   Cooperative Behaviors with Layered Learning and Genetic Programming    

Hsu and Gustafson [29], [30] investigated a methodology for facilitating emergent 
cooperative behavior using the keep-away soccer task. The methodology combined 
layered learning [32] and genetic programming [41] approaches. The authors argued 
that using a layered learning approach to genetic programming, as opposed to a pure 
genetic programming approach, team-level behaviors such as cooperation could read-
ily be derived.  

In several experiments, the authors compared a standard genetic programming ap-
proach [41] with their methodology that combined layered learning and genetic pro-
gramming. These experiments highlighted that the layered learning approach was able 
to more quickly evolve cooperative behavioral strategies within the team of keepers, 
and with a higher fitness comparative to the standard genetic programming approach. 
The authors argued that the layered learning approach allowed for a workable decom-
position of a complex problem into many readily solvable sub-problems, and that for 
each of these sub-problems, corresponding fitness functions were readily identifiable. 
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Using the layered learning approach, team-level behavior was formed via the evolu-
tion of complementary keeper strategies, such that when the three keepers interacted 
with each other, an overall cooperative behavior emerged.  This cooperative team-
level behavior was derived in a bottom-up manner, where keepers first learnt the 
skills necessary to cooperate as a pair of players, and then as a team of three players.   

The key criticism of this research is that only homogenous teams were evolved, 
and team level cooperative behavior was derived from the use of only two layers in 
the layered learning approach. Specifically, only two low-level behaviors were used 
in the derivation of team-level behaviors. Also, the use of a grid world placed severe 
limitations on the form of cooperative team-level behavior that could be evolved. 

2.5   Cooperative Team Behaviors with Genetic Programming  

In a similar theme of research, Luke et al. [33] implemented genetic programming 
techniques within a RoboCup simulator, in an attempt to evolve cooperative behavior 
within an entire team of eleven soccer agents. The performance of different genetic 
programming techniques were compared for the derivation of cooperative behavior, 
where such cooperative behavior was evaluated according to the criteria of the num-
ber of goals scored by the team, the number of successful passes, and the period of 
time for which the team maintained control of the ball.  

Luke et al. [33] used the Strongly Typed Genetic Programming (STGP) technique 
[42] to simultaneously test entire teams of soccer agents against each other in com-
petitive co-evolution scenarios. After many generations of the co-evolutionary proc-
ess, cooperative behavior emerged within each of the competing teams that effec-
tively combined offensive and defensive team-level strategies. In a final set of evolu-
tionary runs, cooperative team-level behaviors were evolved such that different 
groups of soccer agents within each team, cooperated with each other in a comple-
mentary manner, via simultaneously defending the goal area, and dispersing through-
out the field holding certain positions so as to increase the chance of receiving a pass 
from fellow soccer agents.  Such cooperative behaviors prevented the soccer agents 
from interfering with each other, as had occurred in early evolutionary runs,  
where many agents were closely gathered about the ball in an attempt to gain control 
of it.  

The key problem with these experiments was that they relied purely upon a com-
petitive co-evolution process, and the functionality of genetic programming in order 
to produce cooperative behavior within a team of soccer agents. Meaning that in order 
to evolve team-level cooperative behavior within a feasible amount of time, several 
constraints had to be placed on the artificial co-evolution process, such as limited 
population sizes, and teams composed of functionally simple agents. Additionally, 
cooperative behaviors that emerged under the co-evolutionary process could only be 
analyzed from a purely observational perspective. That is, fitness comparisons be-
tween the competing teams only illustrated progress and counter progress of emergent 
cooperative behaviors, and did not correspond to ‘true’ evolutionary progress [43] 
given the fitness landscape of both teams were continuously changing due to the Red 
Queen affect [44].  
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3   Future Directions  

The aim of the survey was not to provide an exhaustive list or compilation of all re-
search in RoboCup, but rather to highlight prevalent examples of when emergent 
cooperation facilitates a solution that would not otherwise be attainable.  The survey 
primarily argued that the majority of RoboCup emergent cooperative behavior re-
search utilized simple or limited game tasks usually involving only two or three simu-
lated robots.  It is evident from the literature that design methodologies based upon 
concepts such as artificial evolution, are deemed by many researchers, to be an effec-
tive means for investigating the conditions under which cooperation emerges. Unfor-
tunately, current RoboCup systems lack a proven methodology that allows the trans-
fer of emergent cooperative behavior design mechanisms to algorithms that can be 
used effectively in real world multi-robot systems.  Additionally, the use of evolu-
tionary computation was highlighted in many cases as being an effective means for 
the derivation of cooperative behavior.  Though, use of artificial evolution is still 
largely in a stage of research infancy, so evolution of cooperation is currently limited 
to simple forms in task scenarios (aspects of the game only) comprised of simple 
individuals.  

In the research reviewed, several key open problems were identified. These prob-
lems were not constrained by the nature of RoboCup, but rather by the infancy of the 
biologically inspired design mechanisms and a lack of analytical methods and tech-
niques. It is obvious that if emergent cooperative behavior derived from RoboCup is 
to be used to any great benefit, especially in real-world multi-robot systems, then it is 
important that future research address certain open problems. For example, design 
methodologies for achieving desired emergent cooperation would ideally need to be 
scalable and defined by algorithms and methods of analysis that are equally applica-
ble in the physical world.  Given the early stage of research and development of Ro-
boCup and the relative infancy of the notion of emergent cooperation as a means of 
solving multi-robot tasks, it is justifiable that standardized methods for deriving, test-
ing, proving the convergence of, and evaluating emergent cooperative behavior do not 
yet exist.  
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