Towards Behavior Classification: A Case Study in Robotic Soccer

Patrick Riley and Manuela Veloso

Computer Science Department fpfr,mmvg@cs.cmu.edu Carnegie Mellon University http://www.cs.cmu.edu/f~pfr,~mmvg Pittsburgh, PA 15213 (412)268-7123, (412) 268-1474 (For more information, see http://www.cs.cmu.edu/~pfr/adv_class.html)

In order for autonomous agents to be successful in domains with adversarial agents with opposing goals, the agents must be able to adapt. The more quickly the agents can respond to a new strategy from the opponents, the better they will perform.

This research works under the hypothesis that fast and useful adaptation can be done by analogy to previous observations. This research introduces methods to extract similarities in temporal observations of the world. Previous observations are first organized into a set of behavior classes. By analyzing similarities, the current adversary can be classified into this set of behavior groups. The agents can then employ the most effective strategy against that behavior group.

The test domain for this research is the Soccer Server System[3] as used in the Robot World Cup Initiative[2], an international AI and robotics research initiative. The server provides a realistic simulation of a soccer game. Software agents interact in a complex, noisy, inaccessible, multi-agent environment.

The raw data of the simulation consists of locations of players and the ball over time. The data is first broken into windows of fixed size. For each window, several features are extracted. Each feature extractor watches for a particular type of event (such as an opponent’s pass or an opponent’s shot). The feature is built up piecewise. Upon observing an event of the right type, the feature extractor records where on the field, but not when in the window the event occurred.

The recordings of all the games at RoboCup-98 and RoboCup-99[2] were used as the data-sets. An adversary class was created for each team in the competitions. The teams were first observed on a fraction of the games they played. Then, for each type of feature, the results from each of the windows were averaged together to create a “target configuration” for that feature type. In other words, an adversary class consists of an example of what each feature extractor should return for that class. After creating these adversary clas- 500 cycle 1000 cycle window window RC98 2:5% 16:5% RC99 2:4% 2:3% Figure 1: Nearest-Neighbor Acc.

ses, the goal was to correctly identify which teams were playing based on these observations. In order to perform any classification, there must be a notion of similarity between the target configuration and what was actually observed. A novel similarity metric was developed that takes in account spatial localities of topological differences.

Classification was performed in two ways. First with a standard nearestneighbor approach and then by training a decision tree[4] with the similarities to all of the target configurations as the feature set. The number of teams

Figure 2: Decision Tree Accuracy was approximately 35, making the accuracy of random guessing about 3%. The nearest-neighbor approach performed very poorly, performing about as well as random guessing (Figure 1). The decision tree approach performed much better (Figure 2). The results also point out an interesting tradeoff in the window length. A long window gives a more accurate sample of the opponent, but a short window gives more data for better learning as well as faster adaptation.

Future work could include smarter creation of adversary classes. Rather than the a priori distinction of team name, a clustering approach could be used. Also, hidden Markov models may be useful in capturing more complex events for the features.

The main contributions of this research are: a windowing approach to abstracting features in complex domains; a novel discrete spatial similarity metric; and a demonstration that the windowing approach can capture important strategic features in a particular complex, dynamic domain.

References

[1] D. Carmel and S. Markovitch. Opponent modeling in multi-agent systems. In G. Weiss and S. Sen, editors, Adaptation and Learning in Multi- Agent Systems, Lecture Notes in Artificial Intelligence, pages 40–52. IJ- CAI’95 Workshop, Springer, 1995.

[2] H. Kitano, M. Tambe, P. Stone, M. Veloso, S. Coradeschi, E. Osawa, H. Matsubara, I. Noda, and M. Asada. The robocup synthetic agent challenge. In Proceedings of the Fifteenth International Joint Conference on Artificial Intelligence, pages 24–49, San Francisco, CA, 1997.

[3] I. Noda, H. Matsubara, K. Hiraki, and I. Frank. Soccer server: A tool for research on multiagent systems. Applied Artificial Intelligence, 12:233– 250, 1998. up to date description can be found at http://ci.etl.go.

jp/~noda/soccer/server/index.html.

[4] J. R. Quinlan. C4.5: Programs for Machine Learning. Morgan Kaufmann, San Mateo, CA, 1993.

[5] P. Sebastiani, M. Ramoni, and P. Cohen. Unsupervised classification of sensory inputs in a mobile robot. In Proceedings of the IJCAI Workshop on Neural, Symbolic, and Reinforcement Methods for Sequence Learning, Stockholm, Sweden, August 1999.

[6] P. Stone, P. Riley, and M. Veloso. The CMUnited-99 champion simulator team. In M. Veloso, E. Pagello, and H. Kitano, editors, RoboCup-99: Robot Soccer World Cup II. Springer Verlag, Berlin, 2000. (to appear).

[7] P. Stone, M. Veloso, and P. Riley. The CMUnited-98 champion simulator team. In M. Asada and H. Kitano, editors, RoboCup-98: Robot Soccer World Cup II. Springer Verlag, Berlin, 1999.

[8] M. Tambe, W. L. Johnson, and W. Shen. Adaptive agent tracking in realworld multi-agent domains: a preliminary report. International Journal of Human-Computer Studies, 48, 1998.