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Develop and Compare Homogeneous versus Heterogeneous Simulated Robot Soccer Team
Team name


SokarateHomo and SokarateHetero: the combination of brains (Socrate) and muscles (Karate), which can player soccer. 

Project Description

This project uses the TeamBots environment, which you can get at www.teambots.org. 

 
In this project, our task is to build an intelligent soccer team, in which multiple robots (no more than 5) can cooperate to archive one general goal: to win the soccer game. In the design and implementation of such a project, we wish to explore one of the open questions in multi-robot system research, that is, whether team members should specialize or be homogeneous.

In order to accomplish the general goal of winning the game, there are several intermediate goals such as 1) driving the ball into opponents’ goal 2) preventing opponents from scoring 3) better positioning oneself so the team can have better cooperation. In order to archive these various goals the robot soccer player must posses some sort of intelligence or control dynamics. In this game, such control dynamics are implemented in both homogeneous and heterogeneous ways. In a homogeneous team, each member has the exact same control system implemented, but they can take on different roles according to their individual perspectives (i.e. different sensor readings). Whereas in a heterogeneous team, at least one player is assigned a different control system so that it can perform a specific task. 

After building both the homogeneous and heterogeneous teams, we will compare them against each other and analyze their performance. If the teams are substantially similar except for the specialization, we can hopefully make strong statements about the performance advantage or disadvantage of specialization. Also, we will perform test runs matching our teams against different stock teams and analyze the advantage or disadvantage of our implementation. 

General Design

My basic individual robot control system design is reflexive, hard-coded heuristic. There are three types of intelligent agents, Reflexive, State-based, or Goal-oriented as categorized by [4]. A reflexive intelligent agent is “one that takes sensory input and reacts directly on the input. Each time it receives new input it responds without any reference goals or previous experience.” [4] It is the simplest type among the three. For a detailed discussion of the three types, please refer to Johnson’s Dteam Documentation [3]. Also, our robot does not learn from playing, it has hard-coded heuristics built in its control system.

Another design decision is whether or not to use the Motor Schema (CLAY) design paradigm. After careful consideration, I have found that it was too difficult for me to take satisfactory control of the system and decided not too use Motor Schema.


My first several trial was to design a team from ground up utilizing the existing code from the BasicTeam, which is just a skeleton. However, when I matched this team up against other stock teams, I found it was constantly beaten badly by the AIKHomoG team created by Kan L. Younes. I then examined this AIKHomoG team closely and found the implementation of the team was quite creative and elegant. Its control system has a powerful obstacle handling function: getFreeDiretion, which not only allow the player to get around obstacles easily, but also cause the current ball carrier to swirl the ball around the opponents like a skillful real soccer player. Moreover, AIKHomoG team has a very creative way assigning roles to each player; it models various positions on the field as point masses and each of them has their own “gravitational field”, either attractive (positive) or repulsive (negative). For instance, if the goal of the player is to avoid contacting the wall, by assigning a negative force to every point on the wall, the player will be pushed away as it gets near the wall. Hence, the entire field consists “sources” and “sinks” and each player moves around the field by sensing the net force exerted on it. One of the biggest challenges of building a team on top of AIKHomoG is that it is not easy to win against it (required if I am to build my team on top of it) since this team beats almost all of the available stock teams, and among them, most with relative ease. However, I was so deeply drawn into its elegance and could not help to build on top of it. 


My heterogeneous team was built on top of my homogeneous team with only one player being designated as permanent goalie. However, if once it has possession of the ball, it can drive towards the opponents goal while another player will come back to act as a temporary goalie. The difference is that the designated goalie will always come back to resume the goalie position if it lose possession of the ball while in a homogeneous team, the goalie and the temporary goalie simply change their roles.

Implementation Detail
Basic Maneuvers: 

The basic skeleton of the code is from Kan L. Younes AIKHomoG  team as described above with some minor adjust. The “skill” of the individual player is quite high and I did not find any possible significant improvement on this aspect.

Strategic Aspect: 


By observing the games played by AIKHomoG with my team and various other teams, I noticed that AIKHomoG takes advantages of the two forward positions (typically somewhere 0.4cm away from the two sides of opponents goal). This gives AIKHomoG team two forwards, who can both act as the blocker (obstacle) of opponents’ defense team and our own relay or scorer at the enemy’s heart. However, the forwards always stay in the same position even when the battle is in our half of the field, which results of local shortage of players and strategic weakness.


From this observation, I further thought of the question of strategy, in real soccer or any competitive team sports, while maintaining team formation, the local player number advantage is always desirable. Therefore, I introduced a weight variable for each of the point mass (possible strategic position). Thus, according to the situation, I can increase or decrease the weight of specific strategic positions and move the players using the relative force distribution. In an ideal case, with the correct weight assignment, I can move my players around according to the analysis of the current situation and create local player number advantage as much as possible (>> 50%).  However, such ideal weight adjustment is extremely difficult to hard code because 1) It is simply not viable through human observation to give a precise weight 2) other teams incorporate vast amount of different strategies that we need to take into consideration.


However, this opens the door to another possible significant improvement: using learning to replace hard-code heuristics (gradually as game progresses). Although with the time frame, I don’t have enough time and knowledge to implement even the most primitive system, I am still optimistic about this approach. 


Current implementation of the strategic system uses the ball position as the only one situation evaluator (future improvements can be made by putting in more estimators). I divide the entire field into five areas OUR_GOAL, OUR_PANELTY, NETURAL_ZONE, OPP_GOAL, OPP_PANELTY, and according to where the ball currently is, assign different weights to the strategic positions. For instance, if the ball is in OUR_PANELTY area, I will release the forwards, increase the defender position weight, hence, move the players back to our own field to act as defender. It all seems relative easy to archive in this frame work, But I have to say, without AIKHomoG’s ingenious design; the strategic position method would be much difficult to archive.

Global position Aspect: 


Most stock teams largely ignored the global position and just used the relative position to operate. However, there are some advantages of using such as coordinate system in parallel with the one’s we are provided. One reason is that we only need to calculate the global position once every step while without it, we need to do it for each individual player every step. Therefore, we can save us quite a lot time by using global position system where it fits. Another reason is that global positions of everything on the field is especially important for global strategic (see last section). Therefore, I calculated some of the most important global positions in a function that is only called once every step (not five times) and assigned some stepwise variables. 

(My opinion) In fact, if we every want to implement a learning system for the robot, I believe that the global positioning system is necessary. Simply put, we have to use global positions to create a statistic model to learn. Also, it saves time, therefore leaving more time for us to squeeze in a learning algorithm (most likely very time consuming)
Miscellaneous:

1. Defender position: it is just a natural extension of the forward position implemented in AIKHomoG. It is necessary since it acts as a sink that attracts players in emergency (ball coming into our penalty area). Also, we expect to see such a defender to act as temporary goalie when the goalie is driving the ball out. However, it is easily said than done, in reality, we need to adjust this position to be fairly far from our goal, otherwise, it will interfere with the goalie and cause less stable defense.
Future Improvement

To really build an intelligent soccer team that can win most of the games playing against the players that the team was not designed for, in my opinion, requires at least a minimal working learning mechanism. Hence, if the processor power is sufficient and with enough sensor information (which is not always achievable in real games), this will be my next direction. Of course, there still tons of questions to be solved.

Real soccer strategies can be incorporated in the current frame work, but it is case dependent and very hard to implement.

There are some small modifications (taking advantage of the system) that can be made. 
· Goalie blocker: one player blocks the opponents’ goalie to prevent it from occupying saving position.

· Backup goalie: it is usually the case that if two player lines up, then it is very hard to swirl the ball around them.

· Double dagger: utilize the same fact stated as above; use two attackers lining up to push the ball forward.

· Goal line pusher: if a player is attacking from the goal line and able to push forward (depend on the implementation of the opponent), then he can easily get the goal in. 

· Most of the goals I lost were caused by the defender trying to get around the attacker by yielding. One way to prevent this is to not allow yielding in our own goal area.


However, there is one common issue of all those small tricks. While all of them look reasonable, or even smart on paper, it is hard to tell whether they will work or not under current framework. I tried to utilize the first two tricks and the result was disastrous, for instance, backup goalie tends to interfere with the real goalie’s ability pushing balls away and cause more loss. In such a chaotic system, either these small tricks will not work at all, or it needs very careful design (large time complexity).
Performance Analysis
However, SokarateHomo is not much stronger than AIKHomoG, it can beat AIKHomoG because my strategy was targeted to it and the parameters were adjusted to do so. In some cases, when AIKHomoG can win against one stock player while my team will lose, such as the MattiHetero. One reason is that strong individual skills as in both AIKHomoG and my team (basically borrowed directly from AIKHomoG) sometimes cause local player number advantage to turn south: players interfere with each other and cause the ball to be stuck.
The biggest surprise I got from this project is that I realized that a multi-robot system is really complex and has chaotic behaviors; a small change of one parameter can cause the score to differ dramatically. Also, some definite strategies, though work well in mind, could not archive least of its effect when really implemented. The system behaves in a chaotic way and no one can predict. 

Homogeneous vs. Heterogeneous


In my case, SokarateHomo beat SokarateHetero 4:2, and when both of them were matched against AIKHomoG, SokarateHomo won by 6:2, SokarateHetero lost by 0:1.

My heterogeneous team was built on top of my homogeneous team with only one player being designated as permanent goalie. However, if once it has possession of the ball, it can drive towards the opponents goal while another player will come back to act as a temporary goalie. The difference is that the designated goalie will always come back to resume the goalie position if it lose possession of the ball while in a homogeneous team, the goalie and the temporary goalie simply change their roles.

Since my heterogeneous team has a designated goalie, it wastes time and opportunities to get back to its position while already there are goalies. However, in real team sports, specialization is generally an advantage, so why doesn’t it work here. One explanation is that in real sports, the specialized player has special skill or privilege, take for instance a real soccer goalie. However, in our game, the goalie doesn’t have such special skill; therefore, it is a question whether specialization is needed. Also, I have to mention that the framework I am using has already put lots of weights in specialization, and over-specialization can also be viewed as a weakness (easy to predict).
Score Table
One thing I noticed while doing the experiment run is that the result will not differ for games played by same team. In fact, the games are exactly the same in every aspect. The reason is that there is no randomness introduced in the hard-coded heuristics. Therefore, it doesn’t matter how many games we run, we will get the same score for every one of them. 

Also, I tried to match my teams against all other stock teams but did not have the chance to do that for my most recent changes. Therefore, I will not input the data in the table. However, in most cases, my team can win the game, which should not be surprising since AIKHomoG can beat most of them too. However, my team does lose to a couple other teams.  

	   Teams
	SokarateHomo
	SokarateHetero

	  AIKHomoG
	6:2 
	 0:1

	  BasicTeam
	 
	 

	  BrianTeam
	 
	 

	  BriSpec
	 
	 

	  CDTeamHetero
	 
	 

	  CommTeam
	 
	 

	  DaveHeteroG
	 
	 

	  DoogHeteroG
	 
	 

	  DoogHomoG
	 
	 

	  Dteam
	 
	 

	  FemmeBotsHeteroG
	 
	 

	  GoToBall
	 
	 

	  JunTeamHeteroG
	 
	 

	  Kechze
	 
	 

	  LoneForwardTeamHomoG
	 
	 

	  MattiHetero
	 
	 

	  PermHomoG
	 
	 

	  SchemaDemo
	 6:0
	5:1 

	  SchemaNewHetero
	 
	 

	  SokarateHetero
	  4:2 
	 

	  SokarateHomo
	 
	2:4 

	  SibHeteroG
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