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INFORMATIČKA PODRŠKA MULTI-AGENT SISTEMU BAZIRANA NA NEURO-FAZI MODELU
INFORMATION SUPPORT TO THE MULTI-AGENT SYSTEM BASED UPON THE NEURO-FUZZY MODEL
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Sadržaj - U radu se razmatra mogućnost primjene adaptivnog neuro-fazi modela u multi-agent sistemu. Predloženi neuro-fazi model baziran je na funkcionalnoj ekvivalentnosti Takagi-Sugeno-Kang sistema fazi zaključivanja i radijalno bazne neuralne mreže. S obzirom da agent u multi-agent sistemu ne raspolaže potpunim informacijama potrebnim za uspješno rješavanje određenog problema, ovdje predložen neuro-fazi model treba da mu posluži kao svojevrstna informatička podrška u procesu donošenja odluka. Kao promjer je uzet slučaj jednostavne raskrsnice.
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Abstract - The paper considers the possibility of an ANFIS (Adaptive Neuro-Fuzzy Inference System) implementation to the MAS (Multi-Agent System). The proposed ANFIS is based on functional equivalence between TSK (Takagi-Sugeno-Kang) fuzzy inference system and RBFN (Radial Basis Function Network). Since the MAS agent has incomplete information or capabilities for solving the problem, the paper proposed an ANFIS as a decision making support aid to the agent. The case of a simplified two-road junction has been taken into consideration as an example of how the ANFIS should be applied to the MAS. 
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1. INTRODUCTION
Let’s start with a question: what are multi-agent systems? In essence, agents forming such systems are autonomous systems that can decide for themselves what they need to do. Agents are capable of operating in dynamic, open environments and interacting with other agents - including both people and software. The agents are a way to manage interactions between different kinds of computational entities, and to get the right kind of behavior out of large-scale distributed systems. The growing complexity of the interactions in up-to-date emerging distributed systems means new dynamic techniques need to be introduced to provide more flexible mediation and management. One of the basic ideas of agent-based computing is that there are multiple agents in the environment which talk to each other, essentially autonomous software systems that can decide for themselves what they need to do. For example, laws, norms, guides for behaviors, even policing and trust between agents, can all help in the mediation and management of such complex systems. Management of multi-agent systems is concerned with mediating the interactions of components, whether they are supercomputers or groups of low-level factory floor devices like sensors and actuators. In human societies we have developed laws, norms, regulations and systems of policing, but we do not have that in computational systems. We need computational entities to do what we do in the real world. We need norms and rules of behavior within systems, so that if agents and the system goals do not comply, there must be some sort of sanction [1,2,3].
The main characteristics of MASs are: each agent has incomplete information or capabilities for solving the problem, and thus has a limited viewpoint; there is no system global control; data is decentralized and computations are asynchronous [4]. Thus, agents need some kind of support to better functioning and achieving their own and overall system goals at the same time. Consequently, we propose ANFIS knowledge based decision support mechanism as an useful tool for agents in all these senses.
The rest of the paper has been structured as follows: after a short description of MASs, given in the current introduction, the proposed ANFIS-based approach for a MAS improvement will be demonstrated on a traffic example. In this approach, cars within a road network are considered to be agents. Finally, some conclusion remarks and future research directions are given.
2.  AN ANFIS IMPLEMENTATION FOR A TRAFFIC MAS
A detailed description of the ANFIS structure based on functional equivalence between TSK (Takagi-Sugeno-Kang) fuzzy inference system and RBFN (Radial Basis Function Network) and the hybrid learning algorithm can be found in the references [5,6]. This ANFIS structure, previously computationally realized in Pascal, is directly applied on the MAS in the paper. 
Let’s start considering the main problem: the ANFIS implementation as a decision support method into the MAS. As an example of MAS we have taken into consideration a simple two-road junction. The inspiration for this example derives from [7]. Although the approach proposed in [7] is different from the previous one, since it is based on a simulation process and genetic algorithms, some similarities can be noticed. Namely, it proposes how environment norms should be changed due to the agents (cars/drivers) behaviors. Here, in this approach we give the agent support, enabled by an ANFIS, both before it makes the decision and before it eventually breaks the environment rules. The ANFIS is capable of adjusting itself due to the agent behavior and of offering more precise support in next agent steps. But what is here of particular importance to be mentioned? This ANFIS based approach requires the existence of an appropriate knowledge base that could be extended or enriched in the process of ANFIS training. Thus, the ANFIS could be both used as agents support decision making aid and as a tool for enlarging, or “sharping”, the MAS’s initial knowledge base. 
In the next section, some linguistics and numerical presentations of the examined two-road junction are given and discussed.

3. THE LINGUISTIC AND NUMERICAL DATA
Even there is quite a lot of papers seriously considering this problem of a two-road junction (some solutions have been given in [8,9,10] e.g), we suggest this rather simple ANFIS method which could be in a way useful one both for MAS’s agents behavior and for achieving the environment goals. 
Let’s suppose that we consider three criteria for each agent (car/driver) in aim to reduce the number of accidents: agent’s position, its speed and right side priority. These three criteria could be described linguistically as:

· Position – short, medium and long distance from the junction (where medium and long distance from the junction do not imply the distances greater than 1-2 [m]);

· Speed – low, medium and high; and,

· Right side priority – completely satisfied, incompletely satisfied and not satisfied at all. The right way priority is related to the other agents’ positions in the MAS. So, the right side priority will be “completely satisfied” if another agent on the right side of the observed agent is far from the junction; “incompletely satisfied” if another agent is not so far but neither so close to the junction, and “not satisfied” if it is too close to the junction.
The appropriate linguistic qualifications should be represented with Gaussian membership functions (MF), with the following numerical boundaries and maximum values:

· Position:
· SDJ – short distance from the junction (center): (0; 0,5; 1) [m]

· MDJ – medium distance from the junction: (0,5; 1; 1,5) [m]

· LDJ – long distance from the junction: (1; 1,5; 2) [m]

· Speed:
· L – low: (5; 10; 15) [km/h]

· M- medium: (10; 15; 20) [km/h]

· H – high: (15; 20; 25) [km/h]

· Right side priority:
· NS – not satisfied: (0; 1; 2) [m]

· IS – incompletely satisfied: (1; 2; 3) [m]

· CS – completely satisfied: (2; 3; 4) [m]

The numerically specified linguistic qualifications of the criteria are presented graphically in figures 1, 2 and 3, respectively.  
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Figure 1. Gaussian membership functions of the agent Position linguistic descriptions
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Figure 2. Gaussian membership functions of the agent Speed linguistic descriptions
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Figure 3. Gaussian membership functions of the agent Right side priority linguistic descriptions

The knowledge base of IF-THEN rules is given in table 1. The priority could be defined as “high” (0,5; 0,75; 1), “medium” (0,25; 0,5; 0,75), or “small” (0,1; 0,25; 0,5), and expressed by Gaussian membership functions. But, it is to be pointed out that there is not an intention here for these IF-THEN rules to be constant or unchanged during the learning and testing, i.e. exploitation of the ANFIS. On the contrary, it is recommended for these primarily formed rules to be changed during the system functioning, by proper tuning of their membership functions due to the agent (car/ drivers) behavior. 
The ANFIS procedure shall be applied and tested here in a certain moment of time (tick) for one agent, but by employing more ANFIS models of the same type (with adequate crisp values in its input parts) at the same moment, acquired through the appropriate sensors system, it would be possible to obtain and offer the proper advices for each MAS agent. 
4. THE OBTAINED NUMERICAL RESULTS

After ANFIS training on the set of 27 numerical (crisp) inputs being randomly taken from IF-THEN rules (defined linguistically in table 1 and qualified by the appropriate Gaussian membership functions like in figures 1, 2 and 3), some changes have occurred in the membership functions for position and right side priority (figures 4 and 5). The membership functions representing the Speed, as a criterion,  keep the same shape.
Furthermore, the 3D representations of different combinations of priority and criteria: position, speed and right side priority, have been given in figures 6, 7 and 8. They enable immediate (direct) estimation of priority for the different pairs of criteria values (position-speed; position-right side priority; speed-right side priority, e.g), while the third criterion remains unchanged at a medium level. 
The average error after testing ANFIS was 5.9041 E-04. This small level of the error experimentally confirms the ANFIS algorithm validity and applicability.

The proposed ANFIS does not relieve the car’s driver from making a decision. It could only aid the decision making by giving the driver a certain perspective on the decision problem. When the driver combines this perspective, given by the ANFIS, with the qualitative perspective obtained from his own observation and experience, the outcome often becomes a better and safer decision [11].
	No.
	Position
	Speed
	Right side
priority
	Priority

	1.
	LDJ
	H
	NS
	0.00

	2.
	MDJ
	M
	NS
	0.00

	3.
	SDJ
	M
	NS
	0.00

	4.
	SDJ
	H
	NS
	0.00

	5.
	MDJ
	L
	NS
	0.00

	6.
	LDJ
	L
	NS
	0.00

	7.
	SDJ
	L
	NS
	0.10

	8.
	LDJ
	L
	IS
	0.10

	9.
	LDJ
	M
	NS
	0.10

	10.
	MDJ
	M
	CS
	0.25

	11.
	LDJ
	H
	IS
	0.25

	12.
	SDJ
	M
	IS
	0.25

	13.
	SDJ
	H
	IS
	0.25

	14.
	MDJ
	L
	IS
	0.25

	15.
	MDJ
	H
	NS
	0.25

	16.
	LDJ
	L
	CS
	0.25

	17.
	LDJ
	M
	IS
	0.25

	18.
	MDJ
	M
	IS
	0.50

	19.
	SDJ
	L
	IS
	0.50

	20.
	LDJ
	H
	CS
	0.50

	21.
	SDJ
	M
	CS
	0.50

	22.
	SDJ
	H
	CS
	0.50

	23.
	MDJ
	L
	CS
	0.50

	24.
	MDJ
	H
	IS
	0.50

	25.
	LDJ
	M
	CS
	0.50

	26.
	MDJ
	H
	CS
	0.75

	27.
	SDJ
	L
	CS
	1.00


Table 1. The proposed IF-THEN rules for simple two-road junction

5. A PROPOSAL FOR A PUNISHING POLICY

Additionally, we shall give here a proposal for a punishing policy based on the previously applied ANFIS. Let’s suppose that the agents have available decision making support by the previously developed ANFIS and that they can either respect the ANFIS suggestions, or not. 
Explicitly, when they receive the ANFIS suggestions the agents can keep the same speed, stop  or reduce considerably the speed  in aiming to fulfill, partly fulfill or break the suggestions given by the ANFIS. But, in any case, the agents have to be conscious, all the time, about the existence of the MAS punishment policy.
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Figure 4. The Gaussian membership functions of the agent Position linguistic descriptions after learning the ANFIS
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Figure 5. The Gaussian membership functions of the agent Right side priority linguistic descriptions after learning the ANFIS
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Figure 6. Graphical presentation of Priority, Position and Speed mutual dependence
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Figure 7. Graphical presentation of Priority, Position and Right side priority mutual dependence
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Figure 8. Graphical presentation of Priority, Speed and Right side priority mutual dependence

The MAS’s punishment policy could be based upon the Priority which ANFIS gives the agent at a certain traffic situation in the junction. Symbolically, the punishing policy should be linguistically described by five linguistic qualifications: none, mid-, mid, mid+, full. What does it mean in fact?  The priority is inversely proportional to the punishment: if the agent has a high priority and it keeps the same speed, then the punishment will correspond to none; if the agent has a high priority and stop, the punishment will be mid, and finally, if it considerably reduces the speed it will be mid-. As another example: if an agent has small priority, and keeps the same speed, then, the punishment will be full; if it stops, the punishment will be none; and, if it reduces the speed considerably, the punishment will be mid+. The table with the suggestions for punishing is given below (table 2).
	Priority
	Agents’ changing the speed
	Punishment

	high
	keep the same
	none

	
	stop
	mid

	
	reduce the speed considerably
	mid-

	medium
	keep the same
	mid

	
	stop
	mid+

	
	reduce the speed considerably
	mid-

	small
	keep the same
	full

	
	stop
	none

	
	reduce the speed considerably
	mid+


Table 2. The proposal for a punishing policy based upon agents’ priority, given them by the ANFIS

Of course, punishing linguistic qualifications should be firstly translated into the appropriate fuzzy sets, and after processing, they should be finally translated into crisp values. Consequently, if we represent the agents’ priority, changes in their speeds and a punishing policy as adequate fuzzy sets, we should have to create, train and test another ANFIS. It would have two input sets (agents’ priority and changes in their speed) with three membership functions and a crisp output that best fits into the punishing policy fuzzy sets. Undoubtedly, the proposed IF-THEN punishing rules will require some corrections and refinements during their processing. Nevertheless, they are given rather as an illustration, than as the representation of the knowledge base being formed upon the experts’ knowledge in the domain. We have just given here an idea how punishing policy should be applied to the MAS, instead of developing another ANFIS, since it would require almost the same approach in creating, training and testing the system. Thus, for the sake of “time and space”, we only suggest to acquire the data from a real two-road junction in aim to create a solid  punishing knowledge base due to the changes in agents’ speed immediately after obtaining the ANFIS suggestions related to their priority in the junction.
CONCLUSIONS
This paper proposes to apply ANFIS as a decision support system to a particular MAS: a two-road junction with agents as cars or drivers. The detailed description of the applied ANFIS architecture and hybrid learning algorithm can be found in [5,6]. Here, the proposed and previously implemented ANFIS is employed as a decision making support aid to the agents in the MAS. It could be also used for refinement of the existing knowledge base related to the MAS environment. More explicitly, when an unknown MAS’s input is represented to the ANFIS, it can successfully predict the adequate output; here, the unknown agent priority in the junction, for the presented current position, speed and right side priority of the agent. Besides, if we collect the data related to the number of accidents in the system, by snapping the agents’ behaviors in the junction during the certain period of time, we should be in position to get more data about the punishment policy which should be applied to the system in the future. Then, this new knowledge base of the environment and punishing policy can be implemented into the MAS and improved by applying another ANFIS model. The last mentioned approach, related to the punishing policy, has been just treated here rather as an idea; and it is to be the subject of some more detail forthcoming investigations and analysis of the “real-world” MASs’ problems. 
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