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Abstract 

This paper focuses on the Learning Fuzzy Cognitive Maps. This method is the fusion of fuzzy 

logic, neural network and reinforcement learning (RL). RL give the frames of entities like 

environment changing adaption  
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Introduction 

 A Complex Adaptive System (CAS) is defined as a collection of entities or agents, 

merged in a dynamic environment, with simple rules of behavior and able to adapt to its 

environment by learning experiences. The overall adaptation to the environment appears 

through the local behavior of entities that is adaptive. 

 The multi-agent systems (MAS) and cellular automata (CA) are the only approaches, 

used by the community for modeling CAS. The MASs are criticized for their complexity, by 

against the CAs are also criticized for lack of environment.  

Recently, many studies have using FCMs, to model complex systems where CASs are a 

special case, and have given encouraging results. 

Fuzzy Cognitive Maps  

Fuzzy Cognitive Maps (FCMs) are a soft computing methodology developed by Kosko as an 

expansion of cognitive maps which are widely used to represent social scientific knowledge. 

They belong to the class of neuro–fuzzy systems, which are able to incorporate human 

knowledge and adapt it through learning procedures.FCMs are designed by experts through an 

interactive procedure of knowledge acquisition, and they have a wide field of application, 

including modelling of complex and intelligent systems, decision analysis, and extend graph 

behavior analysis. They have also been used for planning and decision–making in the fields of 

international relations and social systems modelling, as well as in management science, 

operations research and organizational behavior. Dicherson and Kosko have used FCMs to 

construct virtual worlds. Furthermore, FCMs have been proposed for modelling supervisory 

systems and for decision–making in radiation therapy planning systems. The wide recognition of 

FCMs as a promising modeling and simulation methodology for complex systems, characterized 

by abstraction, flexibility and fuzzy reasoning, promoted the research on new concepts in this 
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area. However the established developments still require enhancement,stronger mathematical 

justification, and further testing on systems of higher complexity. Moreover, the elimination of 

deficiencies, such as the abstract estimation of the initial weight matrix and the dependence on 

the subjective reasoning of experts‘ knowledge, will significantly improve FCMs‘ functionality. 

In this context, the development of learning algorithms is a stimulating research topic. A few 

algorithms have been proposed for FCM learning.The main task of the learning procedure is to 

find a setting of the FCM‘s weights, that leads the FCM to a desired steady state. This is 

achieved through the minimization of a properly defined objective function. Established 

algorithms are heavily dependent on the initial weight matrix approximation, which is provided 

by the experts. Recently, preliminary results on a different approach, based on Evolution 

Strategies, have been reported [23]. This paper proposes, a new approach for FCM learning, 

which is based on the Particle Swarm Optimization (PSO) method. PSO is used for the 

determination of proper weight matrices for the system, through the minimization of a properly 

defined objective function. PSO is selected due to its efficiency and effectiveness on a plethora 

of applications in science and engineering, and its straightforward applicability.  

 

The established developments still require enhancement,stronger mathematical justification, and 

further testingon systems of higher complexity. Moreover, the eliminationof deficiencies, such as 

the abstract estimation of theinitial weight matrix and the dependence on the subjectivereasoning 

of experts‘ knowledge, will significantly improveFCMs‘ functionality. In this context, the 

development oflearning algorithms is a stimulating research topic.A few algorithms have been 

proposed for FCM learning. The main task of the learning procedure is tofind a setting of the 

FCM‘s weights,that leads the FCM to adesired steady state. This is achieved through the 

minimizationof a properly defined objective function.  

Overview of Fuzzy Cognitive Maps 

FCMs have been introduced by Kosko in 1986 as signed directed graphs for representing causal 

reasoning and computational inference processing, exploiting a symbolic representation for the 

description and modelling of a system. Concepts are utilized to represent different aspects of the 

system, as well as, their behavior. The dynamics of the system are implied by the interaction of 

concepts. FCM structures are used to represent both qualitative and quantitative data. The 

construction of an FCM requires the input of human experience and knowledge on the system 

under consideration. Thus, FCMs integrate the accumulated experience and knowledge 

concerning the underlying causal relationships amongst factors, characteristics, and components 

that constitute the system.  
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An FCM consists of nodes–concepts, Ci; i = 1…..N, where N is the total number of concepts. 

Each node–concept, represents one of the key–factors of the system, and it is characterized by a 

value Ai ε [0; 1]; i = 1……N. The concepts are interconnected through weighted arcs, which 

imply the relations among them. A simple FCM with five nodes and ten weighted arcs is 

illustrated in Fig. 1. Each interconnection between two concepts Ciand Cj, has a weight Wij, 

which is proportionalto the strength of the causal link between Ciand Cj.The sign of Wijindicates 

whether the relation between thetwo concepts is direct or inverse. The direction of 

causalityindicates whether the concept Cicauses the concept Cjorvice versa. Thus, there are three 

types of weights: 

Wij>0; expresses positive causality; 

Wij<0; expresses negative causality; 

Wij= 0; expresses no relation: 

Human knowledge and experience on the system determinesthe type and the number of nodes, as 

well as the initialweights of the FCM. The value Ai, of a concept Ci, expressesthe quantity of its 

corresponding physical value andis derived by the transformation of the fuzzy values assignedby 

the experts, to numerical values. Having assigned valuesto the concepts and the weights, the 

FCM converges to asteady state, through the interaction process subsequentlydescribed. 

 At each step, the value Ai of a concept is influenced by the values of concepts–nodes 

connected to it, and is updated according to the scheme: 
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where k stands for the iteration counter; and Wji is the 

weight of the arc connecting concept Cj to concept Ci. The 

function f is the sigmoid function: 
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where ¸ λ>0 is a parameter that determines its steepness inthe area around zero. In our approach, 

the value ¸λ= 1 hasbeen used. This function is selected since the values Ai ofthe concepts, by 

definition, must lie within [0; 1]. The interactionof the FCM results after a few iterations in a 

steadystate, i.e. the values of the concepts are not modified further.Desired values of the output 

concepts of the FCM guaranteethe proper operation of the simulated system. 

The design of an FCM is a process that heavily relies on the input from experts. At the 

beginning, experts arepooled to determine the relevant factors that will be representedin the map 

as concepts. Then, each expert describesthe causal relationships among the concepts using a 

linguisticnotion. First, experts determine the influence of a concepton another, as ―negative‖, 

―positive‖ or ―no influence‖.Then, linguistic weights, such as ―strong‖, ―weak‖, etc, areassigned 
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to each arc. The linguistic variables that describeeach arc, for each expert, are defined in [8]. The 

linguisticvariables are combined, and the aggregated linguistic variableis transformed to a single 

linguistic weight, throughthe SUM technique. Finally, the Center of Area 

(CoA)defuzzificationmethod, is used for the transformationof the linguistic weight to a 

numerical value within therange [-1,1]. This methodology has the advantage that expertsare not 

required to assign directly numerical values tocausality relationships, but rather to describe 

qualitativelythe degree of causality among the concepts. Thus, an initialmatrix W
initial

 = [Wij], i; j 

= 1…N, with Wii = 0,i = 1...N, is obtained. Using the initial concept values,Ai, which are also 

provided by the experts, the matrixW
initial

 is used for the determination of the steady state ofthe 

FCM, through the application of the rule of Eq. (1). 

The critical dependence on the opinions of the expertsand the potential convergence to undesired 

steady states,are the two most significant weaknesses of FCMs. Learningprocedures constitute 

means to increase the efficiencyand robustness of FCMs, by updating the weight matrix soas to 

avoid convergence to undesired steady states. Up–to–date, there are just a few FCM learning 

algorithms and theyare mostly based on ideas coming from the field of artificialneural networks 

training. Such algorithms startfrom an initial state and an initial weight matrix, W
initial

,of the 

FCM, and adapt the weights, in order to compute aweight matrix that leads the FCM to a desired 

steady state. 

Reinforcement Learning (RL) 

The Markov Decision Processes (MDP) defines the formal framework of reinforcement learning. 

More formally, an MDP process is defined by: 

• S, a finite set of states. s Є S 

• A, a finite set of actions in state s. a Є A(s) 

• r, a reward function. r(s, a) Є R 

• P, the probability of transition from one state to another depending on the selected action P (s '| 

s, a) = Pa(s, s'). 

The problem is to find an optimal policy of actions that achieves the goal by maximizing the 

rewards, starting from any initial state. At each iteration, the agent being in the state chooses an 

action, according to these outputs the environment sends either award or a penalty to the agent 

shown by the following formula: ri = h (si, ai, si+1). 

 

. 

 

 

 

Agent 

Environment 

      Action 
ia        Reward 

ia  
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To find the total cost, which is represented by the formula Σ h(si,ai ,si+1), the costs are 

accumulated at each iteration of the system. In [9] the expected reward is weighted by the 

parameter γ and becomes Σ γ h (si,ai,si+1) with 0 ≤ γ ≤ 1. The RL is to find a policy or an 

optimal strategy π *, among the different π possible strategies in the selection of the action. Q-

Learning algorithm [8] is to introduce a quality function Q represents a value for each state-

action pair and Qπ (s, a) is to strengthen estimate when starting from state s, executing action a 

by following a policy π: Qπ(s, a) = E Σγri and Q*(s, a) is the optimal state-action pair by 

following policy π* if Q*(s, a) = max Qπ(s, a) and if we reach the Q*(si, ai) for each pair state-

action then we say that the agent can reach the goal starting from any initial state . Initially, the Q 

values are initialized most cases to 0 and the value of Q is updated by the equation:  

Qk+1(si ,ai) = Qk (si ,ai) + α[h(si,ai ,si+1) + γ arg max(Qk(si+1,a)) - Qn (si ,ai)] (2)  

α is called learning parameter. 

THE ADAPTATION OF LFCM  

The CASs [10] are distinguished from other systems by their dynamic improvements in current 

policy for each interaction with the environment. So this is a local building that does not require 

an assessment of the overall strategy. This observation leads us to overlook the value of the 

quality function Q in step (i+1). This translates mathematically by:  1,    0nQ si a   and 

therefore equation (2) of the function Q becomes as follows:  

       1Q  ,     ,        ,   3k k k

isi ai Q si ai r Q si ai       

The following pseudo code provides an update of the value of Q function:  

If r = 1 / / Award  

     1Q  ,     ,     1   ,  k k ksi ai Q si ai Q si ai       

If r = 0 / / Penalty  

   1Q  ,     (1- )  ,  k ksi ai Q si ai   

In our approach, if the states are represented after fuzzyfication by the concepts inputs or sensory 

concepts, the output vector is represented by the set of output concepts or effectors concepts that 

represent actions to perform in the environment after defuzzyfication. The motors concepts are 

the decision-making mechanism.  

The value of Q is designed to instruct the agent to consider optimally its historical past. If the 

agent is in a state already visited, with a Q value in the table of values, it will be directly 

exploited to move to the next state, otherwise it will explore the possible actions in this state 

according to their respective probabilities. The exploration of the actions is accompanied by an 

update of their probabilities according to the linear scheme:  

If r = 1 / / Award  
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     1  ,    ,    + 1-P  ,  k k kP si ai P si ai si ai      

If r = 0 / / Penalty  

   1  ,   (1 )  ,  k kP si ai P si ai    

THE PROPOSED APPROACH  

Based on the theoretical aspects described above, the pseudo code of Algorithm 2 summarizes 

our approach.  

Algorithm 2 : Pseudo code of the proposed approach  

Step 1: Read the vector ( )kA  and weight matrix W  

Step 2: Calculate the output vector  ( 1) (k) (k)kA f A A W    

Step 3: Apply the transfer function f  to the output vector ( 1)kA   

Step 4: Among the active concepts choose the one that has the highest value of the function Q, if 

not probability  

Step 5: calculate the new output vector (output concepts) ( 1)kA   

Step 6: Depending on the response to the environment:  

If r = 1 / / Award  

(Updating the probability ijP  and the Q value)  

     1Q  ,     ,     1   ,  k k ksi ai Q si ai Q si ai       

1( ,   ) )( ,k k

i j i jW C C W C C   

     1  ,    ,    + 1-P  ,  k k kP si ai P si ai si ai      

If r = o / / Penalty  

(Updating the probability Pij, the weight of the connection and the value of Q)  

   1Q  ,     (1- )  ,  k ksi ai Q si ai   

1( ,   ( ,) ) 1 ( ,[ )]k k k

i j i j i jW C C W C C W C C    

   1  ,   (1 )  ,  k kP si ai P si ai    

Step 7: If the termination conditions are realized Stop. Otherwise go to Step 2 
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