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1. Markov Decision Process

          .
   

    .) (2(SG) 
     
       

    
]4[]5 .[  

     3

    ]6.[
       

       
    
      .

        
    .     
          
  .     

  
  .

        
  4) ( 5

 .       
           

 .
         . 

      
  .    
       

6     
7(MMDP).

  
            

  8    .

2. Stochastic Games
3. Markov Game
4. Zero -Sum Games
5. General -Sum Games
6. Fully Cooperative
7. Multi -Agent MDP
8. Sum of Discounted Expected Rewards
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1. Equilibrium Points
2. Nash Equilibrium
3. Correlated Equilibrium
4. Ergodic
5. Network of Learning Automata
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Multi - agent Q - learning (Stochastic Game, , , M )
Inputs: discount factor , learning rate , M  total training time
Output: state-value functions, action-value *

iV  function *
iQ

Initialize: 1 1, ,N Ns a a Q Q
1.       for k = 1 to M do
2.       simulate actions 1 , , na a  in state s
3.       observe rewards 1, , nR R  and next state s
4.       for i = 1 to N do
                (a) compute ( )iV S
                (b) ( , ) (1 ) ( , ) [(1 ) ( ')]i i iQ s a Q s a R Vi s
5.       agents choose action 1 , , Na a
6. 1 1, , , N Ns s a a a a
7.       decay
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2. Multi Learning Automata
3. Exploration
4. Exploitation
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Multi Leaning Automata (Stochastic Game SG, a, b, K, M)
Inputs: a, b: reward and penalty parameter for each LA,
K: exploration Parameter, M: total training time
Initialize: In each state, a Learning Automaton of type S for
each agent is placed. The set of actions of this LA is the set of
permissible movements to other states.
The following steps are taken
1.    for episode = 1 to M do
2. s = Start State
3.        while not done
4.            for each agent i do concurrently
5.                Activate s

iLA  (LA residing in current state(s) of
agent i)
6.                Choose action s

ia  in state s
7.                Observe Rewards s

ir  and Next State s
8.                Compute cumulative-reward1, cumulative-reward2
9.                Compute s

i  signal base on EQ (15)
10.              Train s

iLA  residing in state s according s
i

11.          end for
12. s s
13.      end while
14.  end for

 4 :MLA.

6 :   Grid World.
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Modified MLA (Stochastic Game SG, a, b, M)
Inputs: a, b: reward and penalty parameter for each LA,
M: total training time
Initialize: In each state, a Learning Automaton of type S for
each agent is placed. The set of actions of this LA is the set of
permissible movements to other states. Coefficient c is an
increment parameter.
The following steps are taken
1. K is set to initial value
2.    for episode = 1 to M do
3. s = Start State
4.        while not done
5.            for each agent i do concurrently
6.                Activate s

iLA  (LA residing in current state(s) of
agent i)
7.                Choose action s

ia  in state s
8.                Observe Rewards s

ir  and Next State s
9.                Compute cumulative-reward1, cumulative-reward2
10.              Compute s

i  signal base on EQ (15)
11.              Train s

iLA  residing in state s according s
i

12.          end for
13. s s
14.      end while
15.      Increment K with coefficient c
16.  end for

5 :MLA.
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