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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.

4-
GRID GAME

     
 .     

Grid Game  
 Hu Wellman      

]8 .[      
  .

4-1  Grid Game

  Grid Game 6   . 
 )1GG ( Chicken   

        . )2GG (
          . 

1          
    .   

  . 1A 2A   
)   ( .  

{ ( , )}S s s l l1 2   ( , )s l l1 2 
12   .    
  .       

       .   
   8 7 56    72 8 7 57 .

            
.      100  

    ) (  
. 

www.SID.ir



Arc
hi

ve
 o

f S
ID

  :    103

)(

)(
7 :   Grid World ) (1GG 

) (2GG.

1:.

 

12

Single Q -learningSingle Q -learning23
First NashSingle Q -learning45
First ParetoSingle Q -learning54
First NashFirst Nash100
First ParetoFirst Pareto100

MLAMLA100

       
    .

        
    .   

       
 )    ( .

         .
    .

       
     ) (

    . 
( ( ), , ( ))i i i

ms s1    is
   .( )i

js  
  1    .    

* *( , )1 2   
 .

        ( , )l l1 2

       .  
       )

     

 8 :     1  
 ( ( ))state 02      K.

  )15 ()  (  
    .      

         
    . 7   

 .

4-2  

    
   .       

Grid Game   .
1:.

    .   
      1  

  K       .
 a/ /{ , }01 0 4  b

 )K 3 (    a  
/{ }k 10 3  . 8  

   .      
    

       
  .

2:  .
   Nash - Q 

    
  .     

      . 1
      .

140000   50 
     .

www.SID.ir



Arc
hi

ve
 o

f S
ID

        8  2  1389 104

)(

)(
9  :  Nash - Q   

 1 1GG ) (Nash - Q ) (.

)(

)(
 11 :    ) ( ) (
 1GG.

        
   .910 

  Nash - Q MLA     .
  200      

10000  .    
 )  (   . 

  /a 01 LRI  
 NASH - Q1/0     .

   9 10  
 Nash - Q.

3: 

)(

)(
10 :  Nash -Q   

 1 2GG ) (Nash - Q ) (.

)(

)(
 12 :    ) ( ) (
 2GG.

 .  a b  
       . 

   / /{ , }a 01 001b 0  
a          

   .      b 
  .    /{ , }b 0 001

 LRI  LRP   
 1  .      

 ]15 [LRI 
 LRI     .
1112  .

www.SID.ir



Arc
hi

ve
 o

f S
ID

  :    105

)(

)(
 13 :       )(

1GG) (2GG.

4:     . 
     
       .

     
       . 

  13     
      .    

      
    .    

      
        

 .      
  .  

  .        
   .

)(

)(
 14 :  K  MLA   

)(1GG) (2GG.

5:  K  . 
   K  

 . 1/0 { , }K 3 10 
    .    14K

  .
6:    

 .     
          )

 (     .  
K  1      c 

  .     / /{ , , }c 0 0001 001
  . c 0  .   

    15   
/c 001 .

       K 
       K  

       
 .

5-
    

      
         . 

       
     

  .      
     .

    
   

www.SID.ir



Arc
hi

ve
 o

f S
ID

        8  2  1389 106

 15 :     
.

 .  
   .  

   
   K   

       .    
      

        .   
    

       
        .

[1] G. Weiss, Multi - Agent Systems: A Modern Approach to
Distributed Artificial Intelligence, Cambridge, MA: MIT Press,
1999.

[2] H. Van Dyke Parunak, "A practitioners' review of industrial agent
applications, autonomous agents and multi-agent systems,"
Autonomous Agents and Multi-Agent Systems, vol. 3, no. 4, pp. 389-
407, Dec. 2000.

[3] A.  K.  Goel,  V.  Kummar,  and  S.  Sirivasan,  "Application  of  multi -
agent system & agent coordination," in Proc. 2nd National Conf.
Mathematical Techiniques: Emerging Paradigms for Electronics and
IT Industries, MATEIT''2008, pp. 328-337, New Dehli, India,
Sep. 2008.

[4] L. Busniu, R. Babuska, and B. Schutter, "A comprehensive survey of
multi-agent reinforcement learning," IEEE Trans. on System, Man,
Cybern., vol. 38, no. 2, pp. 156-171, Mar. 2008.

[5] M. L. Littman, "Markov games as a framework for multi-agent
reinforcement learning," in Proc. ICML'94, pp. 157-163, Mar. 1994.

[6] J. Osborne and A. Rubinstein, A Course in Game Theory,
Cambridge, MA: MIT Press, 1994.

[7] J. Hu and M. P. Wellman, "Online learning about other agents in a
dynamic multi-agent system," J. of Cognitive System Research,
vol. 2, no. 1, pp. 67-79, Apr. 2001.

[8] J. Hu and M. P. Wellman, "Nash Q-learning for general - sum
stochastic games," J. of Machine Learning Research,  vol.  4,
pp. 1039-1069, Nov. 2003.

[9] A. Greenwald and K. Hall, "Correlated Q - learning," in Proc. of the
Twentieth Int. Conf. on Machine Learning, ICML'2003, pp. 242-249,
Aug. 2003.

[10] M. Song, G. Gu, and G. Zhang, "Pareto-Q learning algorithm for
cooperative agents in general-sum games," in Proc. CEEMAS 2005,
pp. 576-578, Sep. 2005.

[11] M. Song, J. Bai, and R. Chen, "A new learning algorithm for
cooperative agents in general -sum games," in Proc. of the Sixth Int.
Conf. on Machine Learning and Cybernetics, pp. 50-54, Hong Kong,
Aug. 2007.

[12] M. R. Khojasteh and M. R. Meybodi, "Evaluating learning automata
as a model for cooperation in complex multi - agent domains,"
Lecture Notes in Artificial Intelligence, Springer Verlag, LNAI
4434, pp. 409-416, ???. 2007.

[13] A. Now´e, K. Verbeeck, and M. Peeters, "Learning automata as a
basis for multi - agent reinforcement learning," Lecture Notes in
Computer Science, vol. 3898, pp. 71-85, ???. 2006.

[14] P. Vrancx, K. Verbeeck, and A. Nowe, "Decentralized learning in
markov games," IEEE Trans. on Systems, Man and Cybernetics-
pt. B: Cybernetics, vol. 38, no. 4, pp. 976-981, Aug.. 2008.

[15] P. S. Sastry, V. Phansalkar, and M. A. L. Thathachar, "Decentralized
learning of Nash equilibria in multi-person stochastic games with
incomplete information," IEEE Trans. on Systems, Man and
Cybernetics, vol. 24, no. 5, pp. 769-777, May 1994.

[16] R. A. Howard, Dynamic Programming and Markov Processes, MIT
Press, 1960.

[17] R. S. Sutton and A. G. Barto, Reinforcement Learning I: an
Introduction, MIT Press, 1998.

[18] F. Thusijsman, Optimality and Equilibria in Stochastic Games,
CWI-tract 82, Centre for Mathematics and Computer Science,
Amsterdam, 1992.

[19] J. F. Nash Jr., "Non-cooperative games," Annals of Mathematics,
vol. 54, no. 2, pp. 286-295, Sep. 1951.

[20] A. M. Fink, "Equilibrium in a stochastic N-person game," J. of
Science in Hiroshima University, Series A - I, vol. 28, pp. 89-93,
1964.

[21] H. Qio, F. Szidarovszky, J. Rozenblit and L. Yong, "Multi-agent
learning model with bargaining," in Proc. of the 38th Conf. on
Winter Simulation, pp. 934-940, Dec. 2006.

[22] K. S. Narendra and M. A. L Thathachar, Learning Automata: an
Introduction, Prentice Hall, 1989.

[23] M. A. L. Thathachar and P. S. Sastry, "Varieties of learning
automata: an overview," IEEE Trans. on Systems, Man, and
Cybernetics - Pt B.: Cybernetics, vol. 32, no. 6, pp. 711-722,
Dec. 2002.

[24] M.  A.  L.  Thathachar  and  P.  S.  Sastry,  Networks  of  Learning
Automata: Techniques for Online Stochastic Optimization, Kluwer
Academic Publishers, 2004.

[25] M. Costa, A. L. Goldberger, and C. K. Peng, "Multi-scale entropy
analysis of complex physiologic time series," Physical Review
Letters, vol. 89, pp. 68101-68104, Aug. 2002.

[26] Z. Dianhu, F. Shaohui, and D. Xiaojun, "Entropy - a measure of
uncertainty of random variable," Systems Engineering and
Electronics, vol. 11, pp. 1-3, Dec. 1997.

   1374   -     
     1377    

        .  1389
       -      

  .   1377    
     . 

     :    
    .

            
   1352 1356         

       1359 1362   
            

   .         
 1362 1364       1364 1370

         .   
    :       

       .

www.SID.ir


