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Improving Learning Automata based Multi-agent System
using Entropy Concept
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ABSTRACT
So far, many models have been proposed for multi-agent systems based on Markov Models. One of these models
is Markov Games. In this paper a new method based on the entropy concept is presented to improvement of
learning automata based multi-agent systems. Multi-agent system is used for finding optimal policies in Markov
games.. In the proposed algorithm, each agent residing in every state of the environment is equipped with a
learning automaton. Each joint-action of the learning automaton corresponds to moving to one of the adjacent
states. Each agent moves from one state to another and tries to reach the goal state. The actions taken by the
learning automata along the path traversed by the agent are then rewarded or penalized using the cost of the
traversed path or the entropy of probability vector of learning automaton of each agent in the next state
according to a learning algorithm. The results of experiments have shown that the proposed algorithms perform
better than the existing algorithms in terms of cost and the speed of reaching the optimal policy.
KEYWORDS
Markov Games, Learning Automata, Entropy.
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The Proposed Algorithm

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.
for all states s, agentsk do
P(s,k) =1/number of permissible actions
TotalReward(k) = O // total reward received by each agent
LastAction(s,k) = O // last action played in each state
T[k] =0; /I Threshold for agent K ;
end for
/IMain Loop
for episode =1 to M do
S = StartState; /Irandom or fixed
Iteration=1

while not done
JointAction =;
for all agent k do cuncurrently
Activate LA(S k)
Action = SelectAction (p( S, agent))
JointAction = JointAction U Action;
NewsState = GetNextState (S,JointAction)
LastAction (state,agent) = action;
TotalReward (agent) = TotalReward(agent) + GetReward(S,JointAction)
StorePath(NewState);
if NewState = Goal state then
if CostLk < TK then
reward LA(S,k)in Path with signal Ly based on Eq(5)

else penalize LAks with (1.0- LK)



(Lk—T)

—~T+—
T T Iteration
endif
else Train LA(S,k) with reward signal Eq(6)
endif
end for
S=s',
Increment (lteration)
end while
end for episode
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