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Accelerated Method Based on Distributed Reinforcement
Learning in Multi-Agent Systems

Sara Esfandiari ; Behrooz Masoumi ; Mohammad reza Meybodi
ABSTRACT

In this paper, has been proposed a new method using distributed Reinforcement Learning to increase rate of learning in
Reinforcement Learning Algorithms. In this recommended method, for every state of the environment, a virtual agent that is
responsible for learning in this state. Virtual agents use Q-Learning Algorithms for learning best policy. In this method, used a
new optimized function has been proposed to select the action, which has led to an increase in algorithms based on Q-Learning.
The superiority of proposed function, with variety experimental and mathematical analysis has been proved. The mentioned
algorithm, has been used for solving the problem of cooperative Markov Games. The results gained during the experiments show
that in comparison with the previous methods, the recommended algorithm has a very high efficiency from the perspective of the
number of movements needed for achieving the optimized answer and the average of rewards gained.
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q <7+ Yuea, max Q;(S', u)

Qi(S,a) = f(x) = {(\ —0)Qi(S,a), if Q(S,a)<q

Qi(S,a), else o
Algorithm Distributed Q-Learning
Y. Initialize;
Y. forallae A;ands €S do
Y. Qimax(S a) « +; m(S,a) arbitrarily
¢, end for.
°. s « initial Sate
1. while s is not absorbing state do
Y. from s select a according to EQ(Y) Selection Method based on m;
A, Apply a and observe reward r and next state S’
1. q e +ymaxye Q(S,w)
Voo if ¢ = Qi(S,a)then
N Qumax(S,@) « (O = @)Qi(S',a) + aq
VY. endif.
W if(Qi,max(Sr arg maxyea 7;(S, u) # maxyea Qimax(S, u)) then
Ve, select a random action Ay, € argmaxyeq; Qimax (S, 1)
\ [ =
Vo, WheEA m(S,b)« fx) = { ;flst; Gmax
Vi endif.
W, S« S
YA, end.
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Proposed Algorithm Dist BSAQL
1. Lettbe the global time, y the discount factor , n the number of mobile agents, s=s’€ S to the initial State.
2. Repeat
3 S=g’
4. forallagentsi € [1..n] do
5. x; = Send(help, agent'(S))
6. Select action a; = S.SOL[x;]. a;
7 Observe Successor state s' € S
8 =1
1+S.Qtaptelxiln
9 Set S.Qiapielxi]. Q; according to EQ(Y)

Set Learning Rate a; =

10. Set S.Qcapte[xil- 1 = S.Qraprelxil- mi +1

11. Resort decremently the experience list Qin S.Sol
12. end for.

13. Until Stop_Criterion() becomes true

14. //

15. Send (help, Agent'’)

16. begin:

17. Set index x; according to EQ (3)

18. Return max(S. Qapie- ;)

19. end.
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200 1356  11.27 13.24 30 14.4 172 10015 100.15 100 100 100 100
400  10.09 13.01 8.22 28 843 144 100 10025 10002 100 100 100
600 8.15 8.21 7.09 295 218 15.3 100  109.65 100 100 100 100
800 7.50 7.3 7.61 254 165 179 10092 100 10002 100 100 100
1000  7.27 73. 7.30 31 24 17.8 100 10004 100 100 100 100
1200 741 7.73 7.54 239 229 15.3 100 10001 100 _ 100 100 100
1400  7.74 7.17 8.09 275 40.5 17.7 10002 12741 100 100 100 100
1600  6.69 7.18 6.6 24 493 13.7 100 109.03 100 _ 100 100 100
1800  6.63 7.20 6.69 24.9 165.8 15.9 100 11898 109.95 100 100 100

2000  6.56 7.19 6.75 243 258 17.5 100 10001 100 _ 100 100 100
2200  6.88 7.44 6.71 245 50.7 117 100 137.76 100 100 100 100
2400  6.75 7.12 6.43 24.9 385 147 100 1288 109.95 100 100 100
2600  6.93 6.88 6.30 339 485 29.2 100 1028 100 100 100 100
2800  6.29 6.42 6.68 22 298 203 100  109.47 10001 100 100 100
3000 627 6.41 6.85 22 638.8 m 100 100.07 MM100M 100 100 MM100
ohle 7.64 7.89 7.47 26.38 8477  16.78 100.07 109.62 101.33 100 100 100
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600 \TRR V6,01 AAY YiV VALY VA Veu,0 Voo Voo Ve Ve Voo
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