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Win or Update Exploration-ratio (WoUE)

As the bottom-up approach, we focused on multi-agent resource sharing
problem with dynamically changing resources. We proposed a method called "Win or Update
Exploration-ratio (WoUE)", in which each agent adjusts its exploration ratio through learning
independently.

As the top-down approach, we picked up large scale pedestrian control at big events. We evaluated
two top-down control methods, that are, fixed and adaptive dividing guidance of peoples via a
simulator, and compared with real data.

multiagent resource shareing learning simulation social simulation
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Algorithm 1 WoUE.
1: Initialze N agents
2: for cycle = 1 — endCycle do
3 for all Agents do

4 select action, using e-greedy

5 end for

6: evaluate all agent reward

7 if interval MOD cycle = 0 then

8 broadcast (i to each agent

9: for all Agents do
10: if r((é‘((f)) < g then
11: calculate Ag; by Eq. (1)
12: &(t+ 1) « cuanceBySiGMoID (Ag;, &(1))
13: &(t+ 1) « CHECKMINMAX(g(r +1))
14; end if
15: end for
16: end if
17: end for

19: function CHANGEB YSIGMOID(Ag, £)

20: sig_g « inverceSigmoid(€)
21: € « sigmoid(sig_€+ Ag)
22: return £

23; end function

24:

25; function CHECKMINMAX(&)
26: if £ < minimum_g then

27 £ «— minimum_g

28: else if maximum_g < € then
29: € +— maximum_g

30: end if

31: return £

32: end function
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