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Algorithm 1 IDQL using SSE
1: for stept =1to T do

2: Each agent ¢ converts current state si_; to z!_; using
Eq(2)

3: Each agent 4 chooses action a} using Q*(zi_1; 0;)

4: Execute actions a; = (af, ..., a})

5: Each agent ¢ observe si,7{ and stores
(st—1,ai_1,7(,8¢) to D

6: for agent ¢ = 0 to N do

7 Sample B experiences (s, a,r, s') from D'
8: Convert B experiences (s,a,r,s’) to (z,a,r,2') us-
ing Eq(2)
9: Update Q-network by minimizing the loss £(6;) =
18] Leep(r +ymaxe Q(2',a'167) — Q(z,a;64))”
10: Update the parameters of the target network in the
interval 1

11: end for

12: Update SSE’s parameter 02°F using all agent’s expe-
rience

13: end for
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Table 1 Parameter of learning agents

Parameter Value

Initial exploration rate (e) 1.0

e decay rate 0.99
Lowest € 0.001

Discount factor () 0.99
Optimizer Adam
Learning rate 0.001

Interval of updating target network(7) 16
Size of experience buffer 1000

Batch size 32
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Fig. 2 Left is 4x4 grid network, Right is 5x5 grid network.
Each circle represents a resource. The capacity of red
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Fig. 3 Change of ALoR in each episodes. Upper graph is the

result in 4x4 grid network, Lower is the result in 5x5

grid network

coobobooooooooooooooboOooooooo
000000000000 00000 SSEggooooo
coboooooooocooobooooooboboOooobooooo
coooooooon

6.2 0J0O0O0OO0ODOOO

oooo0,00000000000000000O
0000000000000 SUMO(Simulation of Urban
MObility)[16) DO OO0DOO0OO.

00000 3x300000000000000000.
OOO00DO000O0004000. 00000000 100m,
00000 40km/h, 100000 900000. 02000
oooooobboboOoOo.100o0o0o0o0c0o0oooooo
ooooooo,000o00000000D00100000A0
oo0o0ooo0o0oooo0o0ooooooooooo

02 OpOoOooo obo

Table 2 OD matrix which is used in the experiments
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Fig. 4 Map is used to evalute the proposal method. Alphabet

represents origin-destination of cars
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Table 3 Average waiting time of cars in each episodes

Name Average ALoR(Standard Error)
IDQL 59.10(16.90)
IDQL+SSE 38.01(14.87)
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