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Algorithm S2 Asynchronous advantage actor-critic - pseudocode for each actor-learner thread.

H Assume global shared parameter vectors 0 and 0. and global shared counter 1" = ()
// Assume thread-specific parameter vectors 8 and 0,
Initialize thread step counter ¢ + 1
repeat
Reset gradients: dfl « 0 and dfl, « 0.
Synchronize thread-specific parameters 8 = 8 and 8, = 8,
tstart =t
Get state s;
repeat
Perform a; according to policy 7 (az|s:;0)
Receive reward r; and new state s 1
tet+1
T+«T+1
until terminal s, or t = typur == t,

0 Inr lerrmml
= { V(se,0)

forie{t—1,...
Reri++vR
Accumulate gradients wrt 8; 6 < df + Vor log m(a 510
Accumulate gradients wrt 8,: dfl, « df, + & (R — V(s
end for
Perform asynchronous update of § using df and of 8, using d6,.
until 7' > Tz

for non- tummal s¢// Bootstrap from last state
tetare } do

)7 = Vi(si )
0.))* /08,

(23] 1) A3C Pseudo Codel[3]

4. Proposed Method
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5. Experiment & Result
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6. Conclusion & Future Work
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