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Algorithm 1 Pseudo-count based exploration method

1: Imitialization: The parameter of density model ¢ and
the constant [

2: for k=0,1,2,... do

3 Take action aj, from the state s; with the policy 7

4:  Receive reward r; and transit to sy

5. Update the parameter of density model € given sy,

6:  Calculate the pseudo-count N (sy,)

7 Update the policy 7 using the reward 7 + g

8:

VN (sk)

end for
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