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Algorithm 3 Separated batch Ensemble DQN

1: Initialize K Q-networks Q(s,a;6%) with random
weights 6 for k € {1,..., K}

2: Initialize Experience Replay (ER) buffer B
3: Initialize exploration procedure Explore(-)
4: fori=1,2,...,Ndo
5 QF (s,0) = 228 Q(s,a;05 )
6: fork=12,...,Kdo
7: Sampling mini-batch By, from buffer B
8
9

yk =Eg, [r +ymax, QF (¢, a"))| s, a}
ﬂﬁ" A2 argming ]Egi_[( yik — Q(s.u;ﬁ))z']

10:  end for
11:  Explore(-), update B
12: end for

output Q% (s,a) = £ 3K Q(s,a;0)
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