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EH2

Algorithm 1 PPO with an Adaptive KL Penalty Algorithm

1: Initial policy parameters 6y, weight control By, target KL-divergence dyaq
2: Fork=0,1,2... do

3:  Gather set of trajectories on policy mp = 11(6)

4:  Optimize the KL penalized using minibatch SGD

JKLPEN (9) = Ei[re(0)Ar] - BE[KL[m,, (arls), 7o arlst)]]

5: Compute KL divergence between the new and old policy

o= E,[KL[HQDM(rma‘;),ﬂg(ﬂrlst)ﬂ

6: Ifo>15 Otag then

Brr1 = 2Pk

7: Elseif 6 < 84q¢/1.5 then
Pr+1 = B2

8: Else

pass

9: Endif

10: End for
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