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Algorithm 2 Model-Based Policy Optimization with Deep Reinforcement Learning

1: Initialize policy 7, predictive model pg, environment dataset Dy, model dataset Dyode
2: for N epochs do

3:  Train model py on D,y via maximum likelihood

4.  for F steps do

5 Take action in environment according to 7,; add to0 Depy

6 for M model rollouts do

7: Sample s; uniformly from De,y

8 Perform k-step model rollout starting from s; using policy m4: add t0 Dpogel

9 for GG gradient updates do

10: Update policy parameters on model data: ¢ «+ ¢ — )\W@¢; S (&, Dinodel)
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