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Motivation
● Model-based RL has been shown to improve sample efficiency on various 

control tasks 
● Goal is to improve dynamics and rewards models by making predictions in 

autoregressive way

Deep reinforcement learning in a handful of trials using probabilistic dynamics models (Chua et al. 
2018)
When to Trust Your Model: Model-Based Policy Optimization (Janner et al. 2019) 
Deep Dynamics Models for Learning Dexterous Manipulation (Nagabandi et al 2019)



Motivation

From “Tutorial on Model-Based Methods in Reinforcement Learning” (Mordatch and Hamrick)
see also: “Objective Mismatch in Model-based Reinforcement Learning” (Lambert et al.)



Tackle RL using generative models of the dynamics
● Given a dataset of  (s, a, r’, s’)  tuples,  a.k.a. replay buffer,

train a conditional generative model of  (s, a) → (r’, s’),
i.e.,  p(r’, s’| s, a),
and use it for policy evaluation and policy optimization. 

● Dynamics: (state, action)  →  (reward, next state)
(s, a) → (r’, s’)



Feedforward dynamics model
 



Autoregressive dynamics model
 



Cartpole swingup Fish swimCheetah run Walker walk/ stand Manipulator insert ball Humanoid run

Continuous control tasks

RL Unplugged: A Suite of Benchmarks for Offline Reinforcement Learning (Gulchere et al.)
Benchmarks for Deep Off-Policy Evaluation (Fu et al.)



Autoregressive models have better inductive biases 



Autoregressive models have better inductive biases 



Model-based Off-policy Evaluation

Train a generative model of 
dynamics,  p(r’, s’| s, a), 
once, and use it for evaluating 
as many policies as you want.

 s → a → r’, s’ → … 



OPE results
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Can we use dynamics models for policy optimization?


