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Outline
• Motivation: why model-based RL?
• What is a model? What are its inputs? What is a good model?
• How can we use a model?

• Background Planning
• Environment data augmentation / simulation
• Sample-efficient policy learning

• Online Planning
• Discrete Actions
• Continuous Actions

• Auxiliary tasks
• Real-world application
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Environment Data Augmentation
Dyna Architecture: Dyna-Q
• Use collected data to learn a transition and reward model
• Train a traditional RL algorithm (e.g., Q-Learning) using both environment data (real experience) and data 

generated from the learned model (simulated experience)
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164 Chapter 8: Planning and Learning with Tabular Methods

n iterations (Steps 1–3) of the Q-planning algorithm. In the pseudocode algorithm for
Dyna-Q in the box below, Model(s, a) denotes the contents of the (predicted next state
and reward) for state–action pair (s, a). Direct reinforcement learning, model-learning,
and planning are implemented by steps (d), (e), and (f), respectively. If (e) and (f) were
omitted, the remaining algorithm would be one-step tabular Q-learning.

Tabular Dyna-Q

Initialize Q(s, a) and Model(s, a) for all s 2 S and a 2 A(s)
Loop forever:

(a) S  current (nonterminal) state
(b) A "-greedy(S, Q)
(c) Take action A; observe resultant reward, R, and state, S0

(d) Q(S, A) Q(S, A) + ↵
⇥
R + � maxa Q(S0, a)�Q(S, A)

⇤

(e) Model(S, A) R, S0 (assuming deterministic environment)
(f) Loop repeat n times:

S  random previously observed state
A random action previously taken in S
R, S0  Model(S, A)
Q(S, A) Q(S, A) + ↵

⇥
R + � maxa Q(S0, a)�Q(S, A)

⇤

Example 8.1: Dyna Maze Consider the simple maze shown inset in Figure 8.2. In
each of the 47 states there are four actions, up, down, right, and left, which take the
agent deterministically to the corresponding neighboring states, except when movement
is blocked by an obstacle or the edge of the maze, in which case the agent remains where
it is. Reward is zero on all transitions, except those into the goal state, on which it is +1.
After reaching the goal state (G), the agent returns to the start state (S) to begin a new
episode. This is a discounted, episodic task with � = 0.95.

The main part of Figure 8.2 shows average learning curves from an experiment in
which Dyna-Q agents were applied to the maze task. The initial action values were zero,
the step-size parameter was ↵ = 0.1, and the exploration parameter was " = 0.1. When
selecting greedily among actions, ties were broken randomly. The agents varied in the
number of planning steps, n, they performed per real step. For each n, the curves show
the number of steps taken by the agent to reach the goal in each episode, averaged over 30
repetitions of the experiment. In each repetition, the initial seed for the random number
generator was held constant across algorithms. Because of this, the first episode was
exactly the same (about 1700 steps) for all values of n, and its data are not shown in
the figure. After the first episode, performance improved for all values of n, but much
more rapidly for larger values. Recall that the n = 0 agent is a nonplanning agent, using
only direct reinforcement learning (one-step tabular Q-learning). This was by far the
slowest agent on this problem, despite the fact that the parameter values (↵ and ") were
optimized for it. The nonplanning agent took about 25 episodes to reach ("-)optimal
performance, whereas the n = 5 agent took about five episodes, and the n = 50 agent
took only three episodes.



Model-Based Policy Optimization
• Use collected data to learn 𝑝! 𝑠", 𝑟| 𝑠, 𝑎 , i.e., a predictive model of the environment (transition model)
• Apply traditional policy gradient methods on synthetic model rollouts
• Take action in real environment

Algorithm 2 Model-Based Policy Optimization with Deep Reinforcement Learning
1: Initialize policy ⇡�, predictive model p✓, environment dataset Denv, model dataset Dmodel
2: for N epochs do
3: Train model p✓ on Denv via maximum likelihood
4: for E steps do
5: Take action in environment according to ⇡�; add to Denv
6: for M model rollouts do
7: Sample st uniformly from Denv
8: Perform k-step model rollout starting from st using policy ⇡�; add to Dmodel
9: for G gradient updates do

10: Update policy parameters on model data: � �� �⇡r̂�J⇡(�,Dmodel)

5 Model-based policy optimization with deep reinforcement learning

We now present a practical model-based reinforcement learning algorithm based on the derivation in
the previous section. Instantiating Algorithm 1 amounts to specifying three design decisions: (1) the
parametrization of the model p✓, (2) how the policy ⇡ is optimized given model samples, and (3) how
to query the model for samples for policy optimization.

Predictive model. In our work, we use a bootstrap ensemble of dynamics models {p1
✓
, ..., p

B

✓
}.

Each member of the ensemble is a probabilistic neural network whose outputs parametrize a Gaussian
distribution with diagonal covariance: pi

✓
(st+1, r|st, at) = N (µi

✓
(st, at),⌃i

✓
(st, at))). Individual

probabilistic models capture aleatoric uncertainty, or the noise in the outputs with respect to the
inputs. The bootstrapping procedure accounts for epistemic uncertainty, or uncertainty in the model
parameters, which is crucial in regions when data is scarce and the model can by exploited by policy
optimization. Chua et al. (2018) demonstrate that a proper handling of both of these uncertainties
allows for asymptotically competitive model-based learning. To generate a prediction from the
ensemble, we simply select a model uniformly at random, allowing for different transitions along a
single model rollout to be sampled from different dynamics models.

Policy optimization. We adopt soft-actor critic (SAC) (Haarnoja et al., 2018) as our pol-
icy optimization algorithm. SAC alternates between a policy evaluation step, which estimates
Q

⇡(s, a) = E⇡ [
P1

t=0 �
t
r(st, at)|s0 = s, a0 = a] using the Bellman backup operator, and a

policy improvement step, which trains an actor ⇡ by minimizing the expected KL-divergence
J⇡(�,D) = Est⇠D[DKL(⇡|| exp{Q⇡ � V

⇡})].

Model usage. Many recent model-based algorithms have focused on the setting in which model
rollouts begin from the initial state distribution (Kurutach et al., 2018; Clavera et al., 2018). While
this may be a more faithful interpretation of Algorithm 1, as it is optimizing a policy purely under
the state distribution of the model, this approach entangles the model rollout length with the task
horizon. Because compounding model errors make extended rollouts difficult, these works evaluate
on truncated versions of benchmarks. The branching strategy described in Section 4.2, in which
model rollouts begin from the state distribution of a different policy under the true environment
dynamics, effectively relieves this limitation. In practice, branching replaces few long rollouts from
the initial state distribution with many short rollouts starting from replay buffer states.

A practical implementation of MBPO is described in Algorithm 2.1 The primary differences from
the general formulation in Algorithm 1 are k-length rollouts from replay buffer states in the place of
optimization under the model’s state distribution and a fixed number of policy update steps in the
place of an intractable argmax. Even when the horizon length k is short, we can perform many such
short rollouts to yield a large set of model samples for policy optimization. This large set allows us to
take many more policy gradient steps per environment sample (between 20 and 40) than is typically
stable in model-free algorithms. A full listing of the hyperparameters included in Algorithm 2 for all
evaluation environments is given in Appendix C.

1When SAC is used as the policy optimization algorithm, we must also perform gradient updates on the
parameters of the Q-functions, but we omit these updates for clarity.
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Domain Randomization & Sim2Real
• If we have an available simulator (model),

we can train an RL agent there
• But the simulation will always be different

compared to the real system
• Solution: learn a good policy on a

“distribution of similar environments”,
differing in some physical parameters
(e.g., masses or image textures)

• This way, the real system will be
“another variation” for the policy

• Note: seems super-simple but 
works remarkably in practice!

Andrychowicz, OpenAI: Marcin, et al. "Learning dexterous in-hand manipulation." 
The International Journal of Robotics Research 39.1 (2020): 3-20.
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Outline
• Motivation: why model-based RL?
• What is a model? What are its inputs? What is a good model?
• How can we use a model?

• Background Planning
• Environment data augmentation / simulation
• Sample-efficient policy learning

• Online Planning
• Discrete Actions
• Continuous Actions

• Auxiliary tasks
• Real-world application
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Sample-efficient Policy Learning
Idea: train model and policy jointly end-to-end
• In other words: do what successfully worked in other domains

(such as computer vision, speech recognition, etc.)

• Goal: maximize reward of parametric policy:

𝐽 𝜃 =*
#$%

&

𝛾#𝑅 𝑠# , 𝑎# , with 𝑎# = 𝜋! 𝑠# and 𝑠#'( = 𝑇 𝑠# , 𝑎#

• Just apply gradient ascent on policy gradient ∇!𝐽.

• But how to calculate ∇!𝐽?
• Remember REINFORCE

• High-variance 
• Requires stochastic policy
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Sample-efficient Policy Learning
We can do more!
• Smooth models offer derivatives:

𝑠#'( = 𝑓) 𝑠# , 𝑎# 𝑟# = 𝑓* 𝑠# , 𝑎#

∇)! 𝑠#'( , ∇+! 𝑠#'( , ∇)! 𝑟# , ∇+! 𝑟# , …

• How do small changes in action affect the next state?
• How do small changes in states affect the rewards?
• …

à Allows end-to-end differentiation via backpropagation!
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Policy Backprop

𝑓! 𝑠, 𝑎 𝑓! 𝑠, 𝑎 𝑓! 𝑠, 𝑎

𝑟(𝑠, 𝑎)

𝜋! 𝑠

𝑟(𝑠, 𝑎) 𝑟(𝑠, 𝑎)

𝜋! 𝑠 𝜋! 𝑠

Backprop:

max
!
*
#

𝛾#𝑅 𝑠# , 𝑎#

Remember: Distribution Mismatch!

Back-propagate through the model to optimize the policy

Simple Algorithm:
1. Run a base policy 𝜋% 𝑎#|𝑠# (e.g., a random policy) to collect data samples 𝒟 𝑠, 𝑎, 𝑠" ,

2. Learn a dynamics model 𝑓! 𝑠, 𝑎 by minimizing ∑, 𝑓! 𝑠, , 𝑎, − 𝑠," -

3. Backpropagate through 𝑓! 𝑠, 𝑎 into policy to optimize 𝜋! 𝑎# 𝑠#
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Back-propagate through the model to optimize the policy

Better Algorithm:
1. Run a base policy 𝜋% 𝑎#|𝑠# (e.g., a random policy) to collect data samples 𝒟 𝑠, 𝑎, 𝑠" ,

2. Learn a dynamics model 𝑓! 𝑠, 𝑎 by minimizing ∑, 𝑓! 𝑠, , 𝑎, − 𝑠," -

3. Backpropagate through 𝑓! 𝑠, 𝑎 into policy to optimize 𝜋! 𝑎# 𝑠#
4. Run 𝜋! 𝑎#|𝑠#
5. Append visited tuples 𝑠, 𝑎, 𝑠" to 𝒟

𝑓! 𝑠, 𝑎 𝑓! 𝑠, 𝑎 𝑓! 𝑠, 𝑎

𝑟(𝑠, 𝑎)

𝜋! 𝑠

𝑟(𝑠, 𝑎) 𝑟(𝑠, 𝑎)

𝜋! 𝑠 𝜋! 𝑠

Backprop:

max
!
*
#

𝛾#𝑅 𝑠# , 𝑎#
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Policy Backprop
Back-propagate through the model to optimize the policy
1. Approximate transitions and rewards with differentiable models
2. Calculate policy gradient via back-prop-through-time (BPTT)

• Pros:
• Long-term credit assignment
• Differentiable transitions and rewards models à sample efficiency
• Principles behind BPTT well understood
• Deterministic & no variance involved

• Cons:
• Similar problems to training long RNNs with BPTT à poor conditioning

• Vanishing and exploding gradients
• Unlike LSTM, we cannot just “choose” simple dynamics as dynamics are chosen by nature.

• Prone to local minima
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