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Part 1:
Planning with models



Last time…

use uncertainty-aware model to deal with 
distributional shift

could run one of the algorithms we learned 
about, but there are better options here

for now, let’s talk about 
planning: using the model to 

make decisions without a policy



The deterministic case



The stochastic open-loop case

why is this suboptimal?



Aside: terminology
what is this “loop”?

closed-loop open-loop

only sent at t = 1,
then it’s one-way!



The stochastic closed-loop case



But for now, open-loop planning



Stochastic optimization

simplest method: guess & check “random shooting method”



Cross-entropy method (CEM)

can we do better?

typically use Gaussian 
distribution

see also: CMA-ES (sort of 
like CEM with 
momentum)



What’s the problem?

1. Very harsh dimensionality limit

2. Only open-loop planning

What’s the upside?

1. Very fast if parallelized

2. Extremely simple
Other methods for planning:

Monte Carlo tree search (MCTS)
continuous trajectory optimization (LQR, etc.)
tree-based motion planning (e.g., RRT)



How to plan with uncertainty

distribution over 
deterministic models

Other options: moment matching, more complex posterior estimation 
with BNNs, etc.



Model-based RL in the real world example

Deep Dynamics Models for Learning  Dexterous Manipulation. Nagabandi et al. 2019



Part 2:
Policy learning with models



Notional “learned simulator” algorithm



The stochastic closed-loop case



Model-free optimization with a model

• Policy gradient might be more stable (if enough samples are used) 
because it does not require multiplying many Jacobians

• See some analysis here:
• Parmas et al. ‘18: PIPP: Flexible Model-Based Policy Search Robust to the 

Curse of Chaos

Policy gradient:

Backprop (pathwise) gradient:



Model-based RL via policy gradient

What’s a potential problem with this approach?



The curse of long model-based rollouts

How quickly does error accumulate?



How to get away with short rollouts?

- huge accumulating error
- never see later time steps

+ much lower error + much lower error

+ see all time steps

- wrong state distribution



Model-based RL with short rollouts



Model-free optimization with a model

Richard S. Sutton. Integrated architectures for learning, planning, and 

reacting based on approximating dynamic programming. 

Dyna online Q-learning algorithm that performs model-free RL with a model



General “Dyna-style” model-based RL recipe

+ only requires short (as few as one step) rollouts from model

+ still sees diverse states



Model-accelerated off-policy RL

dataset of transitions
(“replay buffer”)

target 
parameters

current 
parameters

buffer of 
model-based 

transitions



Model-Based Acceleration (MBA)
Model-Based Value Expansion (MVE)
Model-Based Policy Optimization (MBPO)

Gu et al. Continuous deep Q-learning with model-based acceleration. ‘16

Feinberg et al. Model-based value expansion. ’18

Janner et al. When to trust your model: model-based policy optimization. ‘19

+ why is this a good idea?

- why is this a bad idea?



Intermission



Part 3:
Representing the model



Notional “learned simulator” algorithm



Latent state space models

we are not in partially 
observed setting

What is the prior?

What is the decoder?

What is the encoder?

learned



Latent state space models

What is the decoder? What is the encoder?

sequence model
LSTM
Transformer



State space (latent space) models

observation model

dynamics model

reward model

How to train?

standard (fully observed) model:

latent space model:



Model-based RL with latent space models

“encoder”

full smoothing posterior

single-step encoder

+ most accurate

- most complicated

+ simplest

- least accurate

we’ll talk about this one for now



Model-based RL with latent space models

deterministic encoder

why might this type of encoder be a bad idea?

why might this type of encoder be a bad idea?



Model-based RL with latent space models

latent space dynamics image reconstruction reward model

many practical methods use a stochastic encoder, or a more 
sophisticated smoothing posterior (esp. with partial observability)
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Model-based RL with latent space models



Actor-critic with learned representations

replay buffer

an even better idea with a full 
filtering/smoothing posterior

why might we want to use this?

why might we prefer a full 
filtering/smoothing posterior?



Actor-critic + model-based RL

replay buffer



Example applications

Representation learning and model-based RL

true
rollouts

samples


	Slide 1: Model-Based RL Algorithms  CS 185/285  Instructor: Sergey Levine UC Berkeley
	Slide 2: Part 1: Planning with models
	Slide 3
	Slide 4: The deterministic case
	Slide 5: The stochastic open-loop case
	Slide 6: Aside: terminology
	Slide 7: The stochastic closed-loop case
	Slide 8: But for now, open-loop planning
	Slide 9: Stochastic optimization
	Slide 10: Cross-entropy method (CEM)
	Slide 11: What’s the problem?
	Slide 12: How to plan with uncertainty
	Slide 13: Model-based RL in the real world example
	Slide 14: Part 2: Policy learning with models
	Slide 15: Notional “learned simulator” algorithm
	Slide 16: The stochastic closed-loop case
	Slide 17: Model-free optimization with a model
	Slide 18: Model-based RL via policy gradient
	Slide 19: The curse of long model-based rollouts
	Slide 20: How to get away with short rollouts?
	Slide 21: Model-based RL with short rollouts
	Slide 22: Model-free optimization with a model
	Slide 23: General “Dyna-style” model-based RL recipe
	Slide 24: Model-accelerated off-policy RL
	Slide 25: Model-Based Acceleration (MBA) Model-Based Value Expansion (MVE) Model-Based Policy Optimization (MBPO)
	Slide 26: Intermission
	Slide 27: Part 3: Representing the model
	Slide 28: Notional “learned simulator” algorithm
	Slide 29: Latent state space models
	Slide 30: Latent state space models
	Slide 31: State space (latent space) models
	Slide 32: Model-based RL with latent space models
	Slide 33: Model-based RL with latent space models
	Slide 34: Model-based RL with latent space models
	Slide 35: Model-based RL with latent space models
	Slide 36: Actor-critic with learned representations
	Slide 37: Actor-critic + model-based RL
	Slide 38: Example applications

