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Recap: Course Overview

MDPs and RL

Imitation Learning Off-Policy/MBRL

Search Motion Planning

Stability/CertificationTrajOpt

Filtering/Smoothing Localization

SLAMMapping



Lecture Outline
Recap + Actor Critic

Making Actor-Critic Practical

Model-Based RL



Learning Algorithms for Robotics

On-Policy Algorithms Off-Policy 
Algorithms

Imitation Learning

Update
Update

Buffer

Simple, performant,
Data inefficient

Data-efficient, 
sometimes unstable

Performant, efficient, but 
compounding error and 
expensive data collection 

Buffer
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Collect Data Take Gradient 
Step

On-policy



What makes policy gradient challenging?
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High variance estimator!!

Hard to tell what matters without many samples
Averaged return estimate

What we actually want

What we do

Single sample 
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What can we do to lower variance?

r✓J(✓) =

Z
p✓(⌧)r✓ log p✓(⌧)d⌧
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<latexit sha1_base64="6FU0cKCWWIcEdAn1QhVChMIXRzc="></latexit><latexit sha1_base64="6FU0cKCWWIcEdAn1QhVChMIXRzc="></latexit><latexit sha1_base64="6FU0cKCWWIcEdAn1QhVChMIXRzc="></latexit><latexit sha1_base64="6FU0cKCWWIcEdAn1QhVChMIXRzc="></latexit>

Idea: bundle this across many (s, a) with a function approximator What we actually want

What we do

Single sample estimate

Averaged return estimateFunction approximator bundles return estimates across 
states



Notation: Q functions
2
3

Average

Sum

Bundles estimates across (s, a)

Expected sum of rewards in the future, starting from (s, a) on first step, then 𝜋

Use the magic of (deep) function approximation



Estimation of Q-Functions
2
4

Monte-carlo approximation

Idea: Regression from (s, a) to Monte-Carlo estimate

Unbiased, but high variance!State
Action Return to Go



Can we do better?
2
4

Much lower variance if estimated well

Has special structure we can exploit!!

Can be learned off-policy!



Recursive structure in Q functions
2
5

Q functions have special recursive 
structure!

Bellman 
equation

Decompose temporally via dynamic programming

Can be from 
different policies

<latexit sha1_base64="8zr9Yh+IfZD49MtMC6Lb/S8f3KA="></latexit>

Q⇡(st, at) = r(st, at) + E st+1⇠p(.|st,at)
at+1⇠⇡✓(.|st+1)

[Q⇡(st+1, at+1)]



Learning Q-functions via Dynamic Programming

Bellman 
equation

Same function approximator

How can we convert this recursion into a learning objective?

Can train via GD!
Off-policy

Note: this may look like gradient descent on Bellman error, it is not!

Policy Evaluation: Try to minimize Bellman Error 
(almost)

<latexit sha1_base64="j84Xf8wJCsRYAJFRqeLNETlubk4="></latexit>

min
�

E(st,at,st+1)⇠D

<latexit sha1_base64="nQNE04rfWhz9gqCPq1noZIKZcIw="></latexit>

Q⇡(st, at) = r(st, at) + E st+1⇠p(.|st,at)
at+1⇠⇡✓(.|st+1)

[Q⇡(st+1, at+1]



Improving Policies with Learned Q-functions
Policy Improvement: Improve policy with policy gradient

<latexit sha1_base64="j80vfwXacgKwLRNd+84xzqcfhRE="></latexit>

max
✓

Es⇠D,a⇠⇡✓(a|s) [Q
⇡✓ (s, a)]

Replace Monte-Carlo sum of rewards with learned Q function

Lowers variance compared to policy gradient!



Policy Updates – REINFORCE or Reparameterization
Let’s look a little deeper into the policy update

Likelihood Ratio/Score Function Pathwise derivative/Reparameterization

Lower varianceEasier to Apply to Broad Policy Class

<latexit sha1_base64="uU8kRLkXvHWRrlekPS+FUf0Rba8="></latexit>

max
✓

J(✓) = max
✓

Es⇠DEa⇠⇡✓(.|s) [Q
⇡(s, a)]

<latexit sha1_base64="o9bSXEvvUGz8GTdO1rrS4HkrI2Y="></latexit>

r✓J(✓) = Es⇠DEa⇠⇡✓(.|s) [r✓ log ⇡✓(a|s)Q⇡(s, a)]
<latexit sha1_base64="bX21ve+534x21lcobJq1A2TUlVo="></latexit>

r✓J(✓) = Es⇠DEz⇠p(z) [raQ
⇡(s, a)|a=µ✓+z�✓r✓(µ✓ + z�✓)]



Actor-Critic:  Policy Gradient in terms of Q functions

Collect 
Data

Learn Q function 
via Bellman

Actor: updated using learned critic (Policy Improvement)

Critic: learned via the Bellman update (Policy Evaluation)

Take Gradient 
Step on 𝜋

Lowers variance and is off-policy!

<latexit sha1_base64="Gp4op7xWb16snFivQkIS9Qt/GI4="></latexit>

min
�

E(st,at,st+1)⇠D
⇥
(Q⇡

�(st, at)� (r(st, at) + Eat+1⇠⇡(.|st+1)

⇥
Q�̄(st+1, at+1)

⇤
))2

⇤



Actor-Critic in Action



Lecture Outline
Recap + Actor Critic

Making Actor-Critic Practical

Model-Based RL



Going from Batch Updates to Online Updates
This algorithm can go from full batch mode to fully online updates

Collect 
Data

Learn Q function 
via Bellman

Actor: 1 gradient step 
on policy gradient

Critic: 1 gradient step on 
Bellman error

Take Gradient 
Step on pi

1 sample

Target 
Update

Allows for much more immediate updates



Challenges of doing online updates

When updates are performed online, two issues persist: 
1. Correlated updates since samples are correlated
2. Optimization objective changes constantly, unstable

Collect 
Data

Learn Q function 
via Bellman

Actor: 1 gradient 
step on policy 

gradient

Critic: 1 gradient step on 
Bellman error

Take Gradient 
Step on pi

1 sample

Target 
Update



Decorrelating updates with replay buffers
2
7

Updates can be decorrelated by storing and shuffling data in a replay buffer 

Instead of doing updates in order, 
sample batches from replay buffer

How?

1. Sample uniformly
2. Prioritize by TD-error
3. Prioritize by target error
4. … open area of research!

<latexit sha1_base64="YPN6HWASVu1hWz7oAMMZz2HVXQI=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZdFXbisYB8wHUomzbShmWRIMkIZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKfj/GZkwwz+5mg2rNrbtzoFXiFaQGBVqD6ld/KEkaU2EIx1r7npuYIMPKMMLprNJPNU0wmeAR9S0VOKY6yOaRZ+jMKkMUSWWfMGiu/t7IcKz1NA7tZB5RL3u5+J/npya6DjImktRQQRYfRSlHRqL8fjRkihLDp5ZgopjNisgYK0yMbaliS/CWT14lnYu6d1lvPDRqzZuijjKcwCmcgwdX0IR7aEEbCEh4hld4c4zz4rw7H4vRklPsHMMfOJ8/d8uRYw==</latexit>D

Sampled from replay buffer



Slowing moving targets with target networks
2
7

Continuous updates can be unstable since there is a churn of projection and backup

If we set       to      every update, the update becomes very unstable

Move      to      slowly!

Polyak averaging

<latexit sha1_base64="hpnySaJh+/CAhHti5mNvHw101yA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1mvfHQqLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEWdo5I</latexit>

�
<latexit sha1_base64="EKtXfS7WrSxxvvbMmN5d5kqVU9Y=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac2oUy223bpZhN2N0IJ/RdePCji1X/jzX/jts1BWx8MPN6bYWZemAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6JmgkvWNNwI1kkUwygUrB2Ob2d++4kpzWP5YCYJCyIcSj7gFI2VHv0QVeYnIz7tlStu1Z2DrBIvJxXI0eiVv/x+TNOISUMFat313MQEGSrDqWDTkp9qliAd45B1LZUYMR1k84un5MwqfTKIlS1pyFz9PZFhpPUkCm1nhGakl72Z+J/XTc3gOsi4TFLDJF0sGqSCmJjM3id9rhg1YmIJUsXtrYSOUCE1NqSSDcFbfnmVtC6q3mW1dl+r1G/yOIpwAqdwDh5cQR3uoAFNoCDhGV7hzdHOi/PufCxaC04+cwx/4Hz+ANuTkQ0=</latexit>

�̄

<latexit sha1_base64="EKtXfS7WrSxxvvbMmN5d5kqVU9Y=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac2oUy223bpZhN2N0IJ/RdePCji1X/jzX/jts1BWx8MPN6bYWZemAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6JmgkvWNNwI1kkUwygUrB2Ob2d++4kpzWP5YCYJCyIcSj7gFI2VHv0QVeYnIz7tlStu1Z2DrBIvJxXI0eiVv/x+TNOISUMFat313MQEGSrDqWDTkp9qliAd45B1LZUYMR1k84un5MwqfTKIlS1pyFz9PZFhpPUkCm1nhGakl72Z+J/XTc3gOsi4TFLDJF0sGqSCmJjM3id9rhg1YmIJUsXtrYSOUCE1NqSSDcFbfnmVtC6q3mW1dl+r1G/yOIpwAqdwDh5cQR3uoAFNoCDhGV7hzdHOi/PufCxaC04+cwx/4Hz+ANuTkQ0=</latexit>

�̄
<latexit sha1_base64="hpnySaJh+/CAhHti5mNvHw101yA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOule1b1mvfHQqLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEWdo5I</latexit>

�

<latexit sha1_base64="cu2lzjoJGVk8nJSlfO9sU7Vze0U=">AAACFHicbVDLSgMxFM3UV62vUZdugkWoFMuMFHUjFN24rGAf0BlKJk3b0MyD5I5Qhn6EG3/FjQtF3Lpw59+YaQfU1gOBk3POJbnHiwRXYFlfRm5peWV1Lb9e2Njc2t4xd/eaKowlZQ0ailC2PaKY4AFrAAfB2pFkxPcEa3mj69Rv3TOpeBjcwThirk8GAe9zSkBLXbPseEQmTjTkE3yJS/aJAyQ+xqmAyzi9/AS6ZtGqWFPgRWJnpIgy1Lvmp9MLaeyzAKggSnVsKwI3IRI4FWxScGLFIkJHZMA6mgbEZ8pNpktN8JFWergfSn0CwFP190RCfKXGvqeTPoGhmvdS8T+vE0P/wk14EMXAAjp7qB8LDCFOG8I9LhkFMdaEUMn1XzEdEkko6B4LugR7fuVF0jyt2GeV6m21WLvK6sijA3SISshG56iGblAdNRBFD+gJvaBX49F4Nt6M91k0Z2Qz++gPjI9vkfKdTg==</latexit>

�̄ = (1� ⌧)�+ ⌧ �̄



A Practical Off-Policy RL Algorithm
2
7

Collect 
Data

Learn Q function 
via Bellman

Actor: 1 gradient 
step on policy 

gradient

Critic: 1 gradient step on 
Bellman error

Take Gradient 
Step on pi

1 sample

Target 
Update

Polyak
Averaging

Add to 
Buffer Sample batch from buffer



Simplify -- Can we get rid of a parametric actor?

Critic Update

Actor Update

What if we removed this explicit actor completely?



Directly Learning Q*

min
�

E(s,a,s0)⇠D

"
Q⇡

�(st, at)� (r(st, at) + max
at+1

⇥
Q�̄(st+1, at+1)

⇤
)

�2#

<latexit sha1_base64="jUNgAs7pIhItVAQV0FaDR/yiURg="></latexit><latexit sha1_base64="jUNgAs7pIhItVAQV0FaDR/yiURg="></latexit><latexit sha1_base64="jUNgAs7pIhItVAQV0FaDR/yiURg="></latexit><latexit sha1_base64="jUNgAs7pIhItVAQV0FaDR/yiURg="></latexit>

⇡(a|s) = max
a

Q(s, a)
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Collect 
Data

Learn Q function 
via Bellman Critic: 1 gradient step on 

Bellman error
1 sample

Target 
Update

Polyak
Averaging

Add to 
Buffer Sample batch from buffer

No actor updates, just learn Q!

Directly do max in the Bellman update



How can we maximize w.r.t a?

⇡(a|s) = max
a

Q(s, a)
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Analytic maximization can be very difficult to perform in continuous action spaces
Much easier in discrete spaces! à just do categorical max!

Some ideas to do maximization: 
1. Sampling based (QT-opt  (Kalashnikov et al))
2. Optimization based (NAF,  Gu et al)



Practical Actor-Critic in Action

Trained using QT-Opt



Practical Actor-Critic in Action

Trained using DDPG



What makes off-policy RL hard?
Deadly triad: 
1. Function Approximation
2. Bootstrapping
3. Off-policy learning

min
�

E(s,a,s0)⇠D

"
Q⇡

�(st, at)� (r(st, at) + max
at+1

⇥
Q�̄(st+1, at+1)

⇤
)

�2#
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These in combination lead to many of the difficulties in stabilizing 
off-policy RL with function approximation



Zooming out – what makes off-policy RL hard?

Deadly triad: 
1. Function Approximation
2. Bootstrapping
3. Off-policy learning

Diverges even with linear 
function approximation, 

when off-policy + 
bootstrapping

61% of runs show divergence of Q-values

Deadly Triad, Van Hasselt et al



Lecture Outline
Recap + Actor Critic

Making Actor-Critic Practical

Model-Based RL



What if we just learned how the world worked?

max
✓

E⌧⇠⇡✓

"
TX

t=0

r(st, at)

#
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1. Learn a surrogate model of the transition dynamics from arbitrary off-policy data
2. Do reward maximization against this model

Intuitive: learn how the world works first and then plan in that model



Why do model-based RL? 
Why would we do this?

Transfer/Adaptive Efficiency Simplicity

Naturally off-policy!



Why do model-based RL? 

Just 2 hours of real robot training



Model Based RL – Problem Statement
Model Learning

Planning

How should we instantiate these?

<latexit sha1_base64="+AZRkfa7HLbKQtD/f7voFubXiJo="></latexit>

p̂✓  argmin
p̂✓

L(D, p̂✓)
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argmax
⇡

Ep̂,⇡

"
X

t

r(st, at)

#

Can also just be a single trajectory



Model Based RL – A template

Model Learning

Planning

Data Collection



Model Based RL – Naïve Algorithm (v0)

Maximum likelihood supervised Learning

Random Search

<latexit sha1_base64="2/5FhzJR3AvetsaG0d4b9DLdo8c="></latexit>

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

Model Learning

Planning

Data Collection



Model Based RL – Naïve Algorithm (Model Learning) (v0)
<latexit sha1_base64="2/5FhzJR3AvetsaG0d4b9DLdo8c="></latexit>

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]
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Choice of        distribution determines the loss function: 
1. Gaussian à L2
2. Energy Based Model à Contrastive Divergence
3. Diffusion Model à Score Matching
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p̂✓
More expressive may be 

better, at the risk of 
overfittingTrick: Model Residual’s (s’ –

s)

Fit 1-step models



Model Based RL – Naïve Algorithm (Planning)

Planning

Just do random search!

<latexit sha1_base64="mu5qYJ0s9wDm3JKFXl4zIYz57BI="></latexit>

max
a0,a1,...,aT

TX

t=0

r(ŝt, at)

ŝt+1 ⇠ p̂✓(st+1|ŝt, at)
ŝ1 ⇠ p̂✓(st+1|s0, a0)
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r(ŝjt , a
j
t )

ŝjt+1 ⇠ p̂✓(.|ŝjt , a
j
t )

Can soften by taking softmax rather than argmax

Just execute 
actions open 

loop!



Model Based RL – Naïve Algorithm (MPC)

Without feedback, an open loop 
controller can diverge even for minimal 

noise
Replanning can help with divergence 

Model-Predictive/Receding Horizon Control

1. Plan with random shooting from st
2. Execute the first action a0 and reach st+1



Model Based RL – Naïve Algorithm (v0)

Model Learning

Planning

Data Collection

Maximum likelihood supervised Learning
<latexit sha1_base64="2/5FhzJR3AvetsaG0d4b9DLdo8c="></latexit>

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

Data collected 
from planner

Planning with Shooting + MPC
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t )

Better than open 
loop planning 

because of feedback



Does it work?

Just 20 minutes of training time with random data!
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What might be the issue?

True Rollout

Predicted Rollout Under Model

Rollouts under learned model != Rollouts under true model

Model bias/compounding error

Why does this happen? à lack of data

1. Errors in state go to OOD next states
2. Deviations in actions go to OOD next 

states

Most trained deep models can only roll out for 5-10 steps maximum!

Model is bad on OOD states!



How might we deal with compounding error?

Being aware of uncertainty allows us to account for the effects of model bias!

Idea: Estimate when OOD and account for it

Measure uncertainty!

Maximum likelihood models Uncertainty-aware models



What is uncertainty?
Alleatoric Uncertainty Epistemic Uncertainty

(environment stochasticity) (Lack of data)

Let’s largely focus on epistemic uncertainty

Easier, can use 
stochastic 

models

More challenging, need 
to compute posterior



How might we measure uncertainty?

1. Bayesian neural networks
2. Ensemble methods
3. …

Learn an ensemble of models
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p(✓|D) Difficult to estimate directly!

Approximate posteriorLow data regime à high ensemble variance



Model Based RL – Learning Ensembles of Dynamics Models
Learn ensembles of dynamics models with MLE rather than a single model

Learn ensembles by either subsampling the data or having different 
initializations

<latexit sha1_base64="2/5FhzJR3AvetsaG0d4b9DLdo8c="></latexit>

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]
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<latexit sha1_base64="2/5FhzJR3AvetsaG0d4b9DLdo8c="></latexit>

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

…



Model Based RL – Integrating Uncertainty into MBRL (v2)
Take expected value under the uncertain dynamics 

Low uncertainty

High uncertainty

<latexit sha1_base64="sv5OkxeLH0Fn3oGM5BkOpQLYR/0="></latexit>
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i, ajt )

(ŝjt+1)
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j
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Expected value over ensemble

Can also swap which ensemble 
element is propagated at every 

step or just pick randomly amongst 
them

Avoids overly OOD settings since the expected reward is affected by uncertainty



Model Based RL – Integrating Uncertainty into MBRL (v2)
Take pessimistic value under the uncertain 
dynamics 

Low uncertainty

High uncertainty

Penalize ensemble variance

Avoids overly OOD settings since these states are explicitly penalized

<latexit sha1_base64="WtQ3dO4bHRiS2g/f9LvM4KqYvJ0="></latexit>

arg max
(aj

0,a
j
1,...,a

j
T )Nj=1

KX

i=1

TX

t=0

r((ŝjt )
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Does this work?



What might be the issue?
Huge number of samples 

needed to reduce variance

Extremely slow, hard to run in real time
s

a

Amortize planning 
into a policy



Speeding Up Model-Based Planning
<latexit sha1_base64="2/5FhzJR3AvetsaG0d4b9DLdo8c="></latexit>

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)] Use model(s) to generate data for 

policy optimization

Can use PG or off-policy!



Generating Data for Policy Optimization

Policy OptimizationLearn models Add Fake Sampled 
Data to Buffer

Train time

Test time
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Rollout in environment

<latexit sha1_base64="r4fBMOlVwHDjMs7O9yRWv1od4RM=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBU0mkqMeiF48V7Ac2oWy2k3bpZhN2J0Ip/RdePCji1X/jzX/jts1BWx8MPN6bYWZemEph0HW/ncLa+sbmVnG7tLO7t39QPjxqmSTTHJo8kYnuhMyAFAqaKFBCJ9XA4lBCOxzdzvz2E2gjEvWA4xSCmA2UiARnaKVHPxU9H4eArFeuuFV3DrpKvJxUSI5Gr/zl9xOexaCQS2ZM13NTDCZMo+ASpiU/M5AyPmID6FqqWAwmmMwvntIzq/RplGhbCulc/T0xYbEx4zi0nTHDoVn2ZuJ/XjfD6DqYCJVmCIovFkWZpJjQ2fu0LzRwlGNLGNfC3kr5kGnG0YZUsiF4yy+vktZF1bus1u5rlfpNHkeRnJBTck48ckXq5I40SJNwosgzeSVvjnFenHfnY9FacPKZY/IHzucPqvuQ7Q==</latexit>⇡✓



Model Based RL – Using Models for Policy Optimization (v3)

Model Learning

Generate Data

Data Collection
Maximum likelihood supervised Learning
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More expensive/harder at training time, faster at test time



Does this work?



Does this work?



Course Overview

MDPs and RL

Imitation Learning Off-Policy/MBRL

Search Motion Planning

Stability/CertificationTrajOpt

Filtering/Smoothing Localization

SLAMMapping



What we covered in this class – modular robotics pipelines

State 
Estimation

Modeling 
and 

Prediction

High-level 
planning

Low-level 
planning

Low-level 
control

EKF/UKF/Particle Filter SLAM

Motion Planning

LQR/PID



What we covered in this class – end to end RL/IL

State 
Estimation

Modeling 
and 

Prediction

High-level 
planning

Low-level 
planning

Low-level 
control

End to end policy –
perception + control
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Policy Gradient Actor Critic Model-Based RL Imitation Learning



Thank you!


