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Class Structure
14

Model-free Reinforcement Learning 

Imitation Learning

Model-based Reinforcement Learning 

Unifying Perspectives on RL and IRL

Frontiers

Exploration Learning from Prior Data Learning across tasks

Policy Gradient ADP



Last lecture outline

Making NPG Practical à Trust Region Policy Optimization

Reducing Variance of Critic with GAE

One Algorithm to Rule Them All - Proximal Policy Optimization



Trust Region Policy Optimization

3 key ideas: 
1. On-policy updates à importance sampled objective
2. Huge matrix inversion à conjugate gradient method
3. Step size may be too large à backtracking line search

TRPO, Schulman ‘15
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Generalized Advantage Estimation
Sum up all the estimators in a geometric sum

Best of both worlds – very similar idea to eligibility traces
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Proximal Policy Optimization

ü Multiple minibatch gradient steps
ü No second order optimization
ü Simple and stable, without huge updates
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Lecture outline

Kronecker Factorization (K-FAC)

Frontiers of Policy Gradients

Going from Monte Carlo Returns to Critic Estimation

Going from Monte Carlo Returns to Critic Estimation



Approximations to effectively invert FIM
Instead of solving with conjugate gradient, what if we approximated FIM

Major issue with FIM is huge dimensionality

Kronecker factorization (K-FAC) makes 
it tractable with 2 approx: 
1. Block diagonalize FIM by layer
2. Represent each block diagonal as a 

Kronecker product (easy inversion)

Dimensionality of FIM – huge!
Very challenging to invert

ACKTR, Wu ‘17



What is a Kronecker product?
Generalization of the tensor product

ACKTR, Wu ‘17

We will represent the (per layer) fisher 
information metric as a Kronecker 

product of two smaller matrices
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K-FAC approximation for NPG
Kronecker factorization (K-FAC) makes it tractable with 2 approx: 
1. Block diagonalize FIM by layer
2. Represent each block diagonal as a Kronecker product (easy inversion)

Easy to compute and invert (order of 
magnitude smaller matrices)

ACKTR, Wu ‘17
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How much does this help?

ACKTR, Wu ‘17



Lecture outline

Kronecker Factorization (K-FAC)

Frontiers of Policy Gradients

Going from Monte Carlo Returns to Critic Estimation

Going from Monte Carlo Returns to Critic Estimation



Pros/Cons of Policy Gradient Methods
Pros
§ Conceptually simple, easy to implement
§ Stable, good asymptotic performance
§ Compatible with deep models
§ Require minimal modeling

Cons
§ Sample inefficient
§ Unable to reuse prior data effectively à

on-policy
§ Blackbox, can be hard to debug



Frontiers of Policy Gradient Research
Major open challenges in policy gradient research: 

Convergence guarantees Asynchronous/Parallel Methods Better Variance Reduction

Learning from high-
dimensional inputs

Bootstrapping from 
prior data

Multi-agent Policy 
Gradient



Frontiers of Policy Gradient Research
Convergence guarantees and empirical investigations

Practical Algorithms Deviate from TheoryGlobally Convergent in LQR/LQG Case

Global Convergence of Policy Gradient Methods for the Linear Quadratic Regulator, Fazel et al ’19
Global Convergence of Policy Gradient Methods to (Almost) Locally Optimal Policies, Zhang et al, ‘19
Globally convergent policy search over dynamic filters for output estimation, Umenberger ‘21

Is the Policy Gradient a Gradient?, Nota et al, ’19
A Closer Look at Deep Policy Gradients, Ilyas et al ’19
An Empirical Analysis of Proximal Policy Optimization with Kronecker-factored Natural 
Gradients, Song et al ‘18
What Matters In On-Policy Reinforcement Learning? A Large-Scale Empirical Study, 
Andrychowicz et al ‘20



Frontiers of Policy Gradient Research
Asynchronous methods for large scale speedup

IMPALA: Scalable Distributed Deep-RL with Importance Weighted Actor-Learner Architectures, Espeholt ‘18 Accelerated Methods for Deep Reinforcement Learning, Stooke et al ‘19



Frontiers of Policy Gradient Research
Better Variance Reduction Methods

Action dependent baselines Alternative Estimators

For factorized spaces, baselines can 
depend on independent action factors 

The Mirage of Action-Dependent Baselines in Reinforcement Learning, Tucker et 
al ‘18
Variance Reduction for Policy Gradient with Action-Dependent Factorized 
Baselines, Wu et al ’18

Q-Prop: Sample-Efficient Policy Gradient with An Off-Policy Critic, Gu et al ‘16 
Backpropagation through the Void: Optimizing control variates for black-box gradient estimation, 
Grathwohl et al ‘17
Categorical Reparameterization with Gumbel-Softmax, Jang et al ‘16



Frontiers of Policy Gradient Research
Learning from High Dimensional Observations

Challenging to provide guarantees in partially observed settings!

Learning Quadrupedal Locomotion over Challenging Terrain, Lee et al ‘20 A System for General In-Hand Reorientation, Chen et al ‘21

Robust Asymmetric Learning in POMDPs, Warrington et al ‘20

Learning robust perceptive locomotion for quadrupedal robots in the wild, Miki et al ‘22



Frontiers of Policy Gradient Research
Bootstrapping from Prior/Off-Policy Data

Learning from Prior DataOff-policy policy gradient

Off-Policy Actor-Critic, Degris et al ‘13 Advantage Weighted Actor Critic, Nair et al ’20
DDPGfD,  Vecerik ‘17

DAPG, Rajeswaran ‘17



Frontiers of Policy Gradient Research
Multi-agent policy gradient

Primary challenges:
1. Non-stationarity
2. Data-efficiency
3. Communication

Multi-Agent Actor-Critic for Mixed Cooperative-Competitive Environments, Lowe et al ‘17Counterfactual Multi-Agent Policy Gradients, Foerster et al ‘17



How is this useful for robotics?
Can be used to train robots in the real world but only in limited settings



How is this useful for robotics?
Largely useful for pretraining in simulation



Lecture outline

Kronecker Factorization (K-FAC)

Frontiers of Policy Gradients

Going from Monte Carlo Returns to Critic Estimation

Going from Monte Carlo Returns to Critic Estimation



What can we do to make PG suitable for robots?



Why is Policy Gradient sample inefficient?

On-policy, unable to 
effectively use past data High Variance Estimator

Can we develop a low variance off-policy RL algorithm that can bootstrap from prior data?
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What can we do to lower variance?

r✓J(✓) =

Z
p✓(⌧)r✓ log p✓(⌧)d⌧
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⇡ 1

N

NX

i=1

X

t

r✓ log ⇡✓(a
i
t|sit)

TX

t0=t

r(sit, a
i
t)

<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 estimate
Function 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



Attempt 0: Monte-Carlo Estimation of Q-Functions

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!



Attempt 1: Using Recursive Structure

Note the definition of a value function

Value functions are recursive 

Average Q-function over actions sampled from policy

VF!



Attempt 1: Using Recursive Structure

Value functions are recursive 

Recipe for policy gradient

Value Bellman equation

Better estimate of future return



Attempt 1: Using Recursive Structure

TODO replace this

Fit a value function on on-policy data 

Compute the policy gradient

Collect more data

+ lowers variance - Still on-policy



Revisit: Generalized Advantage Estimation
Sum up all the estimators in a geometric sum

Best of both worlds – very similar idea to eligibility traces

<latexit sha1_base64="nzQJCi1/agF4X+gzDEQIPZjkvhE=">AAACHHicbZDLSgMxFIYz3q23qks3wSK0qGWiom4ELxuXFWwrtHU4k6ZtMJkZkjNCKT6IG1/FjQtF3LgQfBvTy8LbgcDH/5/DyfnDREmLvv/pjY1PTE5Nz8xm5uYXFpeyyysVG6eGizKPVWyuQrBCyUiUUaISV4kRoEMlquHNWd+v3gpjZRxdYjcRDQ3tSLYkB3RSkN09ua5jRyAELG8DtkUdFOgRNQGjm7TeBq2BVpy1U6DbA2CFIJvzi/6g6F9gI8iRUZWC7Hu9GfNUiwi5AmtrzE+w0QODkitxl6mnViTAb6Atag4j0MI2eoPj7uiGU5q0FRv3IqQD9ftED7S1XR26Tg3Ysb+9vvifV0uxddjoyShJUUR8uKiVKoox7SdFm9IIjqrrALiR7q+Ud8AAR5dnxoXAfp/8Fyo7RbZf3LvYyx2fjuKYIWtkneQJIwfkmJyTEikTTu7JI3kmL96D9+S9em/D1jFvNLNKfpT38QUwUp0P</latexit>

A✓
1(s1, a1) = r1 + �V (s2)� V (s1)

<latexit sha1_base64="FQWNE4HtDIY6V7mDoKEb+u2Hnl8="></latexit>

A✓
2(s1, a1) = r1 + �r2 + · · ·+ �2V (s3)� V (s1)

<latexit sha1_base64="Lv/+y8DUYZpLS+MSn9dRO2FEMh8="></latexit>

A✓
N�1(s1, a1) = r1 + �r2 + · · ·+ �N�2V (sN�1)� V (s1)

<latexit sha1_base64="P3WgRxC9N01wGybZcHa6lAsPdZo="></latexit>

A✓
N (s1, a1) = r1 + �r2 + · · ·+ �N�1rN � V (s1)

Geometric sum

<latexit sha1_base64="l6v7b8WEz3KlQh/xTtq1s64OQWE=">AAAB7nicbVDLSsNAFL2pr1pfVZduBovgqiQi6rLoxmUF+4A2lJvJpB06mYSZiVBCP8KNC0Xc+j3u/BunbRbaemDgcM65zL0nSAXXxnW/ndLa+sbmVnm7srO7t39QPTxq6yRTlLVoIhLVDVAzwSVrGW4E66aKYRwI1gnGdzO/88SU5ol8NJOU+TEOJY84RWOlTl/YaIiDas2tu3OQVeIVpAYFmoPqVz9MaBYzaahArXuemxo/R2U4FWxa6WeapUjHOGQ9SyXGTPv5fN0pObNKSKJE2ScNmau/J3KMtZ7EgU3GaEZ62ZuJ/3m9zEQ3fs5lmhkm6eKjKBPEJGR2Owm5YtSIiSVIFbe7EjpChdTYhiq2BG/55FXSvqh7V/XLh8ta47aoowwncArn4ME1NOAemtACCmN4hld4c1LnxXl3PhbRklPMHMMfOJ8/P7OPhg==</latexit>

� controls bias-variance tradeoff

<latexit sha1_base64="cc//TpLMyyP4etOwK8GRhhfeDFI="></latexit>

A✓
�(s1, a1) =

NX

j=1

�jA✓
j (s, a)



Attempt 2: Recursive structure in Q functions directly

Q functions have special recursive structure themselves!

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)]

Off-policy!



Learning Q-functions via Dynamic Programming

Bellman equation

Same function approximator

How can we convert this recursion into an off-policy  learning objective?

Policy Evaluation: Try to minimize Bellman Error (almost)

<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]



Why is this not just the gradient of the Bellman Error?
<latexit sha1_base64="j84Xf8wJCsRYAJFRqeLNETlubk4="></latexit>

min
�

E(st,at,st+1)⇠D

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

min
�

E(st,at,st+1)⇠D

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

Approximate using stochastic optimization

Expectation inside the square, 
hard to be unbiased

Often tough empirically with 
function approximators

”Target” moves too much



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!

+ off-policy



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

Likelihood Ratio/Score Function Pathwise derivative/Reparameterization

Lower variance (empirically)Easier 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�✓)]

Remember Lecture 2 and discussion of when gradients can be moved inside



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="j84Xf8wJCsRYAJFRqeLNETlubk4="></latexit>

min
�

E(st,at,st+1)⇠D



Actor-Critic in Action



Lecture outline

Kronecker Factorization (K-FAC)

Frontiers of Policy Gradients

Going from Monte Carlo Returns to Critic Estimation

Getting Actor Critic to Work in Practice 



What can we do to make off-policy algorithms work 
in practice?



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



Practical Actor-Critic in Action

Trained using QT-Opt



Practical Actor-Critic in Action

Trained using DDPG



What can we do to make them match on-policy 
algorithms in asymptotic performance?



Where does this fail?
2
7

Some issues remain: 
1. Overestimation bias
2. Insufficient exploration

Let’s try and understand these!



Overestimation Bias in Actor-Critic
2
7

Optimized Q’s are often overly optimistic

Q is meant to be an expectation 
à actually a random variable because of limited data/stochasticity

E(max) > max(E), so values are optimistic



Overestimation Bias in Actor-Critic
2
7

E(X1)

max(X1)

max(X2)

E(X2)

1

4

6

-1

max(E(X1), E(X2))
1

E(max(X1), max(X2))
5

<

Q-learning can overestimate when values are imperfect 
(even when unbiased)



Overestimation Bias in Actor-Critic – Ensemble Q
2
7

Learn two (or N) independent measures of Q, take the minimum 
à pessimistic on random variable

Independent 
updates

Significantly improves overestimation and in turn sample efficiency!

<latexit sha1_base64="LaIeywQqGtYTdHhWwsFv3jg6yCg="></latexit>

min
�j

E(s,a,s0)⇠D
⇥
(Q�j (s, a)� yj)

2
⇤

<latexit sha1_base64="eEYy/18AI3OgZgRzORM2h77tqFs="></latexit>

max
✓j

Es⇠DEa⇠⇡✓j

⇥
Q�j (s, a)

⇤

A
ct

or
Cr

iti
c

<latexit sha1_base64="x3w42jbVIelr+lf3auZASOFQucM="></latexit>

yj = r(s, a) + � min
i=1,...,N

Q�̄i
(s0,⇡✓(s

0))



Overestimation Bias in Actor-Critic
2
7

Significantly improves overestimation and in turn sample efficiency!



Double Actor Critic in Action
2
7



Double Actor Critic in Action
2
7



Where does this fail?
2
7

Some issues remain: 
1. Overestimation bias
2. Insufficient exploration

Let’s try and understand these!



Collapse of Exploration in Off-Policy RL
2
7

Deep RL policies will often converge prematurely or explore insufficiently 

Very unstable learning



Addressing Policy Collapse in Off-Policy RL
2
7

Adding entropy to the RL objective can help significantly

Simple change in on-policy RL

<latexit sha1_base64="U1ihqgHGTURFiHW8Eu6nFUGIrf4="></latexit>

max
⇡

E⇡

"
TX

t=0

�t(r(st, at) + ↵H(⇡(.|st))

#

<latexit sha1_base64="GWAWX43/HRspo6n5eg2foX8FSTQ="></latexit>

max
⇡

E⇡

"
TX

t=0

�tr(st, at)

#

<latexit sha1_base64="/HfovdJeq5U94So3XpX2J3buB8Q="></latexit>

E⇡

"
TX

t=0

"
r✓ log ⇡✓(at|st)

TX

t0=t

�t0�t(r(st, at) + ↵H(⇡(.|st))

#
+ ↵r✓H(⇡✓(.|st))

#

(via chain rule)



Max-Ent Off-Policy RL
2
7

<latexit sha1_base64="U1ihqgHGTURFiHW8Eu6nFUGIrf4="></latexit>

max
⇡

E⇡

"
TX

t=0

�t(r(st, at) + ↵H(⇡(.|st))

#

Work through the recursion, same as with the regular Bellman

Critic – Policy Evaluation

Actor – Policy Improvement



Soft Bellman Equation from Max-Ent RL
2
7

Optimize a ”soft” Bellman equation

Go from max to “softmax” (imagine if α goes to 0, it becomes a max)

<latexit sha1_base64="DXCjwpkZpgieq1qSZpfsUuL1Gqg="></latexit>

Qsoft(st, at) rt + �Est+1⇠ps [Vsoft(st+1)]
<latexit sha1_base64="O1CB07mzBkUjQ0neGSYqg+I8RxU="></latexit>

Vsoft(st) ↵ log

Z

A
exp

 
1

↵
Qsoft(st, a

0)

!
da0

<latexit sha1_base64="luC/RZQxtH6JNK35pzUophJJED0=">AAACDHicbVBNS0JBFJ1nX2ZfVss2QxIohLwXUi2lNi0V8gNU5L5xng7O+2DmvkrEH9Cmv9KmRRFt+wHt+jfNUxelHRg4nHMud+5xIyk02va3lVpZXVvfSG9mtrZ3dvey+wd1HcaK8RoLZaiaLmguRcBrKFDyZqQ4+K7kDXd4nfiNO660CINbHEW840M/EJ5ggEbqZnP1vO5igbYl9xCUCu9p24eHLtBqYpxSKFCTsov2FHSZOHOSI3NUutmvdi9ksc8DZBK0bjl2hJ0xKBRM8kmmHWseARtCn7cMDcDnujOeHjOhJ0bpUS9U5gVIp+rviTH4Wo981yR9wIFe9BLxP68Vo3fZGYsgipEHbLbIiyXFkCbN0J5QnKEcGQJMCfNXygaggKHpL2NKcBZPXib1s6JzXixVS7ny1byONDkixyRPHHJByuSGVEiNMPJInskrebOerBfr3fqYRVPWfOaQ/IH1+QP37Jmo</latexit>

V (st) max
a

Q(st, a)

<latexit sha1_base64="jFV6jlpXFsKudP4VRpQ+m94S+KE="></latexit>

Q(st, at) rt + �Est+1⇠ps [V (st+1)]

Prevents premature collapse of exploration while smoothing out optimization landscape!

<latexit sha1_base64="MxLecnadBLRixIEqS5OFdWEBFLs=">AAACE3icbVDJSgNBEO2JW4xb1KOXxiAkImFGRD2KXjwmYBbIhKGm05M06VnorlFDzD948Ve8eFDEqxdv/o2d5eD2oODxXhVV9fxECo22/Wll5uYXFpeyy7mV1bX1jfzmVl3HqWK8xmIZq6YPmksR8RoKlLyZKA6hL3nD71+M/cY1V1rE0RUOEt4OoRuJQDBAI3n5fTcRRbjTHpaoK3mAoFR8Q11QXTeEWw9otWjMAwolL1+wy/YE9C9xZqRAZqh4+Q+3E7M05BEyCVq3HDvB9hAUCib5KOemmifA+tDlLUMjCLluDyc/jeieUTo0iJWpCOlE/T4xhFDrQeibzhCwp397Y/E/r5VicNoeiihJkUdsuihIJcWYjgOiHaE4QzkwBJgS5lbKeqCAoYkxZ0Jwfr/8l9QPy85x+ah6VDg7n8WRJTtklxSJQ07IGbkkFVIjjNyTR/JMXqwH68l6td6mrRlrNrNNfsB6/wJCeJ0g</latexit>

⇡(a|st) argmax
a

Q(st, a)
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⇡soft(a|st) = exp

 
1

↵
(Qsoft(st, a)� Vsoft(st))
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Maximum Entropy Actor-Critic Algorithms in Action



Lecture outline

Kronecker Factorization (K-FAC)

Frontiers of Policy Gradients

Going from Monte Carlo Returns to Critic Estimation

Getting Actor Critic to Work in Practice 



Ok, so are off-policy algorithms perfect?



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



Zooming out – what makes off-policy RL hard?

s1 s2

Let’s go to the whiteboard!



What should I work on?



Where does the frontier of off-policy RL lie?
Off-policy is an extremely promising tool, but not quite plug and play like PG 
methods
- Low variance, off-policy, avoids reconstruction, performs dynamic programming
- Has the potential to be performant and sample efficient
But in practice is often unstable, inefficient with high dimensional observations

Image-based RL Partial Observability

Sampling Theory Exploration



Prioritizing Experience
Performing uniform buffer TD updates can be catastrophically bad

Need to prioritize updates to propagate good values



Theory/Convergence with Function Approximation

Significant body of work on learning dynamics with function approximation

Implicit regularization

Delusional Bias

Bilinear classes



Exploration in Off-Policy RL

Better exploration methods

Uncertainty based methods Count-based methods Information gain methods

Often critical for getting algorithms to work!



Image-based Off-Policy RL

Learning from high dimensional observations is unstable – images/point clouds

Data augmentations Pre-trained representations Student-teacher

Still very unstable, lot of open research problems!



Partial Observability in Off-Policy RL

Learning history conditioned/recurrent Q-functions is an open area!

Off-policy methods critically depend on the Markov assumption



How has off-policy RL manifested in robotics?
Small changes – larger number of ensembles, more minibatch steps allow for training in < 20 mins



How has off-policy RL manifested in robotics?



How has off-policy RL manifested in robotics?

Uses MPO – a variant of actor critic with a supervised learning style actor update



How has off-policy RL manifested in robotics?
Bootstrapped with a few demonstrations



How has off-policy RL manifested in robotics?



Pros/Cons of Off-Policy Methods in Robotics

Pros:
1. Sample-efficient enough for real world
2. Can learn from images with suitable 

design choices
3. Off-policy, can incorporate prior data

Cons
1. Often unstable
2. Can achieve lower asymptotic 

performance
3. Requires significant storage



Fin.


