
Reinforcement Learning
Spring 2024

Abhishek Gupta
TAs: Patrick Yin, Qiuyu Chen



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



Attempt 1: Using Recursive Structure

Fit a value function on on-policy data 

Compute the policy gradient

Collect more data

+ lowers variance - Still on-policy



Does this converge?

To prove: 

inf-norm

Bellman operator

Value functions

Contraction, hence converges to a fixed point



Does this converge for arbitrary function approximation?

For arbitrary function approximation, it is not just a Bellman backup

We perform a Bellman backup + a projection

Projection – find closest element of function class to approximate tabular values 

Tabular backup

Projection

Backup may be a contraction, but backup 
+ projection may not be



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]



Lecture outline

Working through a complete off-policy algorithm

Getting Off-Policy RL to Work

Frontiers of Off-Policy RL

Model-Based RL - Formulation



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

Working through a complete off-policy algorithm

Getting Off-Policy RL to Work

Frontiers of Off-Policy RL

Model-Based RL - Formulation



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



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)
<latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit><latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit><latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="JWcpfwZm91PYbWLemjOvK63u8EA=">AAAB+XicbZBLSwMxFIXv1FetVUe33QSL0IKUGTe6EQQ3LluwD+gM5U6atqGZB0lGLGMXbvwrblwo4h9x578xfSy09UDg45yEm3uCRHClHefbym1sbm3v5HcLe8X9g0P7qNhScSopa9JYxLIToGKCR6ypuRask0iGYSBYOxjfzPL2PZOKx9GdniTMD3EY8QGnqI3Vs0tewiv4qKrkinghPvQynJJGRZ0RrPbsslNz5iLr4C6hDEvVe/aX149pGrJIU4FKdV0n0X6GUnMq2LTgpYolSMc4ZF2DEYZM+dl8iSk5NU6fDGJpTqTJ3P39IsNQqUkYmJsh6pFazWbmf1k31YNLP+NRkmoW0cWgQSqIjsmsEdLnklEtJgaQSm7+SugIJVJteiuYEtzVldehdV5znZrbcCAPJTiBCrhwAddwC3VoAoUneIE3eLeerVfrY1FXzlr2dgx/ZH3+AGQ1lNk=</latexit><latexit sha1_base64="JWcpfwZm91PYbWLemjOvK63u8EA=">AAAB+XicbZBLSwMxFIXv1FetVUe33QSL0IKUGTe6EQQ3LluwD+gM5U6atqGZB0lGLGMXbvwrblwo4h9x578xfSy09UDg45yEm3uCRHClHefbym1sbm3v5HcLe8X9g0P7qNhScSopa9JYxLIToGKCR6ypuRask0iGYSBYOxjfzPL2PZOKx9GdniTMD3EY8QGnqI3Vs0tewiv4qKrkinghPvQynJJGRZ0RrPbsslNz5iLr4C6hDEvVe/aX149pGrJIU4FKdV0n0X6GUnMq2LTgpYolSMc4ZF2DEYZM+dl8iSk5NU6fDGJpTqTJ3P39IsNQqUkYmJsh6pFazWbmf1k31YNLP+NRkmoW0cWgQSqIjsmsEdLnklEtJgaQSm7+SugIJVJteiuYEtzVldehdV5znZrbcCAPJTiBCrhwAddwC3VoAoUneIE3eLeerVfrY1FXzlr2dgx/ZH3+AGQ1lNk=</latexit><latexit sha1_base64="KnnzfxjtxKpklyftZok5pvspVC4=">AAACBHicbVDLSsNAFJ34rPUVddnNYBFakJK40Y1QdOOyBfuAJoSb6aQdOnkwMxFL7MKNv+LGhSJu/Qh3/o3TNgttPXDhcM693HuPn3AmlWV9Gyura+sbm4Wt4vbO7t6+eXDYlnEqCG2RmMei64OknEW0pZjitJsICqHPaccfXU/9zh0VksXRrRon1A1hELGAEVBa8sySk7AKPMgqvsROCPdeBhPcrMhTDFXPLFs1awa8TOyclFGOhmd+Of2YpCGNFOEgZc+2EuVmIBQjnE6KTippAmQEA9rTNIKQSjebPTHBJ1rp4yAWuiKFZ+rviQxCKcehrztDUEO56E3F/7xeqoILN2NRkioakfmiIOVYxXiaCO4zQYniY02ACKZvxWQIAojSuRV1CPbiy8ukfVazrZrdtMr1qzyOAiqhY1RBNjpHdXSDGqiFCHpEz+gVvRlPxovxbnzMW1eMfOYI/YHx+QPY15ZE</latexit><latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit><latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit><latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit><latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit><latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit><latexit sha1_base64="sl5kodOfZMV6dX39NS+BZcr14pM=">AAACBHicbVDLSgNBEJyNrxhfqx5zGQxCAhJ2RdCLEPTiMQHzgGRZeiezyZDZBzOzYlhz8OKvePGgiFc/wpt/4yTZgyYWNBRV3XR3eTFnUlnWt5FbWV1b38hvFra2d3b3zP2DlowSQWiTRDwSHQ8k5SykTcUUp51YUAg8Ttve6Hrqt++okCwKb9U4pk4Ag5D5jIDSkmsWezErw4Os4EvcC+DeTWGCG2V5gqHimiWras2Al4mdkRLKUHfNr14/IklAQ0U4SNm1rVg5KQjFCKeTQi+RNAYyggHtahpCQKWTzp6Y4GOt9LEfCV2hwjP190QKgZTjwNOdAaihXPSm4n9eN1H+hZOyME4UDcl8kZ9wrCI8TQT3maBE8bEmQATTt2IyBAFE6dwKOgR78eVl0jqt2lbVbpyValdZHHlUREeojGx0jmroBtVRExH0iJ7RK3oznowX4934mLfmjGzmEP2B8fkD2heWSA==</latexit>

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 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

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>



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)

<latexit sha1_base64="FOOW0ROOPM0vSYkb+OAE+VL7JDI="></latexit>

⇡soft(a|st) = exp

 
1

↵
(Qsoft(st, a)� Vsoft(st))

!



Ok, but how do I choose α?
2
7

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

max
⇡

E⇡

"
TX

t=0

�t(r(st, at) + ↵H(⇡(.|st))

#

Often hard to set as a constant

Can simply formulate a constrained optimization problem à entropy above some value 

Alternate between gradient steps on 𝜋, α



Maximum Entropy Actor-Critic Algorithms in Action
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Frontiers of Off-Policy RL

Model-Based RL - Formulation



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#

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

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



Lecture outline

Working through a complete off-policy algorithm

Getting Off-Policy RL to Work

Frontiers of Off-Policy RL

Model-Based RL - Formulation



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



Landscape of Reinforcement Learning Algorithms

max
✓

E⌧⇠⇡✓

"
TX

t=0

r(st, at)

#

<latexit sha1_base64="X8hBjFt2JPPVEIoy2642W0B+4t0="></latexit><latexit sha1_base64="X8hBjFt2JPPVEIoy2642W0B+4t0="></latexit><latexit sha1_base64="X8hBjFt2JPPVEIoy2642W0B+4t0="></latexit><latexit sha1_base64="X8hBjFt2JPPVEIoy2642W0B+4t0="></latexit>

Gradient Ascent Dynamic Programming Model-Based Optimization



What if we just learned how the world worked?

max
✓

E⌧⇠⇡✓

"
TX

t=0

r(st, at)

#

<latexit sha1_base64="X8hBjFt2JPPVEIoy2642W0B+4t0="></latexit><latexit sha1_base64="X8hBjFt2JPPVEIoy2642W0B+4t0="></latexit><latexit sha1_base64="X8hBjFt2JPPVEIoy2642W0B+4t0="></latexit><latexit sha1_base64="X8hBjFt2JPPVEIoy2642W0B+4t0="></latexit>

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



Connections to Cognitive Science
Significant evidence for mechanisms for prediction of outcomes in neuro/cognitive science



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✓)

<latexit sha1_base64="ZkMbnzPxAwRzlKJS/mZuRIaLEVc="></latexit>

argmax
⇡

Ep̂,⇡

"
X

t

r(st, at)

#

Can also just be a single trajectory



What will we not cover today?

Byron’s lectures do a wonderful job, do go watch them!

iLQR/iLQG MBRL with GPs/Non-Parametrics Non-linear TrajOpt



What will we cover today?

Use neural networks as our model!

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

p̂✓  argmin
p̂✓

L(D, p̂✓)
<latexit sha1_base64="ZkMbnzPxAwRzlKJS/mZuRIaLEVc="></latexit>

argmax
⇡

Ep̂,⇡

"
X

t

r(st, at)

#



Model Based RL – Assumptions

Assumptions:
1. Can only sample from dynamics
2. Can reset the environment
3. Reward function is known

max
✓

E⌧⇠⇡✓

"
TX

t=0

r(st, at)

#
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We will get into this in a later lecture!



Model Based RL – A template

Model Learning

Planning

Data Collection



Lecture Outline

Model based RL v0 à random shooting + MPC

Model based RL v1 à MPPI + MPC

Model based RL v2 à uncertainty based models

Model based RL v3 à policy optimization with models

Model based RL v4 à latent space models with images



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)]

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

Choice of        distribution determines the loss function: 
1. Gaussian à L2

2. Energy Based Model à Contrastive Divergence
3. Diffusion Model à Score Matching

<latexit sha1_base64="n1HK9GNuBnmjO1r86yOnYU/cWlg=">AAAB9XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegF48RzAOya5id9GaHzD6Y6VXCkv/w4kERr/6LN//GSbIHTSxoKKq66e7yUyk02va3VVpZXVvfKG9WtrZ3dveq+wdtnWSKQ4snMlFdn2mQIoYWCpTQTRWwyJfQ8Uc3U7/zCEqLJL7HcQpexIaxCARnaKQHN2SYp5O+iyEg61drdt2egS4TpyA1UqDZr365g4RnEcTIJdO659gpejlTKLiEScXNNKSMj9gQeobGLALt5bOrJ/TEKAMaJMpUjHSm/p7IWaT1OPJNZ8Qw1IveVPzP62UYXHm5iNMMIebzRUEmKSZ0GgEdCAUc5dgQxpUwt1IeMsU4mqAqJgRn8eVl0j6rOxf187vzWuO6iKNMjsgxOSUOuSQNckuapEU4UeSZvJI368l6sd6tj3lrySpmDskfWJ8/DC2S4Q==</latexit>

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)

<latexit sha1_base64="csxZjVuCGPjDZ7OLp5Rgh0QFGwI="></latexit>

arg max
aj
0,a

j
1,...,a

j
T

TX

t=0

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!



Lecture outline

Working through a complete off-policy algorithm

Getting Off-Policy RL to Work

Frontiers of Off-Policy RL

Model-Based RL - Formulation



Fin.


