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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



Past lecture outline

Control as Inference - Formulation

Variational Inference

Control as Inference to Derive Policy Gradient

Control as Inference to Derive Q-learning

Control as Inference to Derive Model-Based RL



Using Probabilistic Graphical Models for Decision Making
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Introduce binary “optimality” variables – optimal if O=1, suboptimal if O=0

Agents are observed to be optimal

Rewards must be negative 
(subtract max reward WLOG)



So what are we doing inference over?

Use case 1:

Derive soft RL algorithms
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Insight: Computing optimal policy à posterior inference

“Given that you are acting optimally, what is the 
likelihood of a particular action at a state”



Evidence Lower Bound: Best Posterior

Intractable!

View 1: Find best posterior

Learn a tractable posterior q(z|x) with known likelihood and sampling 

Maximum likelihood Stay close to the prior

Likelihood/prior known – posterior hard to compute



Lets revisit our original inference problem in control
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Optimal Policy à Posterior Inference

Variational 
Inference

Approximate by 

Tractable techniques for 
posterior policy computation



Computing Evidence Lower Bound

1)

2)

3)



Computing Evidence Lower Bound

3)

Set to uniform

4)

5) Maximum entropy RL

Gradient ascent = PG!



Ok so what did we show?
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<latexit sha1_base64="fHAPDJ1EOjm5YtVk98CJk0xXw3U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDqAY2R</latexit>a0
<latexit sha1_base64="WxkZs5xRs38lJD4l9+FXgHm0HfI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle9qv9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPtCY2T</latexit>a2

<latexit sha1_base64="320VPklRgEWhB8hnnEiRh3xn5cE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDrhY2S</latexit>a1

Find approximate posterior q(z|x) by 
optimizing the ELBO

=

Maximize ELBO with SGD = policy gradient!



Lecture outline

Control as Inference to Derive Q-learning

Control as Inference to Derive Model-Based RL

Why inverse RL? + Problem formulation

IRLv1 – max margin planning



Can we derive (soft) Q-learning from the ELBO?
<latexit sha1_base64="eK9x+whdgEm6FGH2RnKhkDNYn9Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAFfI2j</latexit>s0

<latexit sha1_base64="tmS9qh1fHLOKCF5YVbEDjZvnALQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAHAI2k</latexit>s1 <latexit sha1_base64="n6/W1KPfxCc6g5FHRqeg8V9bvKI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle92v9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMIhI2l</latexit>s2

<latexit sha1_base64="fHAPDJ1EOjm5YtVk98CJk0xXw3U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDqAY2R</latexit>a0
<latexit sha1_base64="WxkZs5xRs38lJD4l9+FXgHm0HfI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle9qv9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPtCY2T</latexit>a2

<latexit sha1_base64="320VPklRgEWhB8hnnEiRh3xn5cE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDrhY2S</latexit>a1

Find approximate posterior q(z|x) by 
optimizing the ELBO

=

Maximize ELBO with DP = Soft Q learning!



Let’s optimize the last step of the ELBO

Consider the last time step

(Add subtract to normalize)

(log-exp)

(Definition of KL divergence)

max



Let’s optimize the last step of the ELBO

Consider the last time step

max

KL-divergence D(p, q) is always non 
negative and is minimized when p == q

Ok let’s simplify

Optimal policy is proportional to exponential advantage
(soft-max)



Let’s optimize the last step of the ELBO

Consider the last time step

max

(added back)

Zero on optimal q Simply the value V(sT)

Simply the expected value Optimal policy is proportional to exponential advantage
(soft-max)



Let’s optimize the step before

Consider the second last time step

Exactly what we computed in the last step

From the last slide

Let us call this Q(sT-1, aT-1)

(Looks like Bellman!)

Looks a lot like the previous time-step



Let’s optimize the step before

Consider the second last time step

Referring back to the last time step math and pattern matching

Optimal policy is proportional to exponential advantage
(soft-max)



Let’s make it recursive
This suggests a recursive dynamic programming algorithm!

For t = T-1 to 1:

Very similar to the “soft” (entropy) Q-learning procedure from earlier lectures!

(Bellman update)

(Soft-max)

(Soft-max)



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))

!

What does this suggest as an algorithm?



Why should we ever do soft-Q learning?
Optimization benefits

Deals better with misspecification

Transfer



Ok so what did we show?
Find approximate posterior q(z|x) by optimizing the ELBO using dynamic programming

=

For t = T-1 to 1:

(Bellman update)

(Soft-max)

(Soft-max)

Can derive a “soft” dynamic programming Q-learning update



Lecture outline

Control as Inference to Derive Q-learning

Control as Inference to Derive Model-Based RL

Why inverse RL? + Problem formulation

IRLv1 – max margin planning



Let’s back up from VI to max likelihood

<latexit sha1_base64="eK9x+whdgEm6FGH2RnKhkDNYn9Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAFfI2j</latexit>s0
<latexit sha1_base64="tmS9qh1fHLOKCF5YVbEDjZvnALQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAHAI2k</latexit>s1 <latexit sha1_base64="n6/W1KPfxCc6g5FHRqeg8V9bvKI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle92v9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMIhI2l</latexit>s2

<latexit sha1_base64="fHAPDJ1EOjm5YtVk98CJk0xXw3U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDqAY2R</latexit>a0
<latexit sha1_base64="WxkZs5xRs38lJD4l9+FXgHm0HfI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle9qv9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPtCY2T</latexit>a2

<latexit sha1_base64="320VPklRgEWhB8hnnEiRh3xn5cE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDrhY2S</latexit>a1

Let us assume we get a bunch of data of (s, a, s’, r) from the true system p

We will try to learn a surrogate model !𝑝 to approximate p, use it for posterior inference 



Model Learning via Maximum Likelihood

Definition of KLD

Expansion of joint

Model learning Reward learning

Fitting !𝑝 amounts to supervised learning on dynamics and rewards



Model Learning via Maximum Likelihood

Fitting !𝑝 amounts to supervised learning on dynamics and rewards

<latexit sha1_base64="eK9x+whdgEm6FGH2RnKhkDNYn9Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAFfI2j</latexit>s0
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Approximate model

How do we actually use this approximate model to obtain optimal actions?  



Policy Extraction via Posterior Inference
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Approximate model

Key idea: pretend that approximate 
model !𝑝 is the true model 

Just like in MFRL à
perform posterior inference 

But pretend that the model were true Certainty equivalence



Ok so how we do perform this inference?

Idea 1: Variational inference in !𝑝

Model-based policy optimization methods (Dyna ++)

Idea 2: Use Monte-Carlo Sampling for Inference

MPPI-style planning methods



Equivalence between posterior inference and MPPI

Let’s expand out the nasty integrals with Bayes rule



Equivalence between posterior inference and MPPI

Dynamics Action prior Optimality

Substituting optimality definition

Just using definition of expectation



Equivalence between posterior inference and MPPI

Taking a bunch of samples through model à
choose actions proportional to the expected sum of rewards

Can keep repeating with 
updated action prior

Can be thought of as a sampling-based Monte-Carlo approximation to posterior



Ok so what did we show?
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Approximate model
Step 1: Learn model via min KL (supervised learning)

Step 2: Obtain posterior actions via Monte-Carlo approximation (approx MPPI)



Lecture outline

Control as Inference to Derive Q-learning

Control as Inference to Derive Model-Based RL

Why inverse RL? + Problem formulation

IRLv1 – max margin planning



Let’s revisit the premise of reinforcement learning
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or

We studied a bunch of different 
algorithms to solve this

Model-based RL Policy gradients

Actor-critic

But they all operate under the same assumption: 
reward is known!



Reinforcement Learning requires Task Specification

Does not magically appear in most settings

Manual state estimation/perception

Complex reward specification

Has to be manually specified 

à can we do better?



Learning from Demonstrations

Demos of expert behavior

Inverse Reinforcement 
Learning

Infer rewards from demonstrations of 
optimal behavior

à Optimal behavior optimizes some 
reward via RL, so the RL process must be 

”inverted” to find the reward 

Avoid manual reward specification by learning from demos of optimal behavior



But haven’t we already learned from demonstrations?

Imitation learning via Behavior Cloning (L2)

Main difference between BC and IRL: 

1. BC learns policies, IRL learns rewards
2. BC assumes no environment access, IRL 

typically assumes either known model or 
sampling access

Why does this matter?



Zooming out – why do we care about imitation?

Covariate shift is just a manifestation of generalization

Imitation learning is all about generalization

Generalization across states Generalization across dynamics

What if learning something else generalized better than policies?



Zooming out – why do we care about imitation?

PAC-Bayes Bounds

Smaller (yet sufficient) hypothesis 
class, better generalization

Policy – fairly complex
Reward – 1 when goal is reached, 0 otherwise

Reward can be much simpler 

Rewards may be simpler à better generalization



Cross-Embodiment/Dynamics Transfer

Can all share the same reward, even with different dynamics!

Policies and Q/V functions entangle dynamics, rewards do not

Rewards may allow for cross dynamics transfer



Addressing Compounding Error
Reward can avoid covariate shift issues with forward KL

Imitation Learning via BC Reinforcement Learning with Inferred Reward
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Sampling from expert Sampling from policy
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DKL(p✓||p⇤)What we care about



Learning Rewards from Human Data
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Reward

Is this even a well-defined problem?
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How can we learn rewards?
We must make more assumptions on the expert provided data

Experts are assumed to be “noisily” optimal
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Why is this “inverse” reinforcement learning?

Is this well defined?

RL: Rewards generate trajectories IRL: Expert trajectories generate rewards
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IRL problem statement + assumptions
Reinforcement Learning Inverse Reinforcement Learning

State: Known
Action: Known
Transition Dynamics: Unknown but can sample
Reward: Known
Expert policy: Unknown
Expert traces: Unknown

State: Known
Action: Known
Transition Dynamics: Unknown but can sample
Reward: Unknown
Expert policy: Unknown
Expert traces: Known

Reward
Inverse RL PolicyReinforcement 

Learning

New dynamics/state

Find r that explains the demonstrator behavior as noisily optimal

<latexit sha1_base64="dEU+c6qriE0HNYFRWfWlZ43suQ8=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoMQQcKuBPUY9OIxgnlAsobZyWwyZPbBTK8SlvyHFw+KePVfvPk3TpI9aGJBQ1HVTXeXF0uh0ba/rdzK6tr6Rn6zsLW9s7tX3D9o6ihRjDdYJCPV9qjmUoS8gQIlb8eK08CTvOWNbqZ+65ErLaLwHscxdwM6CIUvGEUjPaheF4ccaVmfEXraK5bsij0DWSZORkqQod4rfnX7EUsCHiKTVOuOY8foplShYJJPCt1E85iyER3wjqEhDbh209nVE3JilD7xI2UqRDJTf0+kNNB6HHimM6A41IveVPzP6yToX7mpCOMEecjmi/xEEozINALSF4ozlGNDKFPC3ErYkCrK0ARVMCE4iy8vk+Z5xbmoVO+qpdp1FkcejuAYyuDAJdTgFurQAAYKnuEV3qwn68V6tz7mrTkrmzmEP7A+fwBXg5HD</latexit>

r✓(s, a)
<latexit sha1_base64="ua6EAfK4MCR4TkoMqJADeLeRanM=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBDiJexKUI9BLx4jmAckS5id9CZDZmfXmVkhxPyEFw+KePV3vPk3TpI9aGJBQ1HVTXdXkAiujet+Oyura+sbm7mt/PbO7t5+4eCwoeNUMayzWMSqFVCNgkusG24EthKFNAoENoPhzdRvPqLSPJb3ZpSgH9G+5CFn1Fip1Ul4iT7ps26h6JbdGcgy8TJShAy1buGr04tZGqE0TFCt256bGH9MleFM4CTfSTUmlA1pH9uWShqh9sezeyfk1Co9EsbKljRkpv6eGNNI61EU2M6ImoFe9Kbif147NeGVP+YySQ1KNl8UpoKYmEyfJz2ukBkxsoQyxe2thA2ooszYiPI2BG/x5WXSOC97F+XKXaVYvc7iyMExnEAJPLiEKtxCDerAQMAzvMKb8+C8OO/Ox7x1xclmjuAPnM8fjK+PqQ==</latexit>

⇡(a|s)



Inverse RL Applications



Inverse RL Applications



Why is this hard?

Challenging for a variety of reasons: 
1. Inherently underspecified
2. R and 𝜋 both unknown
3. Difficult optimization with T unknown.
4. Distributions/comparison metrics unknown 

Inverse RL

Reward Function

Can be parameterized by arbitrary function approximator

Find r that explains the demonstrator behavior as noisily optimal

<latexit sha1_base64="dEU+c6qriE0HNYFRWfWlZ43suQ8=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoMQQcKuBPUY9OIxgnlAsobZyWwyZPbBTK8SlvyHFw+KePVfvPk3TpI9aGJBQ1HVTXeXF0uh0ba/rdzK6tr6Rn6zsLW9s7tX3D9o6ihRjDdYJCPV9qjmUoS8gQIlb8eK08CTvOWNbqZ+65ErLaLwHscxdwM6CIUvGEUjPaheF4ccaVmfEXraK5bsij0DWSZORkqQod4rfnX7EUsCHiKTVOuOY8foplShYJJPCt1E85iyER3wjqEhDbh209nVE3JilD7xI2UqRDJTf0+kNNB6HHimM6A41IveVPzP6yToX7mpCOMEecjmi/xEEozINALSF4ozlGNDKFPC3ErYkCrK0 ARVMCE4iy8vk+Z5xbmoVO+qpdp1FkcejuAYyuDAJdTgFurQAAYKnuEV3qwn68V6tz7mrTkrmzmEP7A+fwBXg5HD</latexit>

r✓(s, a)



Underspecification in Reward Functions 
Rewards are inherently underspecified à many rewards can give you the same optimal policy

Original reward

Reshaped reward
<latexit sha1_base64="XbsBBFxZGDd0B3gGxlUvlWa27LA="></latexit>

rshaped(s, a, s
0) = r(s, a, s0) + ��(s0)� �(s)

<latexit sha1_base64="AVCPUDJUIxxlOVWMCHSJwUHQtUs=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BItYoZRdKeqx6MVjBfsB26Vk02wbmk2WZFYopT/DiwdFvPprvPlvTNs9aOuDgcd7M8zMCxPBDbjut5NbW9/Y3MpvF3Z29/YPiodHLaNSTVmTKqF0JySGCS5ZEzgI1kk0I3EoWDsc3c389hPThiv5COOEBTEZSB5xSsBKvi6bCiYVbM4vesWSW3XnwKvEy0gJZWj0il/dvqJpzCRQQYzxPTeBYEI0cCrYtNBNDUsIHZEB8y2VJGYmmMxPnuIzq/RxpLQtCXiu/p6YkNiYcRzazpjA0Cx7M/E/z08hugkmXCYpMEkXi6JUYFB49j/uc80oiLElhGpub8V0SDShYFMq2BC85ZdXSeuy6l1Vaw+1Uv02iyOPTtApKiMPXaM6ukcN1EQUKfSMXtGbA86L8+58LFpzTjZzjP7A+fwB7OKPug==</latexit>

r(s, a, s0)

<latexit sha1_base64="Z2CPBuiNGOVQcl9JHoHI1paySok="></latexit>

Q = r(s, a, s0) + �r(s0, a0, s00) + �2r(s00, a00, s000) + . . .

<latexit sha1_base64="iH3zGddwZ5cNxxkoa6SWtqzh+D4="></latexit>

Q = r(s, a, s0) + ��(s0)� �(s)+

�(r(s0, a0, s00) + ��(s00)� �(s0))+

�2(r(s00, a00, s000) + ��(s000)� �(s00)) + . . .

Unbiased policy optimization!



Lecture outline

Control as Inference to Derive Q-learning

Control as Inference to Derive Model-Based RL

Why inverse RL? + Problem formulation

IRLv1 – max margin planning



A Formula for Inverse Reinforcement Learning

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

How do we instantiate?



IRL v0 – Assumptions

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Linear

Known dynamics

???

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)



IRL v0 – What is a good reward function?
A good reward would evaluate optimal data higher than all other data

<latexit sha1_base64="SHkDhObS34AcxuxXWRy8lcfMlUg="></latexit>

V ⇡⇤

r (s) � V ⇡
r (s) 8⇡, 8s

<latexit sha1_base64="eCr+H41RYwPYPKl0mPXykaMTLCk=">AAACBXicbVDLSgNBEOyNrxhfqx71MBiEKBJ2JagXIejFY4S8INmE2cmsGTL7YGZWCUsuXvwVLx4U8eo/ePNvnCR70MSChqKqm+4uN+JMKsv6NjILi0vLK9nV3Nr6xuaWub1Tl2EsCK2RkIei6WJJOQtoTTHFaTMSFPsupw13cD32G/dUSBYGVTWMqOPju4B5jGClpa65LwryBOEjdImSh87xqFNF7ajPpmLXzFtFawI0T+yU5CFFpWt+tXshiX0aKMKxlC3bipSTYKEY4XSUa8eSRpgM8B1taRpgn0onmXwxQoda6SEvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyLpyEBVGsaECmi7yYIxWicSSoxwQlig81wUQwfSsifSwwUTq4nA7Bnn15ntRPi/ZZsXRbypev0jiysAcHUAAbzqEMN1CBGhB4hGd4hTfjyXgx3o2PaWvGSGd24Q+Mzx91yJYD</latexit>

r(s, a) = w⇤T�(s, a)

Underdefined, w* = 0 trivially satisfies!

Find w* such that 
<latexit sha1_base64="Ido5zujaiYheFowO0n8yKTnCiNU="></latexit>

E⇡⇤

"
X

t

�tr(st, at)

#
� E⇡

"
X

t

�tr(st, at)

#
, 8⇡

<latexit sha1_base64="m/AdsaM5NTCsieyEI3ey2Tq2o6w="></latexit>

E⇡⇤

"
X

t

�tw⇤T�(st, at)

#
� E⇡

"
X

t

�tw⇤T�(st, at)

#
, 8⇡

<latexit sha1_base64="jfdUJ7holX1NkvUdv07K6OfTrpY="></latexit>

w⇤TE⇡⇤

"
X

t

�t�(st, at)

#
� w⇤TE⇡

"
X

t

�t�(st, at)

#
, 8⇡

<latexit sha1_base64="/Wz0ovbPRnfwnMlVstRR8JO0AqM=">AAAB+XicbVDLSgMxFM3UV62vUZdugkWoImVGirosunFZwT6gM5ZMmmlDk0xIMoUy9E/cuFDErX/izr8xbWeh1QMXDufcy733RJJRbTzvyymsrK6tbxQ3S1vbO7t77v5BSyepwqSJE5aoToQ0YVSQpqGGkY5UBPGIkXY0up357TFRmibiwUwkCTkaCBpTjIyVeq4b8LQSSPp4dg4DOaSnPbfsVb054F/i56QMcjR67mfQT3DKiTCYIa27vidNmCFlKGZkWgpSTSTCIzQgXUsF4kSH2fzyKTyxSh/GibIlDJyrPycyxLWe8Mh2cmSGetmbif953dTE12FGhUwNEXixKE4ZNAmcxQD7VBFs2MQShBW1t0I8RAphY8Mq2RD85Zf/ktZF1b+s1u5r5fpNHkcRHIFjUAE+uAJ1cAcaoAkwGIMn8AJencx5dt6c90VrwclnDsEvOB/f4xqSiQ==</latexit>

µ(⇡⇤,�)
<latexit sha1_base64="IKa0UPuaJUgRqmrZjNbEpWqn84Y=">AAAB9XicbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3bVk07QNTbJLklXK0v/hxYMiXv0v3vw3pu0etPXBwOO9GWbmhTFn2rjut5NbWV1b38hvFra2d3b3ivsHTR0litAGiXik2iHWlDNJG4YZTtuxoliEnLbC0c3Ubz1SpVkk7804poHAA8n6jGBjpQdfJGU/ZmfIj4fstFssuRV3BrRMvIyUIEO9W/zyexFJBJWGcKx1x3NjE6RYGUY4nRT8RNMYkxEe0I6lEguqg3R29QSdWKWH+pGyJQ2aqb8nUiy0HovQdgpshnrRm4r/eZ3E9K+ClMk4MVSS+aJ+wpGJ0DQC1GOKEsPHlmCimL0VkSFWmBgbVMGG4C2+vEya5xXvolK9q5Zq11kceTiCYyiDB5dQg1uoQwMIKHiGV3hznpwX5935mLfmnGzmEP7A+fwBSc2RvA==</latexit>

µ(⇡,�)

High reward

Low reward



IRL v0 – What is a good reward function?
How do we tackle ambiguity?

Find rewards which maximize the gap between the expert and all other policies

<latexit sha1_base64="4OlCwAFNL1rfmxVUnMHNytLcxwc="></latexit>

w⇤TE⇡⇤ [�(s, a)] � w⇤TE⇡⇤ [�(s, a)] 8⇡, 8s

<latexit sha1_base64="DwTXz4hu4SegmpZ4IyI/ay1uwT4="></latexit> max
w,m

m

s.t wTµ⇡⇤
� wTµ⇡ +m, 8⇡ 2 ⇧



IRL v1 – Max Margin Feature Matching
Choose w such that “margin” is maximized 

<latexit sha1_base64="vPiGA/E47ehVi853tyf1qWZn9FY="></latexit> maxm

s.t wTµ⇡⇤
� wTµ⇡ +m, 8⇡ 2 ⇧

<latexit sha1_base64="BEXUdpWVQwjtEql2lyYZTUZNJfs="></latexit>

min kwk2
s.t wTµ⇡⇤

� wTµ⇡ + 1, 8⇡ 2 ⇧

Looks a lot like an SVM!

What might the issues be à
1. Uniform gap across all 𝜋, 𝜋*
2. Noisily optimal may compromise the optimization



IRL v1 – (Fancy) Max Margin Feature Matching

Maximum margin à Structured Max-Margin + Slack 

<latexit sha1_base64="Xet1sukXQzhel8nyv1Pi+DtN4Yk="></latexit>

min kwk2 + C⇣

s.t wTµ⇡⇤
� wTµ⇡ +D(⇡,⇡⇤)� ⇣, 8⇡ 2 ⇧

<latexit sha1_base64="BEXUdpWVQwjtEql2lyYZTUZNJfs="></latexit>

min kwk2
s.t wTµ⇡⇤

� wTµ⇡ + 1, 8⇡ 2 ⇧

Bigger for more different policies

Slack allows for noisy optimality



IRL v1 – Max Margin Feature Matching

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Linear

Known dynamics

Solve Max-Margin Planning

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)

<latexit sha1_base64="Xet1sukXQzhel8nyv1Pi+DtN4Yk="></latexit>

min kwk2 + C⇣

s.t wTµ⇡⇤
� wTµ⇡ +D(⇡,⇡⇤)� ⇣, 8⇡ 2 ⇧



IRL v1 – Max Margin Feature Matching

1. Start with a random policy 𝜋0
2. Find the w that optimizes

3. Solve for the optimal policy against

4. Add to constraint set and repeat 

<latexit sha1_base64="yzWbdGuEnSWXq6UJSAoKTpB7l80="></latexit>

min
w,⇣

kwk2 + C⇣

s.t wTµ⇡⇤
� wTµ⇡ +D(⇡,⇡⇤)� ⇣, 8⇡ 2 {⇡0,⇡1, . . . ,⇡i}

<latexit sha1_base64="s6ZL+ZF/0CGi9MxyZiCAiX0NWpg=">AAACDXicbVDLSsNAFJ34rPUVdelmsAotSEmkqBuh6MZlhb6gTcNkOmmHTiZhZqKUkB9w46+4caGIW/fu/BunbRbaeuDC4Zx7ufceL2JUKsv6NpaWV1bX1nMb+c2t7Z1dc2+/KcNYYNLAIQtF20OSMMpJQ1HFSDsSBAUeIy1vdDPxW/dESBryuhpHxAnQgFOfYqS05JrHwu1GQ1qUpxCV4BVMHnpJkZbStFeHmYFKrlmwytYUcJHYGSmADDXX/Or2QxwHhCvMkJQd24qUkyChKGYkzXdjSSKER2hAOppyFBDpJNNvUniilT70Q6GLKzhVf08kKJByHHi6M0BqKOe9ifif14mVf+kklEexIhzPFvkxgyqEk2hgnwqCFRtrgrCg+laIh0ggrHSAeR2CPf/yImmele3zcuWuUqheZ3HkwCE4AkVggwtQBbegBhoAg0fwDF7Bm/FkvBjvxsesdcnIZg7AHxifPyOVmbc=</latexit>

r�(s, a) = w(i)T�(s, a)
<latexit sha1_base64="N3JNo7uYH7t8v0TiNYde8VRVcnc=">AAACGnicbVDLSgNBEJz1GeMr6tHLYBASDGFXgnoMevFmhLwgG5bZySQZMrs7zPSqYcl3ePFXvHhQxJt48W+cPA6aWNBQVHXT3eVLwTXY9re1tLyyurae2khvbm3v7Gb29us6ihVlNRqJSDV9opngIasBB8GaUjES+II1/MHV2G/cMaV5FFZhKFk7IL2QdzklYCQv47iSewk/cUbYVbzXB6JUdI9dYA+Q3EgY5ZTnyj7P6QIm+QKu5r1M1i7aE+BF4sxIFs1Q8TKfbieiccBCoIJo3XJsCe2EKOBUsFHajTWThA5Ij7UMDUnAdDuZvDbCx0bp4G6kTIWAJ+rviYQEWg8D33QGBPp63huL/3mtGLoX7YSHMgYW0umibiwwRHicE+5wxSiIoSGEKm5uxbRPFKFg0kybEJz5lxdJ/bTonBVLt6Vs+XIWRwodoiOUQw46R2V0jSqohih6RM/oFb1ZT9aL9W59TFuXrNnMAfoD6+sHn9Wf8A==</latexit>

⇡i+1 ! Opt(r�(s, a), T )

Output the optimal reward function w*



Max Margin Feature Matching in Action

Show videos from Ratliff



Lecture outline

Control as Inference to Derive Q-learning

Control as Inference to Derive Model-Based RL

Why inverse RL? + Problem formulation

IRLv1 – max margin planning



IRL v1 – Why this may not be enough?
<latexit sha1_base64="Xet1sukXQzhel8nyv1Pi+DtN4Yk="></latexit>

min kwk2 + C⇣

s.t wTµ⇡⇤
� wTµ⇡ +D(⇡,⇡⇤)� ⇣, 8⇡ 2 ⇧

Not clear if this is a good way 
to deal with suboptimality

May not be able to deal with scenario where 
true margin is quite small for some policies

Constrained optimization is tough to optimize 
for non-linear functions

What if we had a ”softer” notion of margin?



We have talked about “soft” optimality before!
We derived max-ent RL as maximum likelihood on optimality (lower bound) wrt policy

Can we invert this to do inverse RL with a softer notion of margin?

Control as inference



Let’s revisit the graphical model

<latexit sha1_base64="eK9x+whdgEm6FGH2RnKhkDNYn9Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAFfI2j</latexit>s0
<latexit sha1_base64="tmS9qh1fHLOKCF5YVbEDjZvnALQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAHAI2k</latexit>s1 <latexit sha1_base64="n6/W1KPfxCc6g5FHRqeg8V9bvKI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle92v9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMIhI2l</latexit>s2

<latexit sha1_base64="fHAPDJ1EOjm5YtVk98CJk0xXw3U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDqAY2R</latexit>a0
<latexit sha1_base64="WxkZs5xRs38lJD4l9+FXgHm0HfI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle9qv9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPtCY2T</latexit>a2

<latexit sha1_base64="320VPklRgEWhB8hnnEiRh3xn5cE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDrhY2S</latexit>a1

Uninformed behavior according to 
prior/dynamics

Soft optimal behavior conditioned on 
optimality

We were trying to find given reward 



Inverse RL in CAI graphical model

<latexit sha1_base64="eK9x+whdgEm6FGH2RnKhkDNYn9Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAFfI2j</latexit>s0
<latexit sha1_base64="tmS9qh1fHLOKCF5YVbEDjZvnALQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAHAI2k</latexit>s1 <latexit sha1_base64="n6/W1KPfxCc6g5FHRqeg8V9bvKI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle92v9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMIhI2l</latexit>s2

<latexit sha1_base64="fHAPDJ1EOjm5YtVk98CJk0xXw3U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDqAY2R</latexit>a0
<latexit sha1_base64="WxkZs5xRs38lJD4l9+FXgHm0HfI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle9qv9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPtCY2T</latexit>a2

<latexit sha1_base64="320VPklRgEWhB8hnnEiRh3xn5cE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDrhY2S</latexit>a1

Now we are given (s, a) from optimal, we need to find the reward function that best 
explains the data

à Maximum likelihood estimation!
(Find r, that maximizes the likelihood of (s, a) being produced on observed optimality



Inverse RL in CAI graphical model

<latexit sha1_base64="eK9x+whdgEm6FGH2RnKhkDNYn9Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAFfI2j</latexit>s0
<latexit sha1_base64="tmS9qh1fHLOKCF5YVbEDjZvnALQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAHAI2k</latexit>s1 <latexit sha1_base64="n6/W1KPfxCc6g5FHRqeg8V9bvKI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle92v9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMIhI2l</latexit>s2

<latexit sha1_base64="fHAPDJ1EOjm5YtVk98CJk0xXw3U=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDqAY2R</latexit>a0
<latexit sha1_base64="WxkZs5xRs38lJD4l9+FXgHm0HfI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle9qv9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPtCY2T</latexit>a2

<latexit sha1_base64="320VPklRgEWhB8hnnEiRh3xn5cE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDrhY2S</latexit>a1

à Maximum likelihood estimation!
(Find r, that maximizes the likelihood of (s, a) being produced on observed optimality

(Find optimality CPD that best explains observed data)



Maximum likelihood optimality estimation

Independent of reward

Hard to estimate – partition function (Z)

Difficult to compute analytically, but it’s gradient has a nice form!



Maximum likelihood optimality estimation

Easy to compute Hard to compute 



Maximum likelihood optimality estimation

Easy to compute Hard to compute 



Let’s take the gradient

Notice this is exactly the soft optimality posterior



Let’s take the gradient

Notice this is exactly the soft optimality posterior

Push up gradients along experts Push down gradients along soft optimal 
policy under current reward

Computable, with RL in the inner loop



Ok so what does this mean?

Push up gradients along experts Push down gradients along soft optimal 
policy under current reward

Update on ϕ Update π to optimal using current 𝑟!



Alternative intuition
Why do we even need the margin in the first place?

Unclear how to value one suboptimal trajectory vs other à be maximally uniform!

<latexit sha1_base64="ti2iKrCTP7hqkGhxyub6tNum3jc="></latexit>

max
p(⌧)

H(p(⌧))

s.t Ep(⌧)[�(s, a)] ⇡ E⇡⇤ [�(s, a)]

While matching features

Maximize entropy

<latexit sha1_base64="SHkDhObS34AcxuxXWRy8lcfMlUg="></latexit>

V ⇡⇤

r (s) � V ⇡
r (s) 8⇡, 8s underdefined



IRL v2 – Max-Ent IRL – Put it together

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Linear

Known dynamics

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)

Maximum Entropy
<latexit sha1_base64="hw1cZC5wXXDjVmtns/JCivWQAnI="></latexit>

rwL = E⇡⇤

"
X

t

�t�(st, at)

#

�Epw(⌧)

"
X

t

�t�(s⌧t , a
⌧
t )

#



IRL v2 –Max-Entropy Inverse RL (Pseudocode)

1. Start with a random policy 𝜋0 and weight vector w
2. Find the “soft” optimal policy under w –
3. Take a gradient step on w

4. Repeat

Output the optimal reward function w*

<latexit sha1_base64="fgc8w65wuFyJkSp4T8/tOvmtt9M=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBDiJexKUI9BLx4jmIckIcxOZpMhs7PLTK8SlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXeXH0th0HW/nZXVtfWNzdxWfntnd2+/cHDYMFGiGa+zSEa65VPDpVC8jgIlb8Wa09CXvOmPbqZ+85FrIyJ1j+OYd0M6UCIQjKKVHuLeU6mDNDnrFYpu2Z2BLBMvI0XIUOsVvjr9iCUhV8gkNabtuTF2U6pRMMkn+U5ieEzZiA5421JFQ2666ezgCTm1Sp8EkbalkMzU3xMpDY0Zh77tDCkOzaI3Ff/z2gkGV91UqDhBrth8UZBIghGZfk/6QnOGcmwJZVrYWwkbUk0Z2ozyNgRv8eVl0jgvexflyl2lWL3O4sjBMZxACTy4hCrcQg3qwCCEZ3iFN0c7L8678zFvXXGymSP4A+fzB1EbkBo=</latexit>

pw(⌧)

<latexit sha1_base64="wziQAZe0g0Nu92KKt6OTriYRLlE="></latexit>

rwL = E⇡⇤

"
X

t

�t�(st, at)

#
� Epw(⌧)

"
X

t

�t�(s⌧t , a
⌧
t )

#



Max-Ent IRL in Action

Video of max-ent IRL ziebart



Lecture Outline

Why Imitation? + Problem formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL

IRLv3 – partial policy optimization

IRLv4 – adversarial IRL



Ok but no way this could work?

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Linear

Known dynamics

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)
<latexit sha1_base64="ti2iKrCTP7hqkGhxyub6tNum3jc="></latexit>

max
p(⌧)

H(p(⌧))

s.t Ep(⌧)[�(s, a)] ⇡ E⇡⇤ [�(s, a)]

Maximum Entropy



Linear Rewards à Neural Net Rewards
Max-ent IRL allows us to go from linear rewards to arbitrary neural network rewards

Linear Max-Ent IRL

Can simply replace, w with arbitrary 𝜃 and use autodiff!

…

<latexit sha1_base64="3OPSMHWhasPI47KZnXYin4MiZiU="></latexit>

max
w

E⇡⇤

"
X

t

wT �t�(st, at)

#
� log

Z

⌧

"
exp

 
X

t

wT �t�(st, at)

!#
d⌧

Non-Linear Max-Ent IRL

<latexit sha1_base64="jLj6Id1qVRDqbtpTy+Dw80BQiyw="></latexit>

max
✓

E⇡⇤

"
X

t

�tr✓(st, at)

#
� log

Z

⌧

"
exp

 
X

t

�tr✓(st, at)

!#
d⌧



Avoiding Complete Policy Optimization

What if we only improved the policy a little bit

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)
Assumes dynamics are known so we can just do (fast) planning

Biased!

Requires complete “soft” policy optimization 

What happens when dynamics are unknown!

<latexit sha1_base64="qUphgcjWHxs0/4JVBO0cTuSEUsI="></latexit>

E⇡⇤

"
X

t

�tr✓r✓(st, at)

#

�Epw(⌧)

"
X

t

�tr✓r✓(st, at)

#



Avoiding Complete Policy Optimization
Importance sampling to the rescue!

<latexit sha1_base64="0qXUDxz0XPH3lUnueeBiq0fzgsc="></latexit>

Ep(x) [f(x)] = Eq(x)


p(x)

q(x)
f(x)

�

Can transfer significantly more from iteration to iteration rather than doing full nested optimization

<latexit sha1_base64="qUphgcjWHxs0/4JVBO0cTuSEUsI="></latexit>

E⇡⇤

"
X

t

�tr✓r✓(st, at)

#

�Epw(⌧)

"
X

t

�tr✓r✓(st, at)

#

Importance 
Sampling

<latexit sha1_base64="TJkXzxeFa4qCTctlicWjeDS+XhE=">AAACKnicbVDLSsNAFJ34tr6qLt0MFqEFKYkUdelj47KCtYUmhMn0xg5OHszciCXme9z4K266UIpbP8RpreDrwMDhnHO5c0+QSqHRtkfWzOzc/MLi0nJpZXVtfaO8uXWtk0xxaPFEJqoTMA1SxNBCgRI6qQIWBRLawe352G/fgdIiia9wkIIXsZtYhIIzNJJfPnVDxXjuwn1adXUW+UiV72IfkFW1j/uU+VirFbnbFMZyU/FlGv3BBGqFX67YdXsC+pc4U1IhUzT98tDtJTyLIEYumdZdx07Ry5lCwSUUJTfTkDJ+y26ga2jMItBePjm1oHtG6dEwUebFSCfq94mcRVoPosAkI4Z9/dsbi/953QzDYy8XcZohxPxzUZhJigkd90Z7QgFHOTCEcSXMXynvM9MdmnZLpgTn98l/yfVB3TmsNy4blZOzaR1LZIfskipxyBE5IRekSVqEk0fyTF7Iq/VkDa2R9fYZnbGmM9vkB6z3D7cKp3M=</latexit>

exp(
P

t r✓(st, at))

⇧t⇡✓(at|st)

<latexit sha1_base64="N97E/Lg6PTY9TQRiHY0NznGaXQM="></latexit>

E⇡⇤

"
X

t

�tr✓r✓(st, at)

#

�Eq

"
pw(⌧)

q(⌧)

X

t

�tr✓r✓(st, at)

#



IRLv4 – Guided Cost Learning

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>
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IRLv4 – Guided Cost Learning



Lecture Outline

Why Imitation? + Problem formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL

IRLv3 – partial policy optimization

IRLv4 – adversarial IRL



Connecting Maximum-Entropy RL to GANs
Looks like a game

1. Start with a random policy 𝜋0 and weight vector w
2. Take a step on “soft” optimal policy under w –
3. Take a gradient step on w

4. Repeat

Output the optimal reward function w*
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Recasting GAIL as an IRL method
For a particular parameterization of the discriminator, GAIL recovers a reward

Max-Ent Inverse RL GAIL

With some massaging

GAIL (which is just a GAN), recovers Max-Ent IRL

In practice, often use GAIL and just log D as reward
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Adversarial IRL in Action 



Lecture Outline

Why Imitation? + Problem formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL

IRLv3 – partial policy optimization

IRLv4 – adversarial IRL



Some perspectives on IRL vs Imitation

Imitation Learning Inverse RL

+ simple, easy to implement
+ no additional interaction required
- compounding error
- Multimodality
- generalization

+ potential for generalization
+ can help with covariate shift
- Needs environment access
- Hard to implement/train
- Often works worse from images

Choose depending on the application



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


