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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



Previous 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

The Anatomy of Model-Based Reinforcement Learning



Model Based RL – A template

Model Learning

Planning

Data Collection



Model Based RL – Naïve Algorithm (v0)

Model Learning

Planning

Data Collection

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

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

Data collected 
from planner

Planning with Shooting + MPC

<latexit sha1_base64="csxZjVuCGPjDZ7OLp5Rgh0QFGwI="></latexit>
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Better than open loop 
planning because of 

feedback



Model Based RL – Better Sampling Methods (v1)

Model Learning

Planning

Data Collection

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

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

Data collected 
from planner

Planning with MPPI + MPC
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p(a) p(a)
exp(

P
t r(st, at))

Z

Better than random 
shooting + MPC, since 

lower variance!

Aside: Can derive this update 
trying to bring sampling 

distribution close to optimal 
distribution



What is uncertainty?

Alleatoric Uncertainty Epistemic Uncertainty

(environment stochasticity) (Lack of data)

Let’s largely focus on epistemic uncertainty

Easier, can use 
stochastic models

More challenging, need 
to compute posterior



How might we measure uncertainty?

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

Learn an ensemble of models

<latexit sha1_base64="znX830fpcXRbMC6p3EjBNNliOEE=">AAAB/nicbVDLSsNAFJ34rPUVFVduBotQNyWRoi6LunBZwT6gKWUynbRDJ5MwcyOUWPBX3LhQxK3f4c6/cdJmoa0HBg7n3Ms9c/xYcA2O820tLa+srq0XNoqbW9s7u/beflNHiaKsQSMRqbZPNBNcsgZwEKwdK0ZCX7CWP7rO/NYDU5pH8h7GMeuGZCB5wCkBI/Xsw7jswZABefRCAkNKRHozOe3ZJafiTIEXiZuTEspR79lfXj+iScgkUEG07rhODN2UKOBUsEnRSzSLCR2RAesYKknIdDedxp/gE6P0cRAp8yTgqfp7IyWh1uPQN5NZRj3vZeJ/XieB4LKbchknwCSdHQoSgSHCWRe4zxWjIMaGEKq4yYrpkChCwTRWNCW4819eJM2zinteqd5VS7WrvI4COkLHqIxcdIFq6BbVUQNRlKJn9IrerCfrxXq3PmajS1a+c4D+wPr8ATPOlac=</latexit>

p(✓|D) Difficult to estimate directly!

Approximate posteriorLow data regime à high ensemble variance

Easier and more expressive than BNNs!



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

Learn ensembles by either subsampling the data or having different initializations

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

max
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E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]
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…



Lecture Outline

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

Inverse RL Problem Formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL



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

Low uncertainty

High uncertainty

<latexit sha1_base64="sv5OkxeLH0Fn3oGM5BkOpQLYR/0="></latexit>
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Expected value over ensemble

Can also swap which ensemble 
element is propagated at every step 
or just pick randomly amongst them

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



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

Low uncertainty

High uncertainty

Penalize ensemble variance

Avoids overly OOD settings since these states are explicitly penalized
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Does this work?



How might we deal with compounding error?
Idea 3: Cast this as an imitation learning problem

Reuse ideas from DAgger!

Compounding error
Synthetically generative 

corrective labels 

Can help to correct model predictions with “feedback”

Can run into issues if the synthetic labels conflict with true data



Lecture Outline

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

Inverse RL Problem Formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL



What might be the issue?

Huge number of samples 
needed to reduce variance

Extremely slow, hard to run in real time
s

a

Amortize planning 
into a policy



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

max
✓

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

policy optimization

Can use PG or off-policy!



Generating Data for Policy Optimization

Policy OptimizationLearn models
Add Fake Sampled 

Data to Buffer

Train time

Test time
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Rollout in environment
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What matters in generating data from models?

Long horizon rollouts can deviate Short horizon rollouts deviate far less

Balance between off-policy coverage and compounding error

More at https://arxiv.org/abs/1906.08253



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

Model Learning

Generate Data

Data Collection
Maximum likelihood supervised Learning

<latexit sha1_base64="2/5FhzJR3AvetsaG0d4b9DLdo8c="></latexit>
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More expensive/harder at training time, faster at test time



Does this work?



Lecture Outline

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

Inverse RL Problem Formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL



What about images?

State based domains Image based domains



Why is learning from images hard?

Long horizon predictions in video space can be challenging!

Generative modeling is videos, challenging to model multimodal correlated predictions

Partially observable!



Model Based RL – Latent Space Models for Image Based RL (v4)

Fully observed – Markovian case Partially observed – Non-Markovian case

If we can infer latent state and learn dynamics, 
then we can plan in a much smaller space

How do we infer latent state and learn dynamics in this space?
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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

<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



How do we train latent space models? 
Learn latent encoder to infer latent state from observations

Learn latent decoder to reconstruct observations

Learn action conditioned latent transition 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="qG9mZVVPtFo7ZTNQk1a/R8SDp3w=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2g9ol5JNs21oNlmSrFCW/gQvHhTx6i/y5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJKPdpKwICZDySNOiXXSg+p7/XLFq3pz4FXi56QCORr98ldvoGgaM2mpIMZ0fS+xQUa05VSwaamXGpYQOiZD1nVUkpiZIJufOsVnThngSGlX0uK5+nsiI7Exkzh0nTGxI7PszcT/vG5qo+sg4zJJLZN0sShKBbYKz/7GA64ZtWLiCKGau1sxHRFNqHXplFwI/vLLq6R1UfUvq7X7WqV+k8dRhBM4hXPw4QrqcAcNaAKFITzDK7whgV7QO/pYtBZQPnMMf4A+fwD/VY2f</latexit>o0
<latexit sha1_base64="ahaNgsmAq1yKTVkcYvW9FwytZSw=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2g9ol5JNs21oNlmSrFCW/gQvHhTx6i/y5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJKPdpKwICZDySNOiXXSg+r7/XLFq3pz4FXi56QCORr98ldvoGgaM2mpIMZ0fS+xQUa05VSwaamXGpYQOiZD1nVUkpiZIJufOsVnThngSGlX0uK5+nsiI7Exkzh0nTGxI7PszcT/vG5qo+sg4zJJLZN0sShKBbYKz/7GA64ZtWLiCKGau1sxHRFNqHXplFwI/vLLq6R1UfUvq7X7WqV+k8dRhBM4hXPw4QrqcAcNaAKFITzDK7whgV7QO/pYtBZQPnMMf4A+fwAA6I2g</latexit>o1

<latexit sha1_base64="05cyP/VQUxlxbyGI57HGndoS9Kc=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqeyWoh6LXjxWtLXQLiWbZtvQbLIkWaEs/QlePCji1V/kzX9j2u5BWx8MPN6bYWZemAhurOd9o8La+sbmVnG7tLO7t39QPjxqG5VqylpUCaU7ITFMcMlallvBOolmJA4FewzHNzP/8Ylpw5V8sJOEBTEZSh5xSqyT7lW/1i9XvKo3B14lfk4qkKPZL3/1BoqmMZOWCmJM1/cSG2REW04Fm5Z6qWEJoWMyZF1HJYmZCbL5qVN85pQBjpR2JS2eq78nMhIbM4lD1xkTOzLL3kz8z+umNroKMi6T1DJJF4uiVGCr8OxvPOCaUSsmjhCqubsV0xHRhFqXTsmF4C+/vEratap/Ua3f1SuN6zyOIpzAKZyDD5fQgFtoQgsoDOEZXuENCfSC3tHHorWA8plj+AP0+QMCbI2h</latexit>o2

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

<latexit sha1_base64="oNrAHjxkAQhrZjRqYKEdD+0cGGg=">AAAB/HicbVDLSsNAFJ3UV62vaJduBotQNyWRouKq6MZlBfuANoTJdNIOnTycuRFCrL/ixoUibv0Qd/6N0zYLbT1w4XDOvdx7jxcLrsCyvo3Cyura+kZxs7S1vbO7Z+4ftFWUSMpaNBKR7HpEMcFD1gIOgnVjyUjgCdbxxtdTv/PApOJReAdpzJyADEPuc0pAS65Zvnf78YhXlQuPkZvZlzA5cc2KVbNmwMvEzkkF5Wi65ld/ENEkYCFQQZTq2VYMTkYkcCrYpNRPFIsJHZMh62kakoApJ5sdP8HHWhlgP5K6QsAz9fdERgKl0sDTnQGBkVr0puJ/Xi8B/8LJeBgnwEI6X+QnAkOEp0ngAZeMgkg1IVRyfSumIyIJBZ1XSYdgL768TNqnNfusVr+tVxpXeRxFdIiOUBXZ6Bw10A1qohaiKEXP6BW9GU/Gi/FufMxbC0Y+U0Z/YHz+AFwqlJc=</latexit>

q�(st|o1:t)

<latexit sha1_base64="CoQ8dRznVEqjjneIsYpOje8wxpo=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEI9VISKeqx6MVjBfsBbQib7aZdusmG3YlQY3+JFw+KePWnePPfuG1z0NYHA4/3ZpiZFySCa3Ccb6uwtr6xuVXcLu3s7u2X7YPDtpapoqxFpZCqGxDNBI9ZCzgI1k0UI1EgWCcY38z8zgNTmsv4HiYJ8yIyjHnIKQEj+XY58fuJ5lXpw5P24cy3K07NmQOvEjcnFZSj6dtf/YGkacRioIJo3XOdBLyMKOBUsGmpn2qWEDomQ9YzNCYR0142P3yKT40ywKFUpmLAc/X3REYirSdRYDojAiO97M3E/7xeCuGVl/E4SYHFdLEoTAUGiWcp4AFXjIKYGEKo4uZWTEdEEQomq5IJwV1+eZW0z2vuRa1+V680rvM4iugYnaAqctElaqBb1EQtRFGKntErerMerRfr3fpYtBasfOYI/YH1+QOjg5MW</latexit>

p (ot|st)

<latexit sha1_base64="OuapOHDoYQ5Kw0dfcx8k8sAIwew=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL4tFqCglkaIei148VrAf0Iaw2W7bxc0m7E6EEuvFv+LFgyJe/Rfe/Ddu2xy09cHA470ZZuYFseAaHOfbyi0sLi2v5FcLa+sbm1v29k5DR4mirE4jEalWQDQTXLI6cBCsFStGwkCwZnB3Nfab90xpHslbGMbMC0lf8h6nBIzk23ux32FAStpP4dgdPWgfTjDx4ci3i07ZmQDPEzcjRZSh5ttfnW5Ek5BJoIJo3XadGLyUKOBUsFGhk2gWE3pH+qxtqCQh0146+WCED43Sxb1ImZKAJ+rviZSEWg/DwHSGBAZ61huL/3ntBHoXXsplnACTdLqolwgMER7HgbtcMQpiaAihiptbMR0QRSiY0AomBHf25XnSOC27Z+XKTaVYvcziyKN9dIBKyEXnqIquUQ3VEUWP6Bm9ojfryXqx3q2PaWvOymZ20R9Ynz9j5pY2</latexit>

p⌘(st+1|st, at)

<latexit sha1_base64="TT2SAX0k6STtG6wIOw0urMuUpjA=">AAAB/XicbVDLSsNAFJ34rPUVHzs3g0Wom5JIUZdFNy4r2Ac0IUym03boJBNmboQai7/ixoUibv0Pd/6N0zYLbT1w4XDOvdx7T5gIrsFxvq2l5ZXVtfXCRnFza3tn197bb2qZKsoaVAqp2iHRTPCYNYCDYO1EMRKFgrXC4fXEb90zpbmM72CUMD8i/Zj3OCVgpMA+9ITs4yTwEs3LMoBHHcBpYJecijMFXiRuTkooRz2wv7yupGnEYqCCaN1xnQT8jCjgVLBx0Us1Swgdkj7rGBqTiGk/m14/xidG6eKeVKZiwFP190RGIq1HUWg6IwIDPe9NxP+8Tgq9Sz/jcZICi+lsUS8VGCSeRIG7XDEKYmQIoYqbWzEdEEUomMCKJgR3/uVF0jyruOeV6m21VLvK4yigI3SMyshFF6iGblAdNRBFD+gZvaI368l6sd6tj1nrkpXPHKA/sD5/AB+BlQY=</latexit>

log p (ot|st)

<latexit sha1_base64="1JlccrVJrfWulYUv0JzA4xGU8ZA=">AAACKnicbZDLSsNAFIYnXmu9RV26GSxCi1ISKSquvGxcVrAqNCVMptN26CQTZ06EEvs8bnwVNy4UceuDOGkj1OqBgY//P4cz5w9iwTU4zoc1Mzs3v7BYWCour6yurdsbmzdaJoqyBpVCqruAaCZ4xBrAQbC7WDESBoLdBv2LzL99YEpzGV3DIGatkHQj3uGUgJF8+8wTsotj32NAyve+F/d4Wfsp7LnDR+mn7klGlccJ50cfVvYx8aHi2yWn6owK/wU3hxLKq+7br15b0iRkEVBBtG66TgytlCjgVLBh0Us0iwntky5rGoxIyHQrHZ06xLtGaeOOVOZFgEfq5ERKQq0HYWA6QwI9Pe1l4n9eM4HOcSvlUZwAi+h4UScRGCTOcsNtrhgFMTBAqOLmr5j2iCIUTLpFE4I7ffJfuDmouofV2lWtdHqex1FA22gHlZGLjtApukR11EAUPaEX9IberWfr1fqwPsetM1Y+s4V+lfX1DWXypqA=</latexit>

log p⌘(q�(st+1|o1:t+1)|q�(st|o1:t), at)

Can derive the whole thing from first principles using variational inference!

<latexit sha1_base64="vyhDTNSPKlpQEpawYMiqq10ZGbk=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkoiRT0WvXisYD+gDWGz3bRLN5uwOynU2H/ixYMiXv0n3vw3btsctPXBwOO9GWbmBYngGhzn2yqsrW9sbhW3Szu7e/sH9uFRS8epoqxJYxGrTkA0E1yyJnAQrJMoRqJAsHYwup357TFTmsfyASYJ8yIykDzklICRfNtO/N4jA1JRPjxpH859u+xUnTnwKnFzUkY5Gr791evHNI2YBCqI1l3XScDLiAJOBZuWeqlmCaEjMmBdQyWJmPay+eVTfGaUPg5jZUoCnqu/JzISaT2JAtMZERjqZW8m/ud1UwivvYzLJAUm6WJRmAoMMZ7FgPtcMQpiYgihiptbMR0SRSiYsEomBHf55VXSuqi6l9Xafa1cv8njKKITdIoqyEVXqI7uUAM1EUVj9Ixe0ZuVWS/Wu/WxaC1Y+cwx+gPr8wdxHpOL</latexit>
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log p⇣(rt|q�(st|o1:t))

Learn reward predictor from latent state 

+
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How do we use latent space models? 

Encode

Plan Apply any of the methods from this 
lecture, just in latent space!

1. Avoids predicting image frames at 
planning time

2. Scales much better than image 
prediction

3. Allows for longer horizon predictions
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Does this work?



Does this work?

Training from images in < 1 hour!



Lecture Outline

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

Inverse RL Problem Formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL



Why should you care?

Transfer/Adaptive Efficiency Simplicity

Model based RL may be a much more practical path to real world robotics

Likely to be the most future proof one!



Are models really that different than Q-functions?

Models Q-functions

Si
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iff

er
en

t

1. Off-policy
2. Models the future

1. 1-step modeling
2. Models states
3. Can evaluate arbitrary policies
4. Parametric storage of training data

1. Cumulative modeling
2. Models returns
3. Can evaluate only policy 𝜋
4. Non-parametric storage of data

Very different than PG methods à on-policy, models current given future



Ok let’s switch gears to inverse reinforcement 
learning



Let’s revisit the premise of reinforcement learning

max
✓

E⌧⇠⇡✓

"
TX

t=0

r(st, at)

#
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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?



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

<latexit sha1_base64="kKuyCdMxFBpsXrwJux4dPMv+ZEQ="></latexit>
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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

Use human provided data to infer a reward function 

<latexit sha1_base64="rCCI4DRh7z/4+S6cwkLqWEe4znA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00Et4v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBSq43W</latexit>⇡Imitation Learning Inverse RL



How can we learn rewards?
We must make some assumptions on the expert provided data

Experts are assumed to be “noisily” optimal
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DKL(⇡ || ⇡⇤)  ✏



Why is this “inverse” reinforcement learning?

Is this well defined?

RL: Rewards generate trajectories IRL: Expert trajectories generate rewards
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<latexit sha1_base64="8y813grx7CoNoJhYnIOW1hw3A0Y=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoMgHsKuBPUY9OIxgnlAsobZyWwyZnZ2mekVwpJ/8OJBEa/+jzf/xsnjoIkFDUVVN91dQSKFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYeJUM15nsYx1K6CGS6F4HQVK3ko0p1EgeTMY3kz85hPXRsTqHkcJ9yPaVyIUjKKVGh2k6cNZt1hyy+4UZJl4c1KCOWrd4lenF7M04gqZpMa0PTdBP6MaBZN8XOikhieUDWmfty1VNOLGz6bXjsmJVXokjLUthWSq/p7IaGTMKApsZ0RxYBa9ifif104xvPIzoZIUuWKzRWEqCcZk8jrpCc0ZypEllGlhbyVsQDVlaAMq2BC8xZeXSeO87F2UK3eVUvV6HkcejuAYTsGDS6jCLdSgDgwe4Rle4c2JnRfn3fmYteac+cwh/IHz+QM/yo7t</latexit>

⌧⇤
<latexit sha1_base64="dNaRbtHUcByh+nWByrC7ShFQ0BQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpuqXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4A+M/w==</latexit>r

<latexit sha1_base64="dNaRbtHUcByh+nWByrC7ShFQ0BQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpuqXK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSvqh6l9Vas1ap3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4A+M/w==</latexit>r



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)



Lecture Outline

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

Inverse RL Problem Formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL



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

https://cs229.stanford.edu/lectures-spring2022/main_notes.pdf



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

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

Inverse RL Problem Formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL



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

Can we do better?



Aside: Feature Matching 
Instead of focusing on the reward function, focus on the feature expectations

=> If average feature expectations are close, then values are close 

Abbeel, Ng ‘04



Intuition on Feature Matching
Let’s provide some intuition

Features - distance to object
end effector position

object orientation
….

Matching features probably means that 
behavior is roughly similar 



From max margin to max-ent IRL
Two key ideas in maximum-entropy IRL: 

1. Prefer good trajectories
2. Weight other trajectories equally to deal with ambiguity

Feature matching

Maximum entropy
Notation:

Trajectory distribution –
Feature expectations:

Policy

Expert

Match features

Be a probability

Max-entropy



Let’s simplify

Match features

Be a probability

Max-entropy

Set up the Lagrangian

Solve wrt p

Solve wrt w, λ

Connect the dots!



Let’s simplify – solve for p
Set up the Lagrangian

Solve wrt p

Intuition: p(τ) is proportional to the exponential reward of a trajectory wT 𝜇(𝜏)



Let’s simplify – solve for 𝜆

Z



Ok – let’s unpack what we have so far

Match features

Be a probability

Max-entropy

Solve wrt p

Solve wrt λ

Objective reduces to 

Solve wrt𝑤 Find reward function!



Turns out this has nice intuitive properties

Match features

Be a probability

Max-entropy

Objective reduces to 

S

G

R = 10
P = 0.1

R = 60
P = 0.65

R = 30
P = 0.25

Maximum likelihood with 
exponential family

Intuition: trajectories are chosen proportional to their reward



Turns out this has nice intuitive properties

Match features

Be a probability

Max-entropy

S

G

R = 10
P = 0.1

R = 60
P = 0.65

R = 30
P = 0.25

Maximum likelihood with 
exponential family

Intuition: trajectories are chosen proportional to their reward

Let’s solve with gradient descent! Has a nice tractable form

Hard to estimate



Maximum likelihood estimation of w

Painful to estimate log integralGradient has a much nicer form

Push up on data Push down on policy

Soft optimal policy for



IRLv2 – Maximum Entropy Inverse RL

Update 
reward w

Solve π to soft-optimal on current 𝑟!

Push up on data Push down on policy

Soft optimal policy for



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

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

Inverse RL Problem Formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL



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


