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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

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 v0 – Random Shooting + MPC

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 v1 – MPPI
Idea: Iteratively upweight sampling 
distribution around the things that 

are higher returns

Sample trajectories using these 
action sequences with the model  

<latexit sha1_base64="OwkeTYnERLvf9POnK1igeqZhyk0=">AAACHHicbVDJSgNBFOxxjXGLevTSGARFCTMa1GPQi8cIZoFMGN50OkmTnoXuN0IY50O8+CtePCjixYPg39hZBLeChqKqHq9f+bEUGm37w5qZnZtfWMwt5ZdXVtfWCxubdR0livEai2Skmj5oLkXIayhQ8masOAS+5A1/cDHyGzdcaRGF1ziMeTuAXii6ggEaySscu33AVGdeigdORl0tAjqW4sxzsc8R9kq3Xxk8pODhvlco2iV7DPqXOFNSJFNUvcKb24lYEvAQmQStW44dYzsFhYJJnuXdRPMY2AB6vGVoCAHX7XR8XEZ3jdKh3UiZFyIdq98nUgi0Hga+SQaAff3bG4n/ea0Eu2ftVIRxgjxkk0XdRFKM6Kgp2hGKM5RDQ4ApYf5KWR8UMDR95k0Jzu+T/5L6Uck5KZWvysXK+bSOHNkmO2SPOOSUVMglqZIaYeSOPJAn8mzdW4/Wi/U6ic5Y05kt8gPW+yf1VaHm</latexit>

ŝt+1 ⇠ p̂✓(.|ŝt, at)

Sample N action sequences
<latexit sha1_base64="MIVVou5yz1o2YZxsyKpUN/lgN04=">AAACF3icbVDLSgMxFM3UV62vUZdugkVoQcqMFHUjFN24kgp9QR/DnTRt02YeJBmhDP0LN/6KGxeKuNWdf2Om7UJbD4ScnHNvknvckDOpLOvbSK2srq1vpDczW9s7u3vm/kFNBpEgtEoCHoiGC5Jy5tOqYorTRigoeC6ndXd0k/j1ByokC/yKGoe07UHfZz1GQGnJMQs5cKzO8BSDYydbqxsomZwqnWHeiYdX9qRzh1uSeTjMQd4xs1bBmgIvE3tOsmiOsmN+6RtJ5FFfEQ5SNm0rVO0YhGKE00mmFUkaAhlBnzY19cGjsh1P55rgE610cS8QevkKT9XfHTF4Uo49V1d6oAZy0UvE/7xmpHqX7Zj5YaSoT2YP9SKOVYCTkHCXCUoUH2sCRDD9V0wGIIAoHWVGh2AvjrxMamcF+7xQvC9mS9fzONLoCB2jHLLRBSqhW1RGVUTQI3pGr+jNeDJejHfjY1aaMuY9h+gPjM8fZfac+g==</latexit>
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p̂✓

<latexit sha1_base64="Hzfi2RBFptGu3xQtUtWEnefbGyc=">AAACH3icbVDLSgNBEJz1GeMr6tHLYBASkLArQT2KXjxGMCpmw9I76dXB2QczvWpY8ide/BUvHhQRb/6Nk5iDr4KGmqpuprvCTElDrvvhTExOTc/MlubK8wuLS8uVldVTk+ZaYFukKtXnIRhUMsE2SVJ4nmmEOFR4Fl4fDv2zG9RGpskJ9TPsxnCZyEgKICsFlZ2sBnXuK4wItE5v+fDtRxpE4eNdVvNNHgfEdc0EtMUhoHp9UFwMgkrVbbgj8L/EG5MqG6MVVN79XiryGBMSCozpeG5G3QI0SaFwUPZzgxmIa7jEjqUJxGi6xei+Ad+0So9HqbaVEB+p3ycKiI3px6HtjIGuzG9vKP7ndXKK9rqFTLKcMBFfH0W54pTyYVi8JzUKUn1LQGhpd+XiCmw4ZCMt2xC83yf/JafbDW+n0TxuVvcPxnGU2DrbYDXmsV22z45Yi7WZYPfskT2zF+fBeXJenbev1glnPLPGfsD5+ARRiaHv</latexit>

p(a) p(a)
exp(

P
t r(st, at))

Z

Update action sampler by 
upweighting high return actions

Referred to as MPPI, lower variance!



Model Based RL v2 – Uncertainty Aware Models

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

Idea: Estimate when OOD and account for it

Measure uncertainty!

Maximum likelihood models Uncertainty-aware models



Model Based RL v2 – Uncertainty Aware Models

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



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

Control as Inference - Formulation

Variational Inference



What might be the issue?

True Rollout

Predicted Rollout Under Model

Rollouts under learned model != Rollouts under true model

Model bias/compounding error

Why does this happen? à lack of data

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

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

Model is bad on OOD states!



How might we deal with compounding error?
Idea 1: Change the training objective of the model to directly account for this!

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

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

Equation error – 1 step prediction error Simulation error – K step prediction error
<latexit sha1_base64="mW6ueF/KtBuRIVjlIDbzuKm3T98="></latexit>

max
✓

X

t

log p̂✓(st+1|ŝt, at)

ŝt ⇠ p̂✓(.|ŝt�1, at�1)

Model error under learned mode        rather under true model  
<latexit sha1_base64="n1HK9GNuBnmjO1r86yOnYU/cWlg=">AAAB9XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKqMegF48RzAOya5id9GaHzD6Y6VXCkv/w4kERr/6LN//GSbIHTSxoKKq66e7yUyk02va3VVpZXVvfKG9WtrZ3dveq+wdtnWSKQ4snMlFdn2mQIoYWCpTQTRWwyJfQ8Uc3U7/zCEqLJL7HcQpexIaxCARnaKQHN2SYp5O+iyEg61drdt2egS4TpyA1UqDZr365g4RnEcTIJdO659gpejlTKLiEScXNNKSMj9gQeobGLALt5bOrJ/TEKAMaJMpUjHSm/p7IWaT1OPJNZ8Qw1IveVPzP62UYXHm5iNMMIebzRUEmKSZ0GgEdCAUc5dgQxpUwt1IeMsU4mqAqJgRn8eVl0j6rOxf187vzWuO6iKNMjsgxOSUOuSQNckuapEU4UeSZvJI368l6sd6tj3lrySpmDskfWJ8/DC2S4Q==</latexit>

p̂✓

Can be a challenging non-convex optimization!



How might we deal with compounding error?

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

Idea 2: Estimate when OOD and account for it

Measure uncertainty!

Maximum likelihood models Uncertainty-aware models



What is uncertainty?

Alleatoric Uncertainty Epistemic Uncertainty

(environment stochasticity) (Lack of data)

Let’s largely focus on epistemic uncertainty

Easier, can use 
stochastic models

More challenging, need 
to compute posterior



How might we measure uncertainty?

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

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

p(✓|D) Difficult to estimate directly!
<latexit sha1_base64="3RjY8hZO0abDH1hX91HRkZaAEKI="></latexit>

p(✓|D) =
p(D|✓)p(✓)R

p(D|✓0)p(✓0)d✓0

Directly model posterior distribution

Use variational inference to avoid computing partition function
<latexit sha1_base64="t8NhIElp/5+j3kdhyiq01/WBNOc=">AAACQXicbVBNS8NAFNz4bf2qevSyWIR6KYkU9SjqQdCDgq2FJoTNZmsXN5u4+yKUmL/mxX/gzbsXD4p49eKm7UHbDjwYZt6wbydIBNdg26/W1PTM7Nz8wmJpaXllda28vtHUcaooa9BYxKoVEM0El6wBHARrJYqRKBDsJrg7KfybB6Y0j+U19BLmReRW8g6nBIzkl1tuxKWf3Vdd6DIgj25EoEuJyE7z3Ryf+tn5RV6d6JpgWAxOJrm7frli1+w+8DhxhqSChrj0yy9uGNM0YhKoIFq3HTsBLyMKOBUsL7mpZgmhd+SWtQ2VJGLay/oN5HjHKCHuxMqMBNxX/yYyEmndiwKzWRypR71CnOS1U+gcehmXSQpM0sFDnVRgiHFRJw65YhREzxBCFTe3YtolilAwpZdMCc7ol8dJc6/m7NfqV/XK0fGwjgW0hbZRFTnoAB2hM3SJGoiiJ/SGPtCn9Wy9W1/W92B1yhpmNtE/WD+/jFaxbw==</latexit>

min
q(✓|D)

DKL(q(✓|D) || p(✓|D))

Challenge: can be difficult to express rich distributions



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
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

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

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

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

max
✓

E(s,a,s0)⇠D [log p̂✓(s
0|s, a)]

…



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

Low uncertainty

High uncertainty

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

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

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



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

Low uncertainty

High uncertainty

Penalize ensemble variance

Avoids overly OOD settings since these states are explicitly penalized

<latexit sha1_base64="WtQ3dO4bHRiS2g/f9LvM4KqYvJ0="></latexit>
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r((ŝjt )
i, ajt )� �Var((ŝjt )
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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

Control as Inference - Formulation

Variational Inference



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

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



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

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

Control as Inference - Formulation

Variational Inference



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?

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

p⇣(rt|st)
<latexit sha1_base64="fEOOCILPVotfr8KtZ1bWzgiCsPc=">AAACDnicbZC7SgNBFIZnvcZ4W7W0GQyBpAm7ElSsgjaWEcwFsmGZnUySIbM768xZIa55AhtfxcZCEVtrO9/GyaXQxB8GPv5zDmfOH8SCa3Ccb2tpeWV1bT2zkd3c2t7Ztff261omirIalUKqZkA0EzxiNeAgWDNWjISBYI1gcDmuN+6Y0lxGNzCMWTskvYh3OSVgLN/Oe0L2cOx79wxIQfnwcOt7cZ8XtEHpp+45jIpF3845JWcivAjuDHJopqpvf3kdSZOQRUAF0brlOjG0U6KAU8FGWS/RLCZ0QHqsZTAiIdPtdHLOCOeN08FdqcyLAE/c3xMpCbUehoHpDAn09XxtbP5XayXQPWunPIoTYBGdLuomAoPE42xwhytGQQwNEKq4+SumfaIIBZNg1oTgzp+8CPXjkntSKl+Xc5WLWRwZdIiOUAG56BRV0BWqohqi6BE9o1f0Zj1ZL9a79TFtXbJmMwfoj6zPH9ixm/o=</latexit>

log p⇣(rt|q�(st|o1:t))

Learn reward predictor from latent state 

+
<latexit sha1_base64="KIBUPXdFc9jbwGmlyaMi3aNFjHE=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZdFNy5cVLAPmA4lk2ba0EwyJBmhDP0MNy4UcevXuPNvzLSz0NYDgcM595JzT5hwpo3rfjultfWNza3ydmVnd2//oHp41NEyVYS2ieRS9UKsKWeCtg0znPYSRXEcctoNJ7e5332iSjMpHs00oUGMR4JFjGBjJb8fYzMmmGf3s0G15tbdOdAq8QpSgwKtQfWrP5QkjakwhGOtfc9NTJBhZRjhdFbpp5ommEzwiPqWChxTHWTzyDN0ZpUhiqSyTxg0V39vZDjWehqHdjKPqJe9XPzP81MTXQcZE0lqqCCLj6KUIyNRfj8aMkWJ4VNLMFHMZkVkjBUmxrZUsSV4yyevks5F3busNx4ateZNUUcZTuAUzsGDK2jCHbSgDQQkPMMrvDnGeXHenY/FaMkpdo7hD5zPH4PzkWs=</latexit>

L



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

<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



Does this work?



Does this work?

Training from images in < 1 hour!



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
m

ila
r

D
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



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

Control as Inference - Formulation

Variational Inference



Ok, let’s talk about “optimality”
Optimal control problems aim to find the “max” reward policy

No notion of smooth suboptimality 

People are not perfectly rational, “noisily” rational

max
✓

E⌧⇠⇡✓

"
TX

t=0

r(st, at)

#

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

<latexit sha1_base64="csxZjVuCGPjDZ7OLp5Rgh0QFGwI="></latexit>
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Video of someone doing something irrational



Can we think about “soft optimality”?

So how can we properly model suboptimality?

S

G Some mistakes are more important than others

Let’s use probability as a tool to represent “soft optimality”
• Going from deterministic to stochastic policies
• Better reward trajectories are “higher” likelihood
• Probabilistic measure of optimality, rather than an optimization one



Let’s use probabilistic inference as a tool

max
✓

E⌧⇠⇡✓

"
TX

t=0

r(st, at)

#

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

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

arg max
aj
0,a

j
1,...,a

j
T

TX

t=0

r(ŝjt , a
j
t )

ŝjt+1 ⇠ p̂✓(.|ŝjt , a
j
t )

Rather than taking max wrt returns, 
sample proportional to returns

S

G

R = 10
P = 0.1

R = 60
P = 0.65

R = 30
P = 0.25

Sampling Optimization
Soft RL/IRL

Langevin Dynamics



Probabilistic Graphical Models

A
B

C D

E

Convenient way to encode 
joint probability distribution

Encodes probabilities and conditional independences



Probabilistic Graphical Models

A
B

C D

E

Establish conditional independencies via d-
separation (just read the graph)



Probabilistic Graphical Models

So what can you do with a 
probabilistic graphical model?

What does this have to do 
with RL? 

Isn’t RL about maximizing 
expected reward? 

A
B

C D

E

P(B|C, E)

P(A, B|C, E)

Need to “eliminate” variables and use Bayes rule 
à Easy in discrete space, challenging in continuous

Answer posterior 
inference queries



Using Probabilistic Graphical Models for Decision Making

<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

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)



Ok so how can we cast decision making as a PGM?

<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

“Soft” optimality – higher return trajectories are higher likelihood



Ok big whoop, what do we do this?

Use case 1:

Derive soft RL algorithms

Use case 2:

Derive soft inverse RL 
algorithms

Use case 3:

Great algorithms for transfer

<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



So what are we doing inference over?

Use case 1:

Derive soft RL algorithms

<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

Insight: Computing optimal policy à posterior inference

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



So what are we doing inference over?

Use case 1:

Derive soft RL algorithms

<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

Analogues for optimal Q and V

”Likelihood of being optimal in the future at some state, action”



Why isn’t this trivial?

<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

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

Optimal Policy à Posterior Inference

Difficult/intractable to compute
à Most RL algorithms are approximations to this



What makes this so cool?
<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
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Optimal Policy à Posterior Inference

Policy Gradient Approximate DP Model-Based RL

Variational Inference lower bound 
solved with Gradient Ascent

Variational Inference lower bound 
solved with dynamic programming

Posterior Inference Approximated with 
Monte-Carlo Samples

Can derive old algorithms + new classes of algorithms from the same framework!



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

Control as Inference - Formulation

Variational Inference



Why isn’t this trivial?
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“Given that you are acting optimally, what is 
the likelihood of a particular action at a state”

Optimal Policy à Posterior Inference

Difficult/intractable to compute
à Most RL algorithms are approximations to this



Let’s take the simplest possible example

Goal: Infer posterior 𝑝(𝑧|𝑥)

Let us assume 𝑝 𝑥 𝑧 is known, as is 𝑝 𝑧

Challenging to compute efficiently with samples

Standard latent-variable model

Blei et al



So how can we solve this posterior inference problem?

MCMC Variational InferenceEBMs and Score Matching

Goal: Infer posterior 𝑝(𝑧|𝑥)

Let us assume 𝑝 𝑥 𝑧 is known, as is 𝑝 𝑧

Challenging to compute efficiently with samples



So how can we solve this posterior inference problem?

MCMC

Goal: Infer posterior 𝑝(𝑧|𝑥)

Let us assume 𝑝 𝑥 𝑧 is known, as is 𝑝 𝑧

Challenging to compute efficiently with samples

Construct a Markov chain whose stationary distribution = desired distribution

Sample by just running Markov chain forward 



So how can we solve this posterior inference problem?

Goal: Infer posterior 𝑝(𝑧|𝑥)

Let us assume 𝑝 𝑥 𝑧 is known, as is 𝑝 𝑧

Challenging to compute efficiently with samples

Partition function hard to compute à compute score function
EBMs and Score Matching

Known quantities

Can sample using Langevin dynamics à “noisy” gradient descent



So how can we solve this posterior inference problem?

MCMC Variational InferenceEBMs and Score Matching

Goal: Infer posterior 𝑝(𝑧|𝑥)

Let us assume 𝑝 𝑥 𝑧 is known, as is 𝑝 𝑧

Challenging to compute efficiently with samples



What is the key idea behind variational inference?

Approximate challenging posterior with closest possible “tractable” posterior

Intractable!



Let’s derive the Evidence Lower Bound

Intractable!

Introduce a “tractable” approximatino 𝑞(𝑧|𝑥)
e.g. Gaussian

Can choose whatever variational family you want
à it’s an approximation! 🤷

Known

Unknown

How can we tractably approximate this objective?



Let’s derive the Evidence Lower Bound

Intractable! Known

Unknown



Let’s derive the Evidence Lower Bound

Intractable! Known

Unknown

View 1: Find best posterior View 2: Maximize marginal likelihood



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



Evidence Lower Bound: Max Marginal Likelihood

Intractable!

View 2: Maximize marginal likelihood

Evidence lower bound – maximize to maximize likelihood

Likelihood unknown and posterior hard to compute

Learned



Aside: Connection to Variational Autoencoders
Popular technique for generative modeling – variational autoencoders

Kingma et al

Encoder 𝑞(𝑧|𝑥) Decoder p(𝑧|𝑥) Prior p(𝑧)

Reconstruction Prior Matching

This is one specific instantiation where encoder and decoder 
are both learned, goal is to sample from multimodal p(x)



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



Lets revisit our original inference problem in control
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<latexit sha1_base64="320VPklRgEWhB8hnnEiRh3xn5cE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDrhY2S</latexit>a1
Variational 
Inference

Next lecture –
derive ELBO and work out how to compute

Policy gradient/Actor-Critic



Class Structure
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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


