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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



How should we optimize this objective?
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Gradient Ascent Dynamic Programming Model-Based Optimization

Each method has it’s own +/-



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
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Data collected 
from planner

Planning with Shooting + MPC
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Better than open loop 
planning because of 

feedback



Does it work?

Just 20 minutes of training time with random data!



What might be the issue?

Searching for a needle in a 
haystack by random 

shooting, high variance!

Model Learning

Planning

Data Collection

Maximum likelihood supervised Learning
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Data collected 
from planner

Planning with Shooting + MPC
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Model Based RL – Better Sampling Methods (v1)

Model Learning

Planning

Data Collection

Maximum likelihood supervised Learning
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Data collected 
from planner

Planning with MPPI + MPC
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Better than random 
shooting + MPC, since 

lower variance!

Aside: Can derive this update 
trying to bring sampling 

distribution close to optimal 
distribution



Deriving MPPI from first principles
Let’s consider a nominal action trajectory

And some perturbations to this trajectory

Consider the cost of such a perturbation

What do we want 
à best cost while staying close to 

current sampling distribution 
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Deriving MPPI from first principles

Optimization

Lagrangian

Take gradient and set to 0



Deriving MPPI from first principles

(MPPI weights)



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 v5 à From MPPI to MCTS



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!
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Equation error – 1 step prediction error Simulation error – K step prediction error
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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. …
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p(✓|D) Difficult to estimate directly!
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Directly model posterior distribution

Use variational inference to avoid computing partition function
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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
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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
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Model Based RL – Integrating Uncertainty into MBRL (v2)
Take expected value under the uncertain dynamics 

Low uncertainty

High uncertainty
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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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(ŝjt+1)
i ⇠ p̂✓i(.|(ŝ
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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 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 v5 à From MPPI to MCTS



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
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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
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More expensive/harder at training time, faster at test time



Does this work?



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 v5 à From MPPI to MCTS



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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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="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>

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!



When is reconstruction not ideal?
What if reconstruction captures the wrong information?

Reconstruction may not capture 
decision-relevant information

Reconstruction overindexes on 
pixel accuracy

Large-objects dominate reconstruction objective



Some solutions to avoid reconstruction
Predict “task-relevant” objectives

Predict values/rewards Predict semantics instead of pixels

TD-MPC2, Hansen et al ‘23 SWM, Berg et al ‘25



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 v5 à From MPPI to MCTS



Can we do better than MPPI?

Model Learning

Planning

Data Collection

<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 )
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Can we improve on this planning strategy for discrete action spaces?



Discrete action spaces allow for better data structures
Total number of possible sequences for search - 𝐴 !

Are we wasting computation?

Tree structures can allow you to focus 
your computational effort

Can’t build whole tree, how to approximate?



Monte-Carlo Tree Search
Easy way to approximate tree search for large tree structures, with known/learned models

(https://www.cs.swarthmore.edu/~mitchell/classes/cs63/f20/reading/mcts.html)



Monte-Carlo Tree Search: Selection
Selection aims to find the best path down the tree to the frontier + some exploration
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Monte-Carlo Tree Search: Expansion
Grow the tree by one level

Set Q, N = 0

Updated over time through rollouts



Monte-Carlo Tree Search: Simulation
Tree is too large to construct and keep in memory à Monte-Carlo Approximation!

G
8.4

Run samples with policy and 
approximate value of the remaining tree

Start with random policy 
à Replace with rollouts from π



Monte-Carlo Tree Search: Backpropagation
Go backwards and update every node in the tree

Affects future selection decisions



Does this work? à MuZero (2019)



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 v5 à From MPPI to MCTS



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
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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



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


