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Part 4:
Q-learning



Policy iteration with dynamic programming

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy
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Even simpler dynamic programming

approximates the new value!

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy



What if we don’t know the transition dynamics?

need to know outcomes 
for different actions!

Back to policy iteration…

can fit this using samples



Can we do the “max” trick again?

doesn’t require simulation of actions! 

+ works even for off-policy samples

+ only one network, no high-variance policy gradient

- no convergence guarantees for non-linear function approximation (more on this later)

no policy, compute value directly

can we do this with Q-values also, without knowing the transitions?



“Classic” deep Q-learning algorithm (DQN)

Mnih et al. ‘13



Double Q-learning



DDPG algorithm summary

can improve with clipped double-Q

What are some other 
improvements we learned about?



Non-tabular value function learning

Conclusions:
value iteration converges 
(tabular case)
fitted value iteration does not 
converge
not in general
often not in practice



Part 5:
Variational inference



The variational approximation

Jensen’s inequality



The variational approximation



The variational approximation



Amortized variational inference

how do we calculate this?



Another way to look at it…

this often has a convenient analytical 
form (e.g., KL-divergence for Gaussians)



Conditional models



Relationship to diffusion and flow matching

conditional VAE diffusion or flow

reverse 
(denoising) 
process

forward 
(noising) 
process

diffusion can be thought of 
as a hierarchical VAE



State space models

What is the prior?

What is the decoder?

What is the encoder?

learned

we’ll learn more about this when we 
discuss model-based RL!



Part 6:
Control as inference & IRL



A probabilistic graphical model of decision making
no assumption of optimal behavior!



Backward messages

which actions are likely a priori

(assume uniform for now)



Backward pass summary



Policy computation



Policy computation with value functions



Control via variational inference



The variational lower bound



Backward pass summary - variational



Soft actor-critic
What if we want an actor-critic algorithm with soft optimality?

replay buffer

This is one of the most commonly used 
off-policy actor-critic algorithms! why?



Learning the optimality variable

reward parameters



The IRL partition function



Inverse RL as a GAN

Finn*, Christiano* et al. òA Connection Between Generative Adversarial Networks, Inverse Reinforcement Learning, and Energy-Based Models.ó



Can we just use a regular discriminator?

Ho & Ermon. Generative adversarial imitation learning.

Pros & cons:

+ often simpler to set up optimization, fewer moving parts

- discriminator knows nothing at convergence

- generally cannot reoptimize the òrewardó



Full RL from human feedback algorithm

RL from human feedback:

this looks a lot like logistic regression

this can be incomplete 
optimization



Intermission



Part 7:
Model-based RL



Distributional shift in model-based RL

e.g., “trust region”

1. don’t change the policy too much

Å Use probabilistic, uncertainty-aware model
ÅUse penalty (“pessimism”) in the face of 

model uncertainty

2. stick to places where the model is “confident”



How can we have uncertainty-aware models?

why is this not enough?

Idea 1: use output entropy

what is the variance here?

Two types of uncertainty:

aleatoric or statistical uncertainty

epistemic or model uncertainty

άǘƘŜ ƳƻŘŜƭ ƛǎ ŎŜǊǘŀƛƴ ŀōƻǳǘ ǘƘŜ ŘŀǘŀΣ ōǳǘ ǿŜ ŀǊŜ ƴƻǘ 
ŎŜǊǘŀƛƴ ŀōƻǳǘ ǘƘŜ ƳƻŘŜƭέ



The stochastic open-loop case

why is this suboptimal?



The stochastic closed-loop case



How to plan with uncertainty

distribution over 
deterministic models

Other options: moment matching, more complex posterior estimation 
with BNNs, etc.



Model-Based Acceleration (MBA)
Model-Based Value Expansion (MVE)
Model-Based Policy Optimization (MBPO)

Gu et al. Continuous deep Q-learning with model-based acceleration. ó16

Feinberg et al. Model-based value expansion. ô18

Janner et al. When to trust your model: model-based policy optimization. ó19

+ why is this a good idea?

- why is this a bad idea?



Latent state space models

we are not in partially 
observed setting

What is the prior?

What is the decoder?

What is the encoder?

learned



Part 8:
Offline RL



45

Offline reinforcement learning

on-policy RL off-policy RL

offline reinforcement learning
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Where does it appear for each off-policy RL method?
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Where does it appear for each off-policy RL method?
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Where does it appear for each off-policy RL method?

ratio very far from 1.0 = exploding variance

the answer to counterfactual questions has “high variance” (depends on whether you saw it or not!)

“just don’t go there”

This is an example of a 
policy constraint
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ü Many different methods, similar principles seem to be effective:

use value-based methods (i.e., Q-learning or Q-function actor-critic) somehow fix the distributional shift problem

pessimism (e.g., CQL)policy constraints avoid OOD actions in updates 
(e.g., IQL)

Some principles for offline RL

train the Q-function so that 
it doesn’t overestimate

train the policy so that it 
stays close to data

set up the whole algorithm to 
avoid out-of-sample actions
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Explicit policy constraint methods
How do we implement constraints?

1. Modify the actor objective easy to compute and differentiate 
for Gaussian or categorical policies

Lagrange multiplier

“reverse KL”

“forward KL”

1a

1b

sometimes called [method]+BC (e.g., DDPG+BC, TD3+BC, SAC+BC, etc.)

generally not the best way to fix the problem, but can work well if done right
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Example: BRAC-like algorithm

See: Wu, Tucker, Nachum. Behavior Regularized Offline Reinforcement Learning. `19

dataset
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Example: AC+BC-like algorithm
dataset
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Implicit policy constraint methods

straightforward to 
show via duality

approximate via weighted max likelihood!

samples from dataset critic can be used 
to give us this

Peng*, Kumar*, Levine. Advantage-Weighted Regression. ‘19

See also:
Peters et al. (REPS)
Rawlik et al. (“psi-learning”)
…many follow-ups

Nair, Dalal, Gupta, Levine. Accelerating Online Reinforcement Learning with Offline Datasets. ‘20
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Example: AWAC-like algorithm

Nair, Dalal, Gupta, Levine. Accelerating Online Reinforcement Learning with Offline Datasets. ‘20

dataset

what are possible problems with this approach?

what are the advantages of this approach?
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Implicit Q-learning (IQL)
Q-learning with implicit policy improvement

Now we can do value function updates without ever risking out-of-distribution actions!

Ilya Kostrikov, Ashvin Nair, Sergey Levine. Offline Reinforcement Learning with Implicit Q-Learning. ‘21
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Implicit Q-learning (IQL)

Ilya Kostrikov, Ashvin Nair, Sergey Levine. Offline Reinforcement Learning with Implicit Q-Learning. ‘21

dataset



always pushes Q-values down push up on (s, a) samples in data

Kumar, Zhou, Tucker, Levine. Conservative Q-Learning for Offline Reinforcement Learning. ‘20

Conservative Q-learning (CQL)



offline online
offline online

What’s the problem with offline to online RL?

58

this period wasted recovering 
offline performance

online training starts here (at 50k steps)

underestimating too much here

wasting lots of effort 
recalibrating the value 
function

Different offline RL algorithms have 
different versions of this problem

But it’s very hard to fix this 
completely!

Example: offline to online RL 
with CQL



IDQL: simple offline-to-online RL with diffusion
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why is this good? why is this bad?

Hansen-Estruch, Kostrikov, Janner, Grudzien, Levine. IDQL: Implicit Q -learning as an actor -critic method with diffusion policies.



FQL: actor that stays “close” to diffusion model

60
Park, Li, Levine. Flow Q -learning .

this actor is not a diffusion model! It’s 
just a regular neural net that takes in z

why is this good?



MOPO: Model-Based Offline Policy Optimization

uncertainty penalty

Yu*, Thomas*, Yu, Ermon, Zou, Levine, Finn, Ma. MOPO: Model-Based Offline Policy Optimization. ‘20

See also: Kidambi et al., MOReL : Model-Based Offline Reinforcement Learning. ’20 (concurrent)



Part 9:
Exploration



Optimistic exploration in RL

UCB:

“exploration bonus”

can we use this idea with MDPs?

+ simple addition to any RL algorithm

- need to tune bonus weight



Exploring with pseudo-counts

Bellemare et al. “Unifying Count-Based Exploration…”



Heuristic estimation of counts via errors

low novelty

high novelty

Burda et al. Exploration by random network distillation. 2018.



Part 10:
RL theory
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Let’s prove that value iteration converges

“Bellman optimality operator”
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The setup

Based on RL Theory Textbook. Agarwal, Jiang, Kakade, Sun. https://rltheorybook.github.io & slides by Aviral Kumar

https://rltheorybook.github.io/
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What does this mean?

Based on RL Theory Textbook. Agarwal, Jiang, Kakade, Sun. https://rltheorybook.github.io & slides by Aviral Kumar

more samples = lower error
error grows quadratically in the horizon

each backup “accumulates” error

https://rltheorybook.github.io/
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Some simple implications…

Based on RL Theory Textbook. Agarwal, Jiang, Kakade, Sun. https://rltheorybook.github.io & slides by Aviral Kumar

same policy

https://rltheorybook.github.io/
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Analyzing fitted Q-iteration

Based on RL Theory Textbook. Agarwal, Jiang, Kakade, Sun. https://rltheorybook.github.io & slides by Aviral Kumar

Bellman operator

approximate Bellman operator

Note: these are not models, this is the effect of 
averaging together transitions in the data!

which norm?

“sampling error”

“approximation error”

https://rltheorybook.github.io/
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Putting it together

Based on RL Theory Textbook. Agarwal, Jiang, Kakade, Sun. https://rltheorybook.github.io & slides by Aviral Kumar

“sampling error”

“approximation error”

samplingapproximation

https://rltheorybook.github.io/


73

What does it all mean?

Based on RL Theory Textbook. Agarwal, Jiang, Kakade, Sun. https://rltheorybook.github.io & slides by Aviral Kumar

“sampling error”

“approximation error”

error “compounds” with horizon, over iterations and due to sampling

so far we needed strong (infinity norm) assumptions

more advanced results can be derived with p-norms under some distribution:

https://rltheorybook.github.io/
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