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Part 1:
Improving the policy gradient with values



Recap: policy gradients

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy

“reward to go”



Improving the policy gradient



What about the baseline?



State & state-action value functions

the better this estimate, the lower the variance

unbiased, but high variance single-sample estimate

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy



Part 2:
Policy evaluation



Value function fitting

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy



Policy evaluation

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy



Monte Carlo evaluation with function approximation

the same function should 
fit multiple samples!



Can we do better?



Discount factors

episodic tasks continuous/cyclical tasks



Time-varying vs. time-invariant

we often don’t actually care at which time step the data was collected why?

“transition”

these are just notational conveniences, 
we didn’t actually change anything



Policy evaluation examples

TD-Gammon, Gerald Tesauro 1992 AlphaGo, Silver et al. 2016



Part 3:
A basic actor-critic



A basic actor-critic algorithm

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy



An online actor-critic algorithm

what if we only have one transition?



An online actor-critic algorithm

Example algorithm: A3C

Getting this to work in practice typically 
requires multiple parallel workers



Intermission



Part 4:
On-policy actor-critic
(a.k.a. policy gradient that actually works)



A basic actor-critic algorithm

generate 
samples (i.e. 

run the policy)

fit a model to 
estimate return

improve the 
policy

What do we need to do to make this work in practice?

e.g., GAE (today)

e.g., PPO (more on this later)



Critics and baselines

+ no bias
- higher variance (because single-sample estimate)

+ lower variance (due to critic)

- not unbiased (if the critic is not perfect)

+ no bias

+ lower variance (baseline is closer to rewards)

Exercise: prove that this is still unbiased



Eligibility traces & n-step returns
+ lower variance
- higher bias if value is wrong (it always is)

+ no bias
- higher variance (because single-sample estimate)

Can we combine these two, to control bias/variance tradeoff?



Generalized advantage estimation

Schulman, Moritz, Levine, Jordan, Abbeel ‘16

Do we have to choose just one n?

Cut everywhere all at once!

weighted combination of n-step returns

How to weight? Mostly prefer cutting earlier (less variance) exponential falloff

similar effect as discount!



Policy gradient with GAE

in practice, we typically 
center the advantages

Other good options:

This is the first part of implementing PPO

The other part is a slightly different gradient estimator

can use GAE estimator here too!



Part 5:
Off-policy actor-critic
(a.k.a. actor-critic)



Actor-critic with a replay buffer

replay buffer

This algorithm is broken!

Can you spot the problems?



Key idea: estimate Q-function

why is this wrong?

What if we estimate Q-function instead?

Note that we use the latest policy!



Actor-critic with a replay buffer

replay buffer



Actor-critic with a replay buffer

replay buffer

Is there any remaining problem?



An implementation trick

replay buffer



Reparameterization trick

this is easy to differentiate with any 
autograd library (e.g., PyTorch)

“reparameterized gradient”



Off-policy actor-critic with reparameterization

replay buffer

Example practical algorithm:
Soft actor-critic
• uses a few more tricks for Q-function estimation (we’ll see this in Q-learning lectures)
• uses entropy regularization (we’ll learn about this later)

We’ll also learn about algorithms that do this with deterministic policies later!
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