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Part 1:
Target networks



From last time

replay buffer



What’s wrong?

replay buffer

Q-learning is not gradient descent!

no gradient through target value



Q-learning and regression

replay buffer

one gradient step, moving target 

perfectly well-defined, stable regression

this doesn’t change during 
“inner” regression SGD loop



Q-learning with target networks

replay buffer

targets only change every 10,000 steps

why is this good?

why is this bad?



“Classic” deep Q-learning algorithm (DQN)

Mnih et al. ‘13 You’ll implement this in HW3!



Alternative target network

Intuition:
get target from here no lag here

maximal lag

Feels weirdly uneven, can we always have the same lag?

Popular alternative (similar to Polyak averaging):



Part 2:
More efficient Q-learning



The general view

dataset of transitions
(“replay buffer”)

target 
parameters

current 
parameters



A more general view

• Online Q-learning (last lecture): evict immediately, process 1, process 
2, and process 3 all run at the same speed

• DQN: process 1 and process 3 run at the same speed, process 2 is 
slow

• Fitted Q-iteration: process 3 in the inner loop of process 2, which is in 
the inner loop of process 1

dataset of transitions
(“replay buffer”)

target 
parameters

current 
parameters



Which settings make it more efficient?

sometimes called “update-to-date” (UTD) ratio

higher UTD = fast learning (but costs more compute)

too high UTD = “overfitting” (we’ll learn about this in the offline RL lectures!)



Value propagation

S +1

why is this good?

why is this bad?



Part 3:
Overestimation in Q-learning



Are the Q-values accurate?

As predicted Q 
increases, so 
does the return



Are the Q-values accurate?



Overestimation in Q-learning



Double Q-learning



Double Q-learning in practice



Generalized double Q-learning

could be anything, including another actor!

less common with Q-learning, but very 
often used with Q-function actor-critic



Simple practical tips for Q-learning

• Q-learning takes some care to stabilize
• Test on easy, reliable tasks first, make sure your implementation is correct

• Large replay buffers help improve stability
• Looks more like fitted Q-iteration

• It takes time, be patient – might be no better than random for a 
while

• Start with high exploration (epsilon) and gradually reduce

Slide partly borrowed from J. Schulman



Advanced tips for Q-learning

• Bellman error gradients can be big; clip gradients or use Huber 
loss

• Double Q-learning helps a lot in practice, simple and no 
downsides

• N-step returns also help a lot, but have some downsides

• Schedule exploration (high to low) and learning rates (high to 
low), Adam optimizer can help too

• Run multiple random seeds, it’s very inconsistent between 
runs

Slide partly borrowed from J. Schulman



Intermission



Part 4:
Back to continuous actions



Q-learning with continuous actions

What’s the problem with continuous actions?

this max

this max

How do we perform the max?

particularly problematic (inner loop of training)

Option 1: optimization

• gradient based optimization (e.g., SGD) a bit slow 
in the inner loop

• action space typically low-dimensional – what 
about stochastic optimization?



Q-learning with stochastic optimization

Simple solution:
+ dead simple

+ efficiently parallelizable

- not very accurate

but… do we care? How good does the target need to be anyway?

More accurate solution:

• cross-entropy method (CEM)
• simple iterative stochastic optimization

• CMA-ES
• substantially less simple iterative stochastic optimization

works OK, for up to about 40 
dimensions

very popular as an improvement to 
actor-critic methods in offline RL

sometimes called sample and rank 
or rejection sampling



Q-learning with continuous actions

Option 2: learn an approximate maximizer

DDPG
“deterministic” actor-critic 
= approximate Q-learning

very similar to reparameterized 
gradient that we learned about before!

so actor-critic and Q-learning are not that different!



DDPG algorithm summary

can improve with clipped double-Q

What are some other 
improvements we learned about?



Part 5:
A little bit of theory



Value function learning theory
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Value function learning theory
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Non-tabular value function learning



Non-tabular value function learning

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



What about fitted Q-iteration?

Applies also to online Q-learning



A sad corollary

An aside regarding terminology



What does this mean?

• Fitted value-based methods (Q-learning, Q-function actor-critic) are 
often a bit unstable
• In practice it means that value functions might not converge

• Explains why more hyperparameter tuning is often needed

• There are tricks that make the problem “less bad”
• Target networks really help!

• Replay buffers really help!

• More room for developing new more stable algorithms, and better 
understanding the existing ones!
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