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Announcements

• Read Chapter 13 for next week. Policy-based RL!


• Upcoming dates:


• Literature survey due next week: October 23


• Exam: October 29
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Learning Outcomes

After this week, you will be able to:


1. Describe key benefits and challenges of using neural networks as 
function approximators in RL.


2. Describe how deep learning techniques are used within RL environments.


3. Implement key deep RL techniques such as target networks and 
experience replay.
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Neural Network Training in RL
• Semi-Gradient Q-learning:


• 


• The parameter, , is all weights and biases of the neural network.


• Backpropagation algorithm: use chain rule of calculus to derive gradient of 
network outputs with respect to each weights or bias of the network.


• Adjust each weight in proportion to gradient of output times TD-error.

wt+1 ← wt + α(Rt+1 + γ max
a′￼

̂q(St+1, a′￼, wt) − ̂q(St, At, wt))∇ ̂q(St, Atwt)

wt
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DQN Overview

• Single algorithm, neural network architecture, and hyper-parameter setting 
that played 49 Atari video games at human-level.


• Training and evaluation is independent for each game.


• The final neural network from training on “Breakout” cannot play 
“Pong.”


• Landmark result for deep reinforcement learning.
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DQN Architecture
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Pre-processing

• Large RGB images take a lot of memory.


• Solution: downsample and turn the image to greyscale.


• Images are non-Markovian observations of state.


• Solution: frame-stacking, i.e., concatenate past four frames together. 


• The agent repeats the same action for four consecutive frames and then 
can choose a new action.
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Recurrent Neural Networks
• Recurrent neural networks update a hidden 

state that is an input to computations at the 
next time-step.


• Allows networks to remember previously seen 
inputs when computing future outputs.


• In RL, provides a method to learn a Markov 
state.


• Alternative to frame-stacking.

Deep Recurrent Q-Learning for Partially Observable MDPs. Hausknecht and Stone. 2015.
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Experience Replay
• The basic semi-gradient Q-learning algorithm processes  

transitions as they are experienced and then discards them.


• Experience replay: keep around the most recent transitions (in DQN, the 
past 1 million) and use a random subset to update the action-value 
function.


• Uses samples multiple times.


• Reduces correlation between samples.


• Other choices besides random subset can improve performance.

(s, a, s′￼, r)

Prioritized Experience Replay. Schaul et al. 2015.
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Target Networks

• The basic semi-gradient Q-learning algorithm always uses the most recent 
parameters to form the training target 


• DQN uses a separate target network to compute .


• The target network is infrequently updated by setting the target network 
parameters to be the same as the main network’s parameters.


• Makes the learning target more stable as in supervised learning.

Rt+1 + γ max
a′￼

̂q(St+1, a′￼, w)

γ max
a′￼

̂q(St+1, a′￼, w̃)
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Reward clipping

• Different Atari games have different reward magnitudes.


• Why is this a challenge?


• Hard to tune a step-size that works across all games.


• Solution: clip rewards to be between -1 and 1.
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DQN Architecture
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Overall Algorithm

Background 
planning

Simple exploration

Semi-gradient 
learning

The Phenomenom of Policy Churn: https://arxiv.org/pdf/2206.00730
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DQN Results
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Looking Forward

• DQN launched a surge of interest in 
deep reinforcement learning that has led 
to many exciting new applications and 
RL developments.


• DQN is widely used in practice though 
many improvements have been made.

https://www.deepmind.com/blog/agent57-outperforming-the-human-atari-benchmark
Rainbow: Combining Improvements in Deep Reinforcement Learning. Hessel et al. 2018.



Josiah Hanna, University of Wisconsin — Madison

Dinesh’s Presentation

A Distributional Perspective on Deep RL 

Bellemare et al. 2017 

• Slides

https://docs.google.com/presentation/d/1KWMWzbIYiATnztqNDsUSLnuUS1TkP0fsY4I4WlQatII/edit?slide=id.p1#slide=id.p1


Josiah Hanna, University of Wisconsin — Madison

Q-Learning for Continuous Actions

• The max over the action space is difficult to compute when actions take on 
real-values. Why?


• One idea: use optimization to find the best action.


• Examples: cross-entropy method, gradient ascent


• But can be slow.


• Another idea: discretize the action space.


• Sometimes works but loses precision in control.

qk+1(St, At) ← qk(St, At) + α[Rt+1 + γ max
a′￼

qk(St+1, a′￼) − qk(St, At)]

QT-Opt: Scalable Deep Reinforcement 
Learning for Vision-Based Robotic 
Manipulation
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Deterministic Actor-Critic

• Final idea: learn a policy (often a neural network) that outputs the 
maximizing action.


• .


• Learn  such that .


• 


• Actor: the policy .


• Critic: the action-value function, trained with TD-learning to estimate .

μθ(s) → a

θ qk(s, μθ(s)) ≈ max
a

qk(s, a)

θt+1 ← θt + α∇θqk(s, μθ(s))

μθ

qμθ

qk+1(St, At) ← qk(St, At) + α[Rt+1 + γ max
a′￼

qk(St+1, a′￼) − qk(St, At)]

Derivative algorithms: DDPG, TD3, Soft actor-critic

∇θqK(s, μθ(s)) = ∇aqk(s, a)∇θ μθ(s) |a=μθ(s)



Josiah Hanna, University of Wisconsin — Madison

Deep Deterministic Policy Gradient

Continuous Control with Deep Reinforcement Learning. Lillicrap et al. 2016.
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Scaling with Loss Representation 
• DQN used an MSE loss — essentially regression against the 

Bellman target, .


• Alternative classification formulation:


•  vs. 




• Scalar prediction: 

Rt+1 + γ max
a′￼

q(St+1, a′￼)

L𝙼𝚂𝙴(x, y, θ) = (yθ(x) − y)2

L𝙲𝙴(x, y, θ) =
n

∑
k=1

py(zk |x)log pθ(zk |x)

̂y =
n

∑
k=1

zkpθ(zk |x)

Figures from Investigating the Histogram Loss in Regression. Imani et al. 2024 
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Scaling with Loss Representation 

Figures from Stop Regressing: Training Value Functions via Classification for Scalable Deep RL. Farebrother et al. 2024 
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Summary

• Deep reinforcement learning is not just deep learning + RL.


• It’s often deep learning + RL + new techniques and tricks for stability.


• This week focused on deep value-based RL.


• Deep networks can be used for model-based RL.


• Deep networks can represent policies in policy gradient RL.
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Action Items

• Complete literature review.


• Read Chapter 13 (skip 13.5).


