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Deep Reinforcement Learning
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Deep Q-Networks (DQN)
Approximate Q-learning: Linear → Network

Image: Deep Mind



Deep Q-Networks

Deep Mind, 2015

Used a deep learning network to represent Q:
▪ Input is last 4 images (84x84 pixel values) plus score

49 Atari games, incl. Breakout, Space Invaders, Seaquest, Enduro
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Image: Deep Mind

sample = r + γ maxa’ 𝑄𝜃
 (s’,a’)

𝑄𝜃(s,a): Neural network 



Deep Q-Networks

Before we approximated Q values with a linear combination of features:

 𝑄𝐰 𝑠, 𝑎 = σ𝑖 𝑤𝑖 𝑓𝑖 𝑠, 𝑎  

Now, we'll use a neural net instead. Two options for network input/output: 

sample = r + γ maxa’ 𝑄𝜃
 (s’,a’) 



Deep Q-Networks

Given state 𝑠:

1) Choose (any) action 𝑎

2) Enviroment gives you reward 𝑟 and sends you to state 𝑠′

3) Use network to compute 𝑄𝜃(𝑠, 𝑎) and sample

sample = 𝑟 + 𝛾 max
𝑎′

 𝑄𝜃 𝑠′, 𝑎′

𝑄𝜃 𝑠, 𝑎  



Deep Q-Networks

Given state 𝑠:

1) Choose (any) action 𝑎

2) Enviroment gives you reward 𝑟 and sends you to state 𝑠′

3) Use network to compute 𝑄𝜃(𝑠, 𝑎) and sample

4) Update network parameters, 𝜃, with an SGD step

 𝜃 ← 𝜃 + 𝛼 sample − Q𝜃 s, a  ∇𝜃Q s, a  

sample = 𝑟 + 𝛾 max
𝑎′

 𝑄𝜃 𝑠′, 𝑎′

𝑄𝜃 𝑠, 𝑎  



Learning a Value Function with 
Function Approximation

8Slides: CMU MLD, Matt Gormley



Learning Vπ

9Slides: CMU MLD, Geoff Gordon



Learning Vπ: example

10Slides: CMU MLD, Geoff Gordon



Some sample trajectories

(x, V(x))
(0, –13)
(-1, –15)
(+2, 2)
(-2, -1)

…
(-3, –20)

Each trajectory
yields several

training examples
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Learned Vπ

13Slides: CMU MLD, Geoff Gordon



How to Learn Vπ given π?

14Slides: CMU MLD, Matt Gormley



How to Learn Vπ given π?
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Policy Gradient Algorithms



Slides: CMU MLD, Matt Gormley

Comparison of Policy Gradient Methods
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Policy Gradient Methods (generally)

18Slides: CMU MLD, Matt Gormley



Policy
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Policy Gradient Theorem

20Slides: CMU MLD, Matt Gormley



Policy Gradient Theorem
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Policy Gradient Theorem
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Policy Gradient Theorem
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Policy gradient intuition

24Slides: CMU MLD, Geoff Gordon



Algorithm 1: REINFORCE

25Slides: CMU MLD, Matt Gormley



REINFORCE Example

26Slides: CMU MLD, Matt Gormley, Geoff Gordon



REINFORCE Example

Action
logits
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REINFORCE Example
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REINFORCE Example

Calculate gradient 
estimate
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REINFORCE Example
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Failure modes of REINFORCE
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Algorithm 1: REINFORCE

32Slides: CMU MLD, Matt Gormley



Algorithm 2: REINFORCE with Baseline
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Actor-critic REINFORCE

34Slides: CMU MLD, Geoff Gordon



Algorithm 3: Actor-Critic

35Slides: CMU MLD, Matt Gormley, Geoff Gordon



Algorithm 4: Advantage Actor-Critic (A2C)

36Slides: CMU MLD, Matt Gormley, Geoff Gordon



Algorithm 5: A2C with n-Step Returns
▪ The advantage actor-

critic algorithm uses a 
one-step return to 
estimate the advantage 
function, which can lead 
to high bias in the policy 
gradient estimate.

▪ To reduce bias, we can 
use an n-step return to 
estimate the advantage 
function

▪ Closely connected to 
temporal difference 
learning, specifically 
TD(lambda)

37Slides: CMU MLD, Matt Gormley, Geoff Gordon



Comparison of Policy Gradient Methods

38Slides: CMU MLD, Matt Gormley
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