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Towards General Artificial Intelligence

• Playing Atari with Deep Reinforcement Learning. ArXiv (2013)
• 7 Atari games
• The first step towards “General Artificial Intelligence”

• DeepMind got acquired by @Google (2014)

• Humanlevel control through deep reinforcement learning. Nature 
(2015)
• 49 Atari games
• Google patented “Deep Reinforcement Learning”



Key Concepts

• Reinforcement Learning

• Markov Decision Process

• Discounted Future Reward

• QLearning

• Deep Q Network

• ExplorationExploitation

• Experience Replay

• Deep Qlearning Algorithm



Reinforcement Learning

• Example: breakout (one of the Atari games)

• Suppose you want to teach an agent (e.g. NN) to play this game
• Supervised training (expert players play a million times)

• Reinforcement learning

That’s not how we learn!



Reinforcement Learning

Supervised Learning

Reinforcement Learning

Unsupervised Learning

ML

Target label for each training example

No label at all

Sparse and timedelayed labels

Pong Breakout Space Invaders Seaquest Beam Rider



RL is Learning from Interaction

RL is like Life!



Markov Decision Process

𝑠0, 𝑎0, 𝑟1, 𝑠1,𝑎1, 𝑟2, … , 𝑠𝑛−1, 𝑎𝑛−1, 𝑟𝑛, 𝑠𝑛

state

action

reward

Terminal state



State Representation

Think about the Breakout game
• How to define a state?

Let’s make it more universal!

• Location of the paddle
• Location/direction of the ball
• Presence/absence of each individual brick

Screen pixels



Value Function

• Future reward

• Discounted future reward (environment is stochastic)

• A good strategy for an agent would be to always choose an action that maximizes 
the (discounted) future reward

𝑠0, 𝑎0, 𝑟1, 𝑠1,𝑎1, 𝑟2, … , 𝑠𝑛−1, 𝑎𝑛−1, 𝑟𝑛, 𝑠𝑛

𝑅 = 𝑟1 + 𝑟2 + 𝑟3 +⋯+ 𝑟𝑛

𝑅𝑡 = 𝑟𝑡 + 𝑟𝑡+1 + 𝑟𝑡+2 +⋯+ 𝑟𝑛

𝑅𝑡 = 𝑟𝑡 + 𝛾𝑟𝑡+1 + 𝛾
2𝑟𝑡+2 +⋯+ 𝛾𝑛−𝑡𝑟𝑛

= 𝑟𝑡 + 𝛾(𝑟𝑡+1 + 𝛾(𝑟𝑡+2 +⋯ ))
= 𝑟𝑡 + 𝛾𝑅𝑡+1

MDP



Value-Action Function

• We define a 𝑄(𝑠, 𝑎) representing the maximum discounted future 
reward when we perform action a in state s:

• Qfunction: represents the “Quality” of a certain action in a given state

• Imagine you have the magical Qfunction

• 𝜋 is the policy

𝑄 𝑠𝑡 ,𝑎𝑡 = max𝑅𝑡+1

𝜋 𝑠 = 𝑎𝑟𝑔max
𝑎

𝑄(𝑠,𝑎)



Q-Learning

• How do we get the Qfunction?
• Bellman Equation （贝尔曼公式）

𝑄 𝑠,𝑎 = 𝑟 + 𝛾𝑚𝑎𝑥𝑎′𝑄(𝑠
′,𝑎′)

Value Iteration



Q-Learning

• In practice, Value Iteration is impractical
• Very limited states/actions

• Cannot generalize to unobserved states

• Think about the Breakout game
• State: screen pixels

• Image size: 𝟖𝟒 × 𝟖𝟒 (resized)

• Consecutive 4 images

• Grayscale with 256 gray levels

𝟐𝟓𝟔𝟖𝟒×𝟖𝟒×𝟒 rows in the Qtable!



Function Approximator

• Use a function (with parameters) to approximate the Qfunction

• Linear

• Nonlinear: Qnetwork

𝑄 𝑠,𝑎;𝜽 ≈ 𝑄∗(𝑠,𝑎)

State

Action

Network Qvalue

𝑠

𝑎

State Network Qvalue 2𝑠

Qvalue 1

Qvalue 3
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 Stability issues with Deep RL

� Naïve Q-learning oscillates or diverges with neural nets

1. Data is sequential

 Successive samples are correlated, non-i.i.d.

2. Policy changes rapidly with slight changes to Q-values

 Policy may oscillate

 Distribution of data can swing from one extreme to another

3. Scale of rewards and Q-values is unknown

 Naive Q-learning gradients can be large unstable when backpropagated

Deep Q-Learning
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 Deep Q-Network provides a stable solution to deep value-based RL

1. Use experience replay

 Break correlations in data, bring us back to i.i.d. setting

 Learn from all past policies

 Using off-policy Q-learning

2. Freeze target Q-network

 Avoid oscillations

 Break correlations between Q-network and target

3. Clip rewards or normalize network adaptively to sensible range

 Robust gradients

Deep Q-Learning
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 To remove correlations, build data-set from agent�s own experience

� Take action �� according to �-greedy policy

(Choose �best� action with probability 1- �, and selects a random action with probability �)

� Store transition (�� ,�� , ����, ����� in replay memory � (Huge data base to store historical samples)

� Sample random mini-batch of transitions �, �, �, �′ from �

� Optimize MSE between Q-network and Q-learning targets, e.g.

Stable Deep RL(1) : Experience Replay

�� �� � 	��,�,�,��~� � � �max
��

����,��;��� � ���,�;���
�
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 To avoid oscillations, fix parameters used in Q-learning target

� Compute Q-learning targets w.r.t. old, fixed parameters ��
�

� � �max
��

����, ��;��
�	�

� Optimize MSE between Q-network and Q-learning targets

�� �� � 	��,�,�,��~� � � �max
��

����, ��;��
�� � ���, �;���

�

� Periodically update fixed parameters ��
�  ��

Stable Deep RL(2) : Fixed Target Q-Network
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 DQN clips the reward to [-1, +1]

 This prevents Q-values from becoming too large

 Ensures gradients are well-conditioned

Stable Deep RL(3) : Reward / Value Range
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Stable Deep RL

DQN
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 Loss function : 

�� �� � 	��,�,�,��~� � � �max
��

����,��;��
�� � ���,�; ���

�

 Differentiating the loss function w.r.t. the weights we arrive at following 

gradient :

����� �� � 	��,�,�,��~� � � �max
��

����,��;��
�� � ���,�;��� ������,�;���

How to Train the Deep Q-Network

Do gradient descent:
���� � �� � � · ���������
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How to Train the Deep Q-Network
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How to Train the Deep Q-Network

Database of samples
(ϕ , , ,ϕ )

1 million samples

(ϕk1, ak1, rk1,ϕk1+1 ) (ϕk2, ak2, rk2,ϕk2+1 ) (ϕkn, akn, rkn,ϕkn+1 )...
=mini-batch size

Do mini-batch gradient 
descent on parameter �
for one step

��
∗ � ����������� ,��
with probability 1-ε

or  
random action ��
with probability ε

Play the game for one step

Add new data sample to database

During Training

image at time t : ��
�� � ����,����, ��
preprocessed sequence

�� � � ��
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How to Train the Deep Q-Network

�∗ � ����������, ��

Play the game for one step

After Training
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DQN in Atari
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 The input to the neural network 

consists of an 84x84x4 image 

produced by the pre-processing 

map �

 Input state is stack of raw pixels 

from last 4 frames

DQN in Atari

210x160 pixel 
images with a 
128 color 
palette
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 The first hidden layer convolves 32 

filters of 8x8 with stride 4 with the 

input image and applies a rectifier 

nonlinearity.

 The second hidden layer convolves 

64 filters of 4x4 with stride 2.

 This is followed by a third 

convolutional layer that convolves 

64 filters of 3x3 with stride 1

DQN in Atari

210x160 pixel 
images with a 
128 color 
palette
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 The final hidden layer is fully-

connected and consists of 512 

rectifier units.

 The output layer is a fully-connected 

linear layer with a single output of 

each valid action.

 The number of valid actions varied 

between 4 and 18 on the games

DQN in Atari

210x160 pixel 
images with a 
128 color 
palette
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DQN result in Atari
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DQN result in Atari

Good results

Bad results
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DQN result in Atari

�Seaquest� DQN gameplay

[https://youtu.be/5WXVJ1A0k6Q]
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DQN result in Atari

[https://youtu.be/iqXKQf2BOSE]



40

 Reinforcement learning provides a general-purpose framework for 

A.I.

 RL problems can be solved by end-to-end deep learning

 A single agent can now solve many challenging tasks

 Reinforcement learning + Deep learning

 Agent can do stuff that maybe human don�t know how to program

Conclusion


