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Reminder: Q-learning

For transition ps; a; r ; s 1q:

Q�
k�1ps; aq — Q�

k ps; aq � �k

�

�

�

Bellman target
hkkkkkkkkkkkikkkkkkkkkkkj

r � 
max
a1

Q�
k ps

1; a1q�Q�
k ps; aq

�

�




loooooooooooooooooooomoooooooooooooooooooon

temporal difference

Q-learning can learn Q� from trial and error in finite MDPs: |S| ! 8; |A| ! 8
Important!

Q-learning is off-policy
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Atari Games

Setup: XXXX|S| ! 8 ; |A| ! 8

• 57 various games

• Only screen image as input.

• No game-specific features.

• Finite-state case... not quite finite.

• |A| ⁄ 18

Approximate Q�ps; aq with neural network!
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Is Atari game a MDP?
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Practical notes: preprocessing

Action selection frequency:

• Framestack;

• Frameskip;

• MaxAndSkip;

• (sometimes) Sticky actions;

Standard tricks:

• Crop image;

• Rescale (often to 84x84);

• Grayscale;

Atari-specific preprocessing:

• EpisodicLife;

• FireReset;

Reward preprocessing:

(!) Clip reward to t�1; 0; 1u;

Important!

No hyperparameter tuning for each specific game!
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Deep Q-network

Option 1 Option 2

� argmax
a

Q�ps; a; �q — expensive! X argmax
a

Q�ps; a; �q — one forward pass.
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Deep Q-network: architecture

• 3-4 convolutional layers followed by 1-2
dense layers;

• stride > 1 for size reduction; linear layers
still wide;

Think twice before using:

� max pooling

� batch normalization

� dropout
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Idea: Approximate Dynamic Programming

Consider the following regression task:

• s; a is input;
• y P R is target:

yps; aq :� rps; aq � 
Es 1 max
a1

Q�
ps 1; a1; �kq

• MSE loss function: Losspy ; ŷq � 1
2py � ŷq2

1
2

Eps;a;yqpy � Q�
ps; a; �k�1qq

2
Ñ min

�k�1
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2py � ŷq2
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Looking at the gradient

r�
1
2
py � Q�

ps; a; �qq2 �

py � Q�
ps; a; �qq

loooooooomoooooooon

temporal difference

how to increase
output value

hkkkkkkikkkkkkj

r�Q
�
ps; a; �q �

�

�

r � 
Es 1 max
a1

Q�
ps 1; a1; �kq � Q�

ps; a; �q
	

r�Q
�
ps; a; �q �

�

�

r � 
max
a1

Q�
ps 1; a1; �kq � Q�

ps; a; �q
	

r�Q
�
ps; a; �q;

where s 1 � pps 1 | s; aq.
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Deep Q-learning

Consider the following regression task:

• s; a is input;

• y P R is target:

yps; aq :� r � 
max
a1

Q�
ps 1; a1; �kq

where r � rps; aq; s 1 � pps 1 | s; aq;

• MSE loss function: Losspy ; ŷq � 1
2py � ŷq2
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Target network

For how long to solve one regression task?

ˆ One SGD iteration

� completely unstable :(

ˆ Till convergence

� too long

X � 1000 SGD iterations

a) � � Ð � everyK SGD iterations
b) � � Ð p 1 � � q� � � ��

Store a copy of your old Q-networkQ� ps; a; � � q
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