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Reinforcement Learning
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Value-Based and
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Value Based Method

e DQN (Deep Q-Learning Network)
e Double Deep Q-Learning
e Continuous DQN (CDQN or NAF)
e Dueling network DQN (Dueling DQN)

e Deep SARSA



Policy Based Method

e Policy Gradient
e Deep Deterministic Policy Gradient (DDPG)
e Cross-Entropy Method (CEM)

e Actor Critic

e Asynchronous Advantage Actor-Critic (A3C)



Q-learning
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Loss Function

cay Rate
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Target Prediction



Convolutional Neural
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Deep Q-learning

Algorithm 1: deep Q-learning with experience replay.
Initialize replay memory D to capacity N
Initialize action-value function Q with random weights 0
Initialize target action-value function Q with weights 6~ = 0
For episode = 1, M do
Initialize sequence s; = {x; } and preprocessed sequence ¢, =¢(s;)
Fort=1,T do
With probability ¢ select a random action a,
otherwise select a; =argmax, Q(¢(s;),a; 0)
Execute action a, in emulator and observe reward r, and image x,  ,
Set s¢ 1 =5¢,a¢,%¢+1 and preprocess ¢, ; =¢(s¢41)
Store transition (¢,,a:,7:,9,.,) in D
Sample random minibatch of transitions (¢-,aj,rj,¢j + 1) from D

rj if episode terminates at step j+ 1
Set ;= rj+7 maxy Q(¢j+l,a’; 0“) otherwise

Perform a gradient descent step on (yj —Q ((,b NP 0) ) 2 with respect to the
network parameters 0
Every C steps reset 0=0
End For
End For
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Demo - Breakout




