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Reinforcement Learning I
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Reinforcement Learning II
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Reinforcement Learning III

� �B � � @� A �� � �; � 
 A � A � �  @ �= � > 
 � � @ � �� � B �

	� � � � � � � � �( �� � � � � ( � �� # � - � �% � # �  �� � �%) � � � � D �% & � # � �� π

17

Vt+1(s) = Vt(s) +
(∑

s′

Pπ(s)(s, s′)
[
Rπ(s)(s, s′) + γVt(s

′)
]

︸ ︷︷ ︸

target

− Vt(s)
)

� � � & � �� # � 	 � 
 � � �� � �� �� # � - � �% � # � � � � �) � � � � ��� 	 � �	 � � � $� �% rt

� � % � �D � � �� � � s′ � � � � ( π

17

Vt+1(s) = Vt(s) + α
(

rt + γVt(s
′)

︸ ︷︷ ︸

target (unbiased estimate)

− Vt(s)
)

� 
 � A � > 	 �; 
 � � �B = � � B � � � A � � � �� � B � � � � � �� # #� ) $ � � !�  � � � � � � � ( �� � � � 	 �
� � � �	 �� � � � � # �� �7

� � > � � � �� 
7
� � � � � $ � � � �� � � � $ � �� �� � � �� � � �� �� �� � � �� 	� � � � � � � �� �

� #� � 
 � �
� � 	 �� �( � � � � � � 	 � � 	 � �� �� � �

 �
 A � � � � � #% - # � �� # 1 � & & � �D � � � � � � �

Value Function Approximation with Sparse SVR – ECML 2004 – p. 6/17



Recall SVR ...
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Support Vector Regression II
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Eliminate linear dependence
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Define a reduced problem
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m
i=1

- � � � � # #� m � `

1 +

Value Function Approximation with Sparse SVR – ECML 2004 – p. 10/17



How do we obtain the reduced set?
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Toy Example: Sombrero
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Putting everything together ...
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Ṽt(·) =
∑

βik(x̃i, ·)

Value Function Approximation with Sparse SVR – ECML 2004 – p. 13/17



Experiment 1: Gridworld
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Experiment 2a: Mountain Car
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Experiment 2b: Mountain Car
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Conclusions
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