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Reinforcement Learning II
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Reinforcement Learning III
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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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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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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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