






























































































REINFORCEMENT LEARNING
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    MARKOV DECISION PROCESS 
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Reinforcement Learning Examples
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State Transition Diagram
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we typically dont know PC and RC

we dont know state transition diagram in advance
we have to learn it through trial and error In
the process of learning through trial and error we

will encounter samples from the transition diagram
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MarsRoverexample
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Return depends on Reward ReturnExampleofreturn dependsReward depends on Action
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State value function Action value function
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State value function
Action value function
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 VALUE AND POLICY ITERATION 

 

   

 VALUE ITERATION 
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Solving MDPs with known P and R
value and Policy Iteration
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 POLICY ITERATION 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

value foris associated with some particularpolicy
and
optimal value for is associated with optimal policy

In value iteration we were dealing with optimal value
fx but now we will compute value fan for some
random policy
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If you do one iteration value Iteration
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Temporal Difference and Q learning
we have seen how to solve MDP when P and R
are known by using value and Policy Iteration
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to improve your
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Resources : 

https://www.youtube.com/playlist?list=PLYgyoWurxA_8ePNUuTLDtMvzyf-YW7im2 
http://incompleteideas.net/book/ebook/

https://www.coursera.org/learn/unsupervised-learning-recommenders-reinforcement-learning
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