EEFCs 6.036/6.862: Introduction to
E.EECTRICALENGINEERING MaCh|ne Learn|ng

AND COMPUTER SCIENCE

Course website: introml.odl.mit.edu
Who'’s talking? Prof. Tamara Broderick

Questions? discourse.odl.mit.edu (“Lecﬂ‘e‘%O” ca gory)

Materials: Will all be available at course website
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Some terminology

* Reinforcement learning (RL): learning (to maximize
rewards) by interacting with the world

» Contrast with supervised learning

 Model-based RL: uses explicit conception of next state
and reward given current state and action

* "Model” used many difterent ways in machine learning
* Contrast with Model-free RL
o Q-learning

» Contrast with the Q* function (expected reward of
starting at s, making action a, and then making the
“best” action ever after)

* Contrast with (any horizon) value iteration
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