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• Natural	  Language	  Processing

• Computer	  Vision

• Robotics

• Game	  Playing

• and	  much	  more! 

• What	  do	  these	  all	  have	  in	  common?
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What	  is	  machine	  learning?

• A	  subfield	  of	  computer	  science.

• The	  study	  of	  algorithms	  that	  analyze	  data	  to	  make	  decisions.

• Examples	  of	  decisions:

• Is	  this	  email	  ham	  or	  spam?

• How	  do	  I	  translate	  this	  sentence?

• Will	  this	  user	  like	  this	  restaurant?
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• The	  data:	  restaurant	  locations 

• The	  decision:	  which	  cluster	  does	  each	  
belong	  to? 

Called	  unsupervised	  learning,	  because	  no	  one	  
tells	  it	  what	  the	  correct	  decision	  is.
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Linear	  Regression 

• The	  data:	  user	  ratings 

• The	  decision:	  what	  rating	  would	  the	  
user	  give	  a	  new	  restaurant? 

Called	  supervised	  learning,	  because	  
some	  correct	  decisions	  are	  given.
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• So	  far,	  we’ve	  looked	  at	  two	  specific	  machine	  
learning	  algorithms	  from	  two	  different	  domains.  

• Today,	  we	  will	  focus	  on	  a	  subclass	  of	  problems	  in	  
machine	  learning,	  known	  as	  reinforcement	  learning	  
problems,	  and	  algorithms	  for	  these	  problems.
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• Concerned	  with	  learning	  behavior	  through	  experience. 

• Two	  main	  components:	  the	  agent	  and	  the	  environment. 

• The	  agent	  lives	  in	  and	  interacts	  with	  the	  
environment,	  and	  through	  this	  experience	  learns	  a	  
good	  pattern	  of	  behavior.
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RL	  Example:	  Gridworld

The	  Problem:	  How	  do	  we	  get	  to	  the	  goal	  (green)	  from	  
the	  start	  (blue)	  as	  quickly	  as	  possible	  while	  
avoiding	  the	  obstacles	  (red)?

What	  is	  the	  environment?	  

What	  is	  the	  agent?
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The	  environment:
• States	  (s): 

Configuration	  of	  the	  agent	  and	  environment.
• Actions	  (a): 

What	  can	  the	  agent	  do	  in	  a	  state?
• Reward	  function	  (R): 

What	  reward	  does	  the	  agent	  get	  for	  each	  state?  

The	  agent:
• Policy	  (𝜋): 

Given	  a	  state,	  what	  action	  will	  the	  agent	  take?
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