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Recall:	
  Supervised	
  ML	
  



Neural	
  Networks	
  for	
  ClassificaXon	
  
Can	
  interpret	
  “z”s	
  as	
  features	
  

Output	
  class	
  is	
  
computed	
  based	
  on	
  

these	
  features	
  
instead	
  of	
  directly	
  on	
  

input	
  x	
  



Why	
  Do	
  We	
  Want	
  Hidden	
  “Features”?	
  

•  May	
  help	
  us	
  generalize	
  to	
  new	
  input	
  (easier	
  
and	
  more	
  robust	
  to	
  idenXfy	
  people	
  by	
  wearing	
  
hats	
  than	
  that	
  pixel346	
  is	
  red)	
  
– Can	
  be	
  useful	
  for	
  interpretaXon	
  

•  Can	
  equivalently	
  just	
  be	
  viewed	
  as	
  allowing	
  
more	
  complex	
  funcXon	
  class	
  to	
  relate	
  input	
  x	
  
and	
  output	
  y	
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NonLinear	
  TransformaXon	
  

•  Increases	
  expressive	
  power	
  
– Universal	
  funcXon	
  approximator	
  with	
  1	
  hidden	
  
layer	
  

•  When	
  chaining	
  nonlinear	
  transformaXons,	
  
makes	
  opXmizaXon	
  harder	
  
– Not	
  convex	
  
– PotenXally	
  lots	
  of	
  local	
  opXma	
  



Which	
  NonLinear	
  FuncXons	
  to	
  Use?	
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Which	
  NonLinear	
  FuncXons	
  to	
  Use?	
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Freeze	
  first	
  N-­‐1	
  layers	
  (engineer	
  the	
  features)	
  
EssenXally	
  turns	
  it	
  into	
  shallow	
  learning	
  

Computer	
  Vision:	
  Earlier	
  Approaches	
  



Computer	
  Vision:	
  Now	
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ConvoluXonal	
  Neural	
  Network	
  

hhp://cs231n.github.io/	
  



Standard	
  Neural	
  Network	
  

•  Each	
  internal	
  node	
  is	
  connected	
  to	
  all	
  nodes	
  in	
  prior	
  layer	
  
•  Each	
  node	
  in	
  the	
  same	
  layer	
  independent	
  (separate	
  set	
  of	
  weights)	
  



CNN	
  
-­‐	
  uses	
  volumes	
  

Output	
  is	
  scores	
  for	
  each	
  	
  
Of	
  the	
  possible	
  classes	
  
Depth	
  ~=	
  #	
  of	
  classes	
  
Height=width=1	
  

E.g.	
  height	
  and	
  
width	
  are	
  the	
  size	
  
of	
  the	
  image	
  	
  
Depth	
  =	
  3	
  color	
  
values	
  per	
  pixel	
  



How	
  many	
  weight	
  
parameters	
  for	
  a	
  single	
  
node	
  which	
  is	
  a	
  linear	
  
combinaXon	
  of	
  input?	
  







Volumes	
  and	
  Depths	
  	
  

Each	
  node	
  here	
  has	
  the	
  same	
  input	
  but	
  
different	
  weight	
  vectors	
  (e.g.	
  compuXng	
  
different	
  features	
  of	
  same	
  input)	
  



Nodes:	
  same	
  structure	
  as	
  before,	
  but	
  input	
  
is	
  only	
  over	
  a	
  restricted	
  width	
  and	
  height	
  
(but	
  the	
  complete	
  depth)	
  of	
  a	
  prior	
  volume	
  
	
  
Think	
  of	
  node	
  as	
  a	
  filter	
  over	
  input	
  



What	
  is	
  the	
  size	
  of	
  the	
  volume	
  in	
  the	
  next	
  
layer?	
  Depth,	
  Stride,	
  Zero	
  Padding	
  

Each	
  node	
  here	
  has	
  the	
  same	
  input	
  but	
  
different	
  weight	
  vectors	
  (e.g.	
  compuXng	
  
different	
  features	
  of	
  same	
  input)	
  



Stride	
  and	
  Zero	
  Padding	
  

Input	
  

Ouptut	
  

Stride:	
  how	
  far	
  (spaXally)	
  move	
  over	
  filter	
  
Zero	
  padding:	
  how	
  many	
  0s	
  to	
  add	
  to	
  either	
  side	
  of	
  input	
  layer	
  



Stride	
  and	
  Zero	
  Padding	
  

Input	
  

Ouptut	
  

Stride:	
  how	
  far	
  (spaXally)	
  move	
  over	
  filter	
  
Zero	
  padding:	
  how	
  many	
  0s	
  to	
  add	
  to	
  either	
  side	
  of	
  input	
  layer	
  



What	
  is	
  the	
  Stride	
  and	
  the	
  Values	
  in	
  
the	
  Second	
  Example?	
  

















Special	
  Layers	
  	
  

•  Pooling	
  

•  Contrast	
  NormalizaXon	
  (No	
  More	
  Used	
  It	
  
Seems)	
  





How	
  many	
  model	
  parameters	
  does	
  this	
  introduce	
  into	
  learning	
  model?	
  



Last	
  Layer,	
  Fully	
  Connected	
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•  Want	
  to	
  build	
  a	
  “is	
  parking	
  spot	
  3A	
  outside	
  of	
  
Wean	
  Hall	
  free”	
  detector	
  

•  Have	
  100	
  pictures	
  (1	
  an	
  hr,	
  taken	
  over	
  last	
  few	
  
days)	
  with	
  labels	
  as	
  free	
  or	
  not	
  free	
  

•  Can	
  deep	
  learning	
  help?	
  	
  



Yes!	
  Transfer	
  Learning	
  



Yes!	
  Transfer	
  Learning	
  

•  Use	
  features	
  from	
  a	
  really	
  large	
  dataset	
  (e.g.	
  
N-­‐1	
  layers	
  of	
  CNN)	
  and	
  just	
  retrain	
  final	
  fully	
  
connected	
  layer	
  

•  Start	
  from	
  an	
  exisXng	
  trained	
  CNN	
  and	
  then	
  
train	
  a	
  bit	
  further	
  



PredicXng	
  Poverty	
  Using	
  Deep	
  Transfer	
  
Learning	
  (Ermon	
  &	
  colleagues)	
  



What	
  You	
  Should	
  Know	
  
•  Neural	
  networks	
  &	
  nodes	
  as	
  features	
  

–  Internal	
  nodes	
  can	
  be	
  viewed	
  as	
  features	
  
–  Make	
  more	
  complicate	
  funcXon	
  mapping	
  input	
  to	
  output	
  

•  Benefits	
  of	
  deep	
  over	
  shallow	
  
–  Number	
  of	
  parameters	
  need	
  to	
  express	
  complicated	
  funcXon	
  may	
  be	
  way	
  smaller	
  
–  Important	
  in	
  terms	
  of	
  amount	
  of	
  data	
  to	
  train	
  /	
  fit	
  classifier	
  	
  

•  Nonlinearity:	
  choices,	
  implicaXons	
  for	
  learning	
  
–  Sigmoid	
  (bad),	
  ReLu	
  (good)	
  
–  Increases	
  ezpressive	
  power	
  (1	
  hidden	
  layer,	
  universal	
  approximator)	
  
–  OpXmizaXon	
  harder	
  (not	
  convex,	
  many	
  local	
  opXma)	
  

•  How	
  to	
  train/fit/learn	
  
–  Gradient	
  descent,	
  backpropagaXon	
  
–  Be	
  able	
  to	
  derive	
  gradient	
  for	
  simple	
  case	
  and	
  use	
  to	
  update	
  w	
  

•  New	
  ideas	
  for	
  tackling	
  vision	
  applicaXons	
  
–  ConvoluXonal	
  networks	
  
–  Reduce	
  #	
  parameters,	
  exploit	
  nodes	
  as	
  filters	
  
–  How	
  many	
  parameters	
  are	
  involved?	
  
–  Define	
  common	
  node	
  types:	
  conv,	
  pooling,	
  fully	
  connected	
  

•  What	
  if	
  we	
  don’t	
  have	
  much	
  data?	
  
–  Transfer	
  learning!	
  
–  Learn	
  features	
  using	
  big	
  data,	
  then	
  use	
  for	
  other	
  applicaXons	
  


