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Overview	
  

•  Perceptron	
  
•  Feedforward	
  ar(ficial	
  neural	
  networks	
  
•  Backpropaga(on	
  
•  Stochas(c	
  gradient	
  descent	
  
•  Convolu(onal	
  neural	
  networks	
  
– Max/mean	
  pooling	
  
– SoSmax	
  



1960s:	
  Automa(c	
  differen(a(on,	
  first	
  papers	
  on	
  backpropaga(on	
  







Ac(va(on	
  Func(on:	
  Sigmoid	
  Func(on	
  

s(x) = 1
1+ e−x

∂s
∂x

= s(x) 1− s(x)[ ]



Ac(va(on	
  Func(on:	
  ReLu	
  
(REc(fied	
  Linear	
  Unit)	
  

r(x) =max(0, x)
∂r
∂x

=
0, x < 0
1, x > 0

"
#
$
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Ac(va(on	
  Func(on:	
  ReLu	
  

•  Gradients	
  do	
  not	
  get	
  too	
  big	
  or	
  small	
  during	
  
backpropaga(on	
  (see	
  vanishing	
  gradient	
  
problem)	
  

•  Efficient	
  to	
  compute	
  
•  Possibly	
  more	
  biologically	
  plausible	
  
•  Typically	
  sparse	
  ac(va(on	
  (fewer	
  neurons	
  
ac(vate)	
  



Mul(layer	
  Feedforward	
  Neural	
  Network	
  

Li = f (WiLi−1 +bi )
Matrix	
  nota(on:	
  



Backpropaga(on	
  

•  A	
  special	
  case	
  of	
  reverse	
  mode	
  
automa(c	
  differen(a(on	
  (1960s)	
  

•  Backpropaga(on	
  tutorial	
  



Gradient	
  Descent	
  

Step	
  size	
  
or	
  
Learning	
  rate	
  



Gradient	
  Descent	
  

•  Discussion	
  Ques(ons:	
  
– What	
  energy	
  func(on	
  shapes	
  would	
  be	
  easy	
  
to	
  minimize	
  with	
  gradient	
  descent?	
  Hard?	
  
– Should	
  the	
  learning	
  rate	
  be	
  constant?	
  Or	
  
change?	
  



Gradient	
  Descent	
  with	
  Energy	
  
Func(ons	
  that	
  have	
  Narrow	
  Valleys	
  

Source:	
  "Banana-­‐SteepDesc"	
  by	
  P.A.	
  Simionescu	
  –	
  Wikipedia	
  English	
  

“Zig-­‐zagging	
  problem”	
  



Gradient	
  Descent	
  with	
  Momentum	
  

xn+1 = xn +Δn

Δn = γn∇F(xn )+mΔn−1

Momentum	
  
Could	
  use	
  small	
  value	
  e.g.	
  m=0.5	
  at	
  first	
  

Could	
  use	
  larger	
  value	
  e.g.	
  m=0.9	
  near	
  end	
  
of	
  training	
  when	
  there	
  are	
  more	
  oscilla(ons.	
  



Gradient	
  Descent	
  with	
  Momentum	
  

Without	
  Momentum	
   With	
  Momentum	
  

Figure	
  from	
  Genevieve	
  B.	
  Orr,	
  Willamehe.edu	
  



Stochas(c	
  gradient	
  descent	
  

•  Stochas(c	
  gradient	
  descent	
  (Wikipedia)	
  
•  Gradient	
  of	
  sum	
  of	
  n	
  terms	
  where	
  n	
  is	
  large	
  
•  Sample	
  rather	
  than	
  compu(ng	
  the	
  full	
  sum	
  
– Sample	
  size	
  s	
  is	
  “mini-­‐batch	
  size”	
  
– Could	
  be	
  1	
  (very	
  noisy	
  gradient	
  es(mate)	
  
– Could	
  be	
  100	
  (collect	
  photos	
  100	
  at	
  a	
  (me	
  to	
  find	
  
each	
  noisy	
  “next”	
  es(mate	
  for	
  the	
  gradient)	
  

•  Use	
  gradient	
  descent	
  
	
  



Convolu(onal	
  Neural	
  Networks	
  
•  Similar	
  to	
  mul(layer	
  neural	
  network,	
  but	
  
weight	
  matrices	
  now	
  have	
  a	
  special	
  structure	
  
(Toeplitz	
  or	
  block	
  Toeplitz)	
  due	
  to	
  
convolu(ons.	
  
•  The	
  convolu(ons	
  typically	
  sum	
  over	
  all	
  color	
  
channels.	
  







Max/average	
  pooling	
  

•  “Downsampling”	
  using	
  max()	
  operator	
  
•  Downsampling	
  factor	
  f	
  could	
  differ	
  from	
  
neighborhood	
  size	
  N	
  that	
  is	
  pooled	
  over.	
  



Max/average	
  pooling	
  

•  For	
  max	
  pooling,	
  backpropaga(on	
  just	
  
propagates	
  error	
  back	
  to	
  to	
  whichever	
  neuron	
  
had	
  the	
  maximum	
  value.	
  

•  For	
  average	
  pooling,	
  backpropaga(on	
  splits	
  
error	
  equally	
  among	
  all	
  the	
  input	
  neurons.	
  



SoSmax	
  

•  OSen	
  used	
  in	
  final	
  output	
  layer	
  to	
  convert	
  
neuron	
  outputs	
  into	
  a	
  class	
  probability	
  scores	
  
that	
  sum	
  to	
  1.	
  

•  For	
  example,	
  might	
  want	
  to	
  convert	
  the	
  final	
  
network	
  output	
  to:	
  
– P(dog)	
  =	
  0.2	
  	
  	
  	
  (Probabili(es	
  in	
  range	
  [0,	
  1])	
  
– P(cat)	
  =	
  0.8	
  
–  (Sum	
  of	
  all	
  probabili(es	
  is	
  1).	
  



SoSmax	
  

•  SoSmax	
  takes	
  a	
  vector	
  z	
  and	
  outputs	
  a	
  vector	
  
of	
  the	
  same	
  length.	
  


