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Why	
  Stop	
  At	
  One	
  Hidden	
  Layer?	
  

ü E.g.,	
  vision	
  hierarchy	
  for	
  recognizing	
  handprinted	
  text	
  

  Word 	
   	
  output	
  layer	
  

  Character 	
   	
  hidden	
  layer	
  3	
  

  Stroke 	
   	
  hidden	
  layer	
  2	
  

  Edge 	
   	
  hidden	
  layer	
  1	
  

  Pixel 	
   	
  input	
  layer	
  



Why	
  Deep	
  Nets	
  Fail	
  1:	
  
Credit	
  Assignment	
  Problem	
  

ü How	
  is	
  a	
  neuron	
  in	
  layer	
  2	
  supposed	
  to	
  know	
  what	
  it	
  
should	
  output	
  unQl	
  all	
  the	
  neurons	
  above	
  it	
  do	
  
something	
  sensible?	
  

ü How	
  is	
  a	
  neuron	
  in	
  layer	
  4	
  supposed	
  to	
  know	
  what	
  it	
  
should	
  output	
  unQl	
  all	
  the	
  neurons	
  below	
  it	
  do	
  
something	
  sensible?	
  



Why	
  Deep	
  Nets	
  Fail	
  2:	
  
Vanishing	
  Error	
  Gradients	


ü With	
  logisQc	
  acQvaQon	
  funcQon,	
  

ü Error	
  gradients	
  get	
  squashed	
  as	
  they	
  are	
  passed	
  back	
  
through	
  a	
  deep	
  network	
  

§  	
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Approach	
  To	
  Solving	
  Both	
  Problems	
  
(2000-­‐2012)	
  

ü TradiQonal	
  method	
  of	
  training	
  
  Random	
  iniQal	
  weights	
  

ü AlternaQve	
  
  Do	
  unsupervised	
  learning	
  layer	
  by	
  layer	
  to	
  get	
  weights	
  in	
  
a	
  sensible	
  configuraQon	
  for	
  the	
  staQsQcs	
  of	
  the	
  input.	
  

  If	
  these	
  iniQal	
  weights	
  are	
  sensible,	
  then	
  	
  

• credit	
  assignment	
  problem	
  will	
  be	
  miQgated	
  

• gradients	
  should	
  convey	
  informaQon	
  all	
  the	
  way	
  down	
  



Autoencoder	
  Networks	
  
ü Self-­‐supervised	
  training	
  procedure	
  

ü Given	
  a	
  set	
  of	
  input	
  vectors	
  (no	
  target	
  outputs)	
  

ü Map	
  input	
  back	
  to	
  itself	
  via	
  a	
  hidden	
  layer	
  bo^leneck	
  

ü How	
  to	
  achieve	
  bo^leneck?	
  

§  Fewer	
  neurons	
  

§  Sparsity	
  constraint	
  

§  InformaQon	
  transmission	
  constraint	
  (e.g.,	
  add	
  noise	
  to	
  unit)	
  



Autoencoder	
  Combines	
  
An	
  Encoder	
  And	
  A	
  Decoder	
  

Encoder 

Decoder 



Stacked	
  Autoencoders	
  

ü Note	
  that	
  decoders	
  can	
  be	
  stacked	
  to	
  produce	
  a	
  
generaQve	
  model	
  of	
  the	
  domain	
  

copy 

... 

deep network 



From	
  Ng’s	
  group	
  

5 

Different Levels of Abstraction 

• Hierarchical Learning 
– Natural progression from low 

level to high level structure as 
seen in natural complexity 
 

– Easier to monitor what is being 
learnt and to guide the machine 
to better subspaces 
 

– A good lower level 
representation can be used for 
many distinct tasks 



Suskever,	
  Martens,	
  Hinton	
  (2011)	
  
GeneraQng	
  Text	
  From	
  A	
  Deep	
  Belief	
  Net	
  

ü  Wikipedia	
  

  The	
  meaning	
  of	
  life	
  is	
  the	
  tradiQon	
  of	
  the	
  ancient	
  human	
  reproducQon:	
  it	
  is	
  less	
  favorable	
  
to	
  the	
  good	
  boy	
  for	
  when	
  to	
  remove	
  her	
  bigger.	
  In	
  the	
  show’s	
  agreement	
  unanimously	
  
resurfaced.	
  The	
  wild	
  pasteured	
  with	
  consistent	
  street	
  forests	
  were	
  incorporated	
  by	
  the	
  
15th	
  century	
  BE.	
  In	
  1996	
  the	
  primary	
  rapford	
  undergoes	
  an	
  effort	
  that	
  the	
  reserve	
  
condiQoning,	
  wri^en	
  into	
  Jewish	
  ciQes,	
  sleepers	
  to	
  incorporate	
  the	
  .St	
  Eurasia	
  that	
  
acQvates	
  the	
  populaQon.	
  Mar??a	
  NaQonale,	
  Kelli,	
  Zedlat-­‐Dukastoe,	
  Florendon,	
  Ptu’s	
  
thought	
  is.	
  To	
  adapt	
  in	
  most	
  parts	
  of	
  North	
  America,	
  the	
  dynamic	
  fairy	
  Dan	
  please	
  
believes,	
  the	
  free	
  speech	
  are	
  much	
  related	
  to	
  the	
  	
  

ü  NYT	
  

  while	
  he	
  was	
  giving	
  a^enQon	
  to	
  the	
  second	
  advantage	
  of	
  school	
  building	
  a	
  2-­‐for-­‐2	
  stool	
  
killed	
  by	
  the	
  Cultures	
  saddled	
  with	
  a	
  half-­‐	
  suit	
  defending	
  the	
  BharaQya	
  Fernall	
  ’s	
  office	
  .	
  
Ms	
  .	
  Claire	
  Parters	
  will	
  also	
  have	
  a	
  history	
  temple	
  for	
  him	
  to	
  raise	
  jobs	
  unQl	
  naked	
  
Prodiena	
  to	
  paint	
  baseball	
  partners	
  ,	
  provided	
  people	
  to	
  ride	
  both	
  of	
  Manha^an	
  in	
  1978	
  ,	
  
but	
  what	
  was	
  largely	
  directed	
  to	
  China	
  in	
  1946	
  ,	
  focusing	
  on	
  the	
  trademark	
  period	
  is	
  the	
  
sailboat	
  yesterday	
  and	
  comments	
  on	
  whom	
  they	
  obtain	
  overheard	
  within	
  the	
  120th	
  
anniversary	
  ,	
  where	
  many	
  civil	
  rights	
  defined	
  ,	
  officials	
  said	
  early	
  that	
  forms	
  ,	
  ”	
  said	
  
Bernard	
  J.	
  Marco	
  Jr.	
  of	
  Pennsylvania	
  ,	
  was	
  monitoring	
  New	
  York	
  	
  



Neural	
  Net	
  History	


ü UnQl	
  ~2012,	
  most	
  deep	
  nets	
  were	
  built	
  with	
  
unsupervised	
  pretraining	
  

§  Some	
  researchers	
  used	
  back	
  propagaQon	
  
autoencoders	
  

§ Other	
  researchers	
  used	
  stochasQc	
  neural	
  nets	
  
(restricted	
  Boltzmann	
  machines	
  or	
  RBMs)	
  

ü Eventually,	
  it	
  was	
  discovered	
  that	
  no	
  need	
  for	
  this	
  
approach	
  is	
  you	
  combine	
  a	
  bunch	
  of	
  tricks…	




Hinton	
  Group	
  Bag	
  O’	
  Tricks	
  For	
  Deep	
  Learning	
  

ü IniQalize	
  weights	
  to	
  sensible	
  values	
  

ü RecQfied	
  linear	
  units	
  

ü Hard	
  weight	
  regularizaQon	
  

ü Drop	
  out	
  

ü ConvoluQonal	
  architectures	
  



Weight	
  IniQalizaQon	


ü How	
  to	
  ensures	
  gradients	
  don’t	
  vanish	
  (or	
  explode)?	
  
§  Pretrain	
  if	
  you	
  have	
  a	
  lot	
  of	
  unlabeled	
  data	
  and	
  not	
  a	
  lot	
  of	
  
labeled	
  data	
  (semisupervised	
  learning)	
  

§  Echo	
  State	
  Network	
  weight	
  iniQalizaQon	
  procedure	
  
§  Various	
  heurisQcs,	
  e.g.,	
  

  Draw	
  all	
  weights	
  feeding	
  into	
  neuron	
  j	
  (including	
  bias)	
  via	
  

  If	
  input	
  acQviQes	
  lie	
  in	
  [-­‐1,	
  +1],	
  then	
  variance	
  of	
  input	
  to	
  unit	
  j	
  grows	
  
with	
  fan-­‐in	
  to	
  j,	
  fj	
  
  Normalize	
  such	
  that	
  variance	
  of	
  input	
  is	
  equal	
  to	
  C2,	
  i.e.,	
  
	
  	
  
	
  
  If	
  input	
  acQviQes	
  lie	
  in	
  [-­‐1,	
  +1],	
  most	
  net	
  inputs	
  will	
  be	
  in	
  [-­‐2C,	
  +2C]	
  

wji ←
C
f j
wji

 wji ∼ Normal(0,1)



RecQfied	
  Linear	
  Units	
  

§  Version	
  1	
  
	
  
	
  

§  Version	
  2	
  

§  Raf,	
  do	
  we	
  need	
  to	
  worry	
  about	
  z=0?	
  

§  Produces	
  sparse	
  acQvity	
  pa^erns	
  
  Any	
  unit	
  that	
  is	
  turned	
  off	
  (y=0)	
  does	
  not	
  learn	
  

§  Avoids	
  vanishing	
  gradient	
  problem	
  
  Any	
  unit	
  that	
  is	
  on	
  (y>0)	
  has	
  a	
  gradient	
  of	
  1	
  
  Possibility	
  of	
  exploding	
  gradients!	
  

§  In	
  terms	
  of	
  implementaQon,	
  V2	
  is	
  much	
  faster	
  than	
  logisQc	
  or	
  V1	
  

y = log(1+ ez )

y = max(0, z)

∂y
∂z

= ez

1+ ez

∂y
∂z

= 0 if z ≤ 0
1 otherwise

⎧
⎨
⎩



RecQfied	
  Linear	
  Units	
  

Hinton	
  argues	
  that	
  this	
  is	
  a	
  form	
  of	
  model	
  averaging	
  

Source:	
  Hinton	
  Coursera	
  slides	




RegularizaQon	
  Techniques	
  

Sot	
  weight	
  constraints	
  
L2	
  weight	
  decay	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  L1	
  weight	
  decay	
  

	
  

	
  
	
  

weight	
  eliminaQon	
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RegularizaQon	
  Techniques	
  

Hard	
  weight	
  constraint	
  
  Ensure	
  that	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  for	
  every	
  unit	
  

  If	
  constraint	
  is	
  violated,	
  rescale	
  all	
  weights:	
  

  My	
  argument	
  for	
  why	
  this	
  works	
  

• With	
  recQfied	
  linear	
  units,	
  rescaling	
  weights	
  simply	
  rescales	
  
outputs	
  (no	
  loss	
  of	
  informaQon),	
  but	
  units	
  are	
  more	
  pliable	
  

• With	
  logisQc	
  units,	
  it	
  does	
  limit	
  nonlinearity	
  but	
  it	
  also	
  keeps	
  
the	
  units	
  more	
  pliable	
  

wji
2 < φ

i
∑

wji ← wji
φ
wji
2

i
∑



Dropout	
  (Hinton,	
  2012)	


ü During	
  training	
  

§  As	
  each	
  training	
  example	
  is	
  presented,	
  randomly	
  remove	
  
a	
  fracQon	
  κ	
  of	
  all	
  hidden	
  units.	
  

§  Can	
  also	
  drop	
  out	
  input	
  units,	
  depending	
  on	
  the	
  domain.	
  

ü During	
  tesQng	
  

§  Include	
  all	
  units	
  in	
  the	
  network.	
  

§ MulQply	
  output	
  of	
  each	
  hidden	
  (or	
  input)	
  unit	
  by	
  κ	
  
  Note:	
  this	
  represents	
  the	
  expected	
  value	
  of	
  the	
  unit	
  during	
  the	
  
training	
  phase	
  



More	
  On	
  Dropout	
  

ü With	
  H	
  hidden	
  units,	
  each	
  of	
  which	
  can	
  be	
  dropped,	
  we	
  
have	
  2H	
  possible	
  models	
  

§  each	
  of	
  these	
  models	
  needs	
  to	
  be	
  able	
  to	
  perform	
  the	
  task	
  

§  no	
  unit	
  can	
  depend	
  on	
  the	
  presence	
  of	
  another	
  unit	
  

ü Each	
  of	
  the	
  2H-­‐1	
  models	
  that	
  include	
  hidden	
  unit	
  h	
  must	
  
share	
  the	
  same	
  weights	
  for	
  the	
  units	
  

§  serves	
  as	
  a	
  form	
  of	
  regularizaQon	
  

§ makes	
  the	
  models	
  cooperate	
  

…	




More	
  On	
  Dropout	
  

ü With	
  one	
  hidden	
  layer	
  and	
  a	
  logisQc	
  output,	
  

§  Including	
  all	
  hidden	
  units	
  at	
  test	
  with	
  a	
  scaling	
  of	
  κ	
  is	
  
exactly	
  equivalent	
  to	
  compuQng	
  the	
  geometric	
  mean	
  
of	
  all	
  2H	
  models	
  

ü With	
  mulQple	
  hidden	
  layers,	
  

§  “pre^y	
  good	
  approximaQon”	
  according	
  to	
  Geoff	
  



ConvoluQonal	
  Architectures	


ü Consider	
  domains	
  with	
  structured	
  or	
  lawced	
  input	
  

§  SpaQal	
  structure	
  
  E.g.,	
  images	
  

§ Temporal	
  structure	
  
  E.g,	
  speech,	
  music	
  

§  SequenQal	
  structure	
  
  E.g.,	
  language,	
  video,	
  DNA	
  

ü A	
  convoluQonal	
  neural	
  net	
  (ConvNet)	
  takes	
  advantage	
  
of	
  this	
  structure	
  through	
  a	
  specialized	
  architecture.	




Recognizing	
  An	
  Image	
  

ü Input	
  is	
  5x5	
  pixel	
  array	
  

ü Simple	
  back	
  propagaQon	
  net	
  like	
  you	
  used	
  in	
  
Assignment	
  3	
  

hidden	
  

output	
  



Recognizing	
  An	
  Object	
  
With	
  Unknown	
  LocaQon	
  

ü Object	
  can	
  appear	
  either	
  in	
  the	
  let	
  image	
  or	
  in	
  the	
  right	
  
image	
  

ü Output	
  indicates	
  presence	
  of	
  object	
  regardless	
  of	
  posiQon	
  

ü What	
  do	
  we	
  know	
  about	
  the	
  weights?	
  

hidden	
  

output	
  

hidden	
  



Generalizing	
  To	
  Many	
  LocaQons	
  

ü Each	
  possible	
  locaQon	
  the	
  object	
  can	
  appear	
  in	
  has	
  its	
  
own	
  set	
  of	
  hidden	
  units	
  

ü Each	
  set	
  detects	
  the	
  same	
  features	
  except	
  in	
  a	
  different	
  
locaQon	
  

ü LocaQons	
  can	
  overlap	
  

hidden	
  

output	
  

hidden	
   hidden	
  



ConvoluQonal	
  Neural	
  Net	
  

ü Each	
  patch	
  of	
  the	
  image	
  is	
  processed	
  by	
  a	
  different	
  set	
  of	
  hidden	
  
units	
  (‘detectors’,	
  ‘features’)	
  

ü But	
  mapping	
  from	
  patch	
  to	
  hidden	
  is	
  the	
  same	
  everywhere	
  

ü Can	
  be	
  in	
  2D	
  as	
  well	
  as	
  1D	
  

ü Achieves	
  translaQon	
  invariant	
  recogniQon	
  

hidden	
  

output	
  

hidden	
   hidden	
  



The	
  Input	
  Layer	
  

ü Input	
  layer	
  typically	
  represents	
  pixels	
  present	
  

§ at	
  a	
  given	
  (x,y)	
  locaQon	
  

§ of	
  a	
  parQcular	
  color	
  (R,	
  G,	
  B)	
  

ü 3D	
  lawce	
  

§ height	
  X	
  width	
  X	
  #	
  channels	
  



The	
  Hidden	
  Layer	
  

ü Each	
  hidden	
  unit	
  (i)	
  is	
  replicated	
  
across	
  lawce	
  

	
  

ü Instead	
  of	
  drawing	
  pools	
  of	
  hidden,	
  
draw	
  one	
  (x,y)	
  lawce	
  for	
  each	
  hidden	
  
unit	
  type	
  (i)	
  

§  Hidden	
  unit	
  i	
  at	
  (x,y)	
  gets	
  input	
  from	
  
a	
  cylinder	
  of	
  acQvity	
  from	
  its	
  corresponding	
  
input	
  patch	
  

§  Each	
  hidden	
  unit	
  in	
  a	
  map	
  has	
  the	
  same	
  
incoming	
  weights	
  

ü  	
  
	
  

hidden	
  

output	
  

hidden	
   hidden	
  



Jargon	
  

ü Each	
  hidden	
  unit	
  lawce	
  

§  also	
  called	
  map,	
  feature,	
  feature	
  type,	
  dimension,	
  channel	
  

ü Weights	
  for	
  each	
  channel	
  

§  also	
  called	
  kernels	
  

ü Input	
  patch	
  to	
  a	
  hidden	
  unit	
  at	
  

§  also	
  called	
  recepQve	
  field	
   c	
  c	
  c	
  c	
  



Pooling	
  /	
  Subsampling	
  

ü If	
  all	
  the	
  hidden	
  units	
  are	
  detecQng	
  the	
  same	
  features,	
  
and	
  we	
  simply	
  want	
  to	
  determine	
  whether	
  the	
  object	
  
appeared	
  in	
  any	
  locaQon,	
  we	
  can	
  combine	
  hidden	
  
representaQons	
  

ü Sum	
  pooling	
  vs.	
  max	
  pooling	
  

hidden	
  

output	
  

hidden	
   hidden	
  

sum	
  of	
  
hidden	
  



TransformaQon	
  types	
  

ü Each	
  layer	
  in	
  a	
  convoluQonal	
  net	
  has	
  a	
  3D	
  lawce	
  structure	
  

§  width	
  X	
  height	
  X	
  feature	
  type	
  
ü Two	
  types	
  of	
  transformaQons	
  between	
  layers	
  

§  convoluQon	
  +	
  acQvaQon	
  funcQon	
  
§  pooling	
  /	
  subsampling	
  

ü Full	
  blown	
  convoluQonal	
  net	
  performs	
  these	
  transformaQons	
  
repeatedly	
  -­‐>	
  Deep	
  net	
  



Videos	
  And	
  Demos	
  

ü LeNet-­‐5	
  

ü Javascript	
  convoluQonal	
  net	
  demo	
  



ImageNet	
  

ü ImageNet	
  

§ >	
  15M	
  high	
  resoluQon	
  images	
  

§ over	
  22K	
  categories	
  

§  labeled	
  by	
  Mechanical	
  Turk	
  workers	
  

ü ImageNet	
  Large-­‐Scale	
  Visual	
  RecogniQon	
  Challenge	
  
(ILSVRC)	
  

§ 2010-­‐2015	
  



2010	
  ImageNet	
  CompeQQon	
  

ü 1.2	
  M	
  training	
  images,	
  1000	
  categories	
  (general	
  and	
  
specific)	
  

ü 200K	
  test	
  images	
  

ü output	
  a	
  list	
  of	
  5	
  object	
  categories	
  in	
  descending	
  order	
  of	
  
confidence	
  

ü two	
  error	
  rates:	
  top-­‐1	
  and	
  top-­‐5	
  
	
  

  

ImageNet

● 15M images in 22K categories

● For this contest: 1.2M images in 1K categories

● Classification: make 5 guesses about label



Krizhevsky,	
  Sutskever,	
  &	
  Hinton	
  (2012)	
  

ü 5	
  convoluQonal	
  layers,	
  split	
  across	
  two	
  GPUs	
  
ü 3	
  fully	
  connected	
  layers	
  
ü 1000-­‐way	
  sotmax	
  output	
  layer	
  
ü 650k	
  units,	
  60M	
  parameters,	
  630M	
  connecQons	
  
ü Trained	
  on	
  2	
  GPUs	
  for	
  about	
  a	
  week	
  with	
  stochasQc	
  gradient	
  descent	
  



Key	
  Ideas	
  

ü ReLU	
  instead	
  of	
  logisQc	
  or	
  tanh	
  units	
  

ü Training	
  on	
  mulQple	
  GPUs	
  

§  cross	
  talk	
  only	
  in	
  certain	
  layers	
  

§ balance	
  speed	
  vs.	
  connecQvity	
  

ü Data	
  set	
  augmentaQon	
  

§ Vary	
  image	
  intensity,	
  color	
  

§ Translate	
  images	
  

§ Horizontal	
  reflecQons	
  

§  Increases	
  size	
  of	
  training	
  set	
  by	
  a	
  factor	
  of	
  2048	
  

	
  

	
  







2010	
  Results	
  

  

Results

Team Score

SuperVision 0.15315

ISI 0.26172

OXFORD_VGG 0.26979

XRCE/INRIA 0.27058

University of Amsterdam 0.29576

LEAR-XRCE 0.34464

2013: Down to 11% error 



Image	
  CapQoning:	
  The	
  Latest	
  Fad	
  

ü Deep	
  Visual-­‐SemanQc	
  Alignments	
  for	
  GeneraQng	
  
Image	
  DescripQons	
  

§ Karpathy	
  &	
  Fei-­‐Fei	
  (Stanford)	
  

ü Show	
  and	
  Tell:	
  A	
  Neural	
  Image	
  CapQon	
  Generator	
  

§ Vinyals,	
  Toshev,	
  Bengio,	
  Erhan	
  (Google)	
  

ü Deep	
  CapQoning	
  with	
  MulQmodal	
  Recurrent	
  Nets	
  

§ Mao,	
  Xu,	
  Yang,	
  Wang,	
  Yuille	
  (UCLA,	
  Baidu)	
  

ü Four	
  more	
  at	
  end	
  of	
  class…	
  







Failures	
  



END	




CondiQoning	
  The	
  Input	
  Vectors	
  

ü If	
  mi	
  is	
  the	
  mean	
  acQvity	
  of	
  input	
  unit	
  i	
  over	
  the	
  
training	
  set	
  and	
  si	
  is	
  the	
  std	
  dev	
  over	
  the	
  training	
  set	
  

ü For	
  each	
  input	
  (in	
  both	
  training	
  and	
  test	
  sets),	
  
normalize	
  by	
  	
  

	
  

	
  

§ where	
  	
  	
  	
  	
  	
  	
  is	
  the	
  training	
  set	
  mean	
  acQvity	
  and	
  
is	
  the	
  std	
  deviaQon	
  of	
  the	
  training	
  set	
  acQviQes	
  

xi
α ← xi

α − xi
si

xi si



CondiQoning	
  The	
  Hidden	
  Units	
  

ü If	
  you’re	
  using	
  logisQc	
  units,	
  then	
  replace	
  logisQc	
  output	
  
with	
  funcQon	
  scaled	
  from	
  -­‐1	
  to	
  +1	
  

§ With	
  net=0,	
  y=0	
  

§ Will	
  tend	
  to	
  cause	
  biases	
  to	
  be	
  closer	
  to	
  zero	
  and	
  more	
  on	
  
the	
  same	
  scale	
  as	
  other	
  weights	
  in	
  network	
  

§ Will	
  also	
  saQsfy	
  assumpQon	
  I	
  make	
  to	
  condiQon	
  iniQal	
  
weights	
  and	
  weight	
  updates	
  for	
  the	
  units	
  in	
  the	
  next	
  layer	
  

§  tanh	
  funcQon	
  

y = 2
1+ e−net

−1 ∂y
∂net

= 1
2
(1+ y)(1− y)



Sewng	
  Learning	
  Rates	
  I	
  

ü  IniQal	
  guess	
  for	
  learning	
  rate	
  

§  If	
  error	
  doesn’t	
  drop	
  consistently,	
  lower	
  iniQal	
  learning	
  rate	
  and	
  try	
  again	
  

§  If	
  error	
  falls	
  reliably	
  but	
  slowly,	
  increase	
  learning	
  rate.	
  

ü Toward	
  end	
  of	
  training	
  

§  Error	
  will	
  oten	
  ji^er,	
  at	
  which	
  point	
  you	
  can	
  lower	
  the	
  learning	
  rate	
  down	
  to	
  
0	
  gradually	
  to	
  clean	
  up	
  weights	
  

ü Remember,	
  plateaus	
  in	
  error	
  oten	
  look	
  like	
  minima	
  

§  be	
  paQent	
  

§  have	
  some	
  idea	
  a	
  priori	
  how	
  well	
  you	
  expect	
  your	
  network	
  to	
  be	
  doing,	
  and	
  
print	
  staQsQcs	
  during	
  training	
  that	
  tell	
  you	
  how	
  well	
  it’s	
  doing	
  

§  plot	
  epochwise	
  error	
  as	
  a	
  funcQon	
  of	
  epoch,	
  even	
  if	
  you’re	
  doing	
  minibatches	
  

NormalizedError =
(tα − yα )2∑
(tα − t )2∑



Sewng	
  Learning	
  Rates	
  II	
  

ü Momentum	
  

§  	
  	
  

ü AdapQve	
  and	
  neuron-­‐specific	
  learning	
  rates	
  

§ Observe	
  error	
  on	
  epoch	
  t-­‐1	
  and	
  epoch	
  t	
  

§  If	
  decreasing,	
  then	
  increase	
  global	
  learning	
  rate,	
  εglobal,	
  by	
  
an	
  addiQve	
  constant	
  

§  If	
  increasing,	
  decrease	
  global	
  learning	
  rate	
  by	
  a	
  
mulQplicaQve	
  constant	
  

§  If	
  fan-­‐in	
  of	
  neuron	
  j	
  is	
  fj,	
  then	
  

Δwt+1 = θΔwt − (1−θ )ε
∂E
∂wt

ε j = εglobal f j



Sewng	
  Learning	
  Rates	
  III	
  

ü Mike’s	
  hack	
  

ü IniQalizaQon	
  
  epsilon = .01!
inc = epsilon / 10!
if (batch_mode_training) !
   scale = .5 !
else !
   scale = .9 !

ü Update	
  
  if (current_epoch_error < previous_epoch_error) !
   epsilon = epsilon + inc!
   saved_weights = weights !
else !
   epsilon = epsilon * scale !
   inc = epsilon / 10 !
   if (batch_mode_training) !
      weights = saved_weights!



Sewng	
  Learning	
  Rates	
  IV	
  

ü rmsprop	
  

§ Hinton	
  lecture	
  

ü Exploit	
  opQmizaQon	
  methods	
  using	
  curvature	
  

§ Requires	
  computaQon	
  of	
  Hessian	
  



When	
  To	
  Stop	
  Training	
  

ü 1.	
  Train	
  n	
  epochs;	
  lower	
  learning	
  rate;	
  train	
  m	
  epochs	
  

§  bad	
  idea:	
  can’t	
  assume	
  one-­‐size-­‐fits-­‐all	
  approach	
  

ü 2.	
  Error-­‐change	
  criterion	
  

§  stop	
  when	
  error	
  isn’t	
  dropping	
  

§ My	
  recommendaQon:	
  criterion	
  based	
  on	
  %	
  drop	
  over	
  a	
  
window	
  of,	
  say,	
  10	
  epochs	
  
  1	
  epoch	
  is	
  too	
  noisy	
  

  absolute	
  error	
  criterion	
  is	
  too	
  problem	
  dependent	
  

§  Karl’s	
  idea:	
  train	
  for	
  a	
  fixed	
  number	
  of	
  epochs	
  ater	
  
criterion	
  is	
  reached	
  (possibly	
  with	
  lower	
  learning	
  rate)	
  



When	
  To	
  Stop	
  Training	
  

ü 3.	
  Weight-­‐change	
  criterion	
  

§ Compare	
  weights	
  at	
  epochs	
  t-­‐10	
  and	
  t	
  and	
  test:	
  
	
  

§ Don’t	
  base	
  on	
  length	
  of	
  overall	
  weight	
  change	
  vector	
  

§ Possibly	
  express	
  as	
  a	
  percentage	
  of	
  the	
  weight	
  

§ Be	
  cauQous:	
  small	
  weight	
  changes	
  at	
  criQcal	
  points	
  
can	
  result	
  in	
  rapid	
  drop	
  in	
  error	
  

maxi wi
t −wi

t−10 <θ


