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Projects	
  (40%)	
  

Three	
  Project	
  OpKons	
  

1)	
  Summary	
  of	
  final	
  project	
  proposal	
  (5%):	
  1	
  page	
  
(template)	
  due	
  Tuesday	
  Nov	
  10	
  on	
  stellar	
  

– Each	
  person	
  submits	
  a	
  file,	
  but	
  it	
  can	
  be	
  the	
  same	
  
within	
  a	
  team	
  

2)	
  Research	
  component	
  of	
  final	
  project	
  (30%,	
  template)	
  
and	
  final	
  presentaKon	
  (5%).	
  
– PresentaKon	
  (2-­‐5	
  minutes	
  each):	
  Dec	
  3	
  (challenge),	
  
Dec	
  8	
  (projects)	
  

– Everybody	
  in	
  6.868	
  presents.	
  



Summary	
  of	
  Project	
  Proposal	
  

•  The	
  same	
  proposal	
  can	
  be	
  submiAed	
  by	
  all	
  the	
  team	
  members	
  (put	
  the	
  
name	
  of	
  your	
  teammates	
  when	
  submiXng	
  to	
  stellar).	
  	
  

•  The	
  project	
  proposal	
  should	
  be	
  one	
  page	
  maximum	
  this	
  template:	
  

•  What	
  is	
  the	
  problem/ques2on	
  that	
  you	
  will	
  be	
  invesKgaKng?	
  	
  

•  What	
  are	
  the	
  most	
  relevant	
  readings?	
  (2-­‐4	
  papers)	
  
•  What	
  data	
  will	
  you	
  use?	
  	
  

•  What	
  method	
  or	
  algorithm	
  will	
  you	
  use?	
  For	
  challenge/deep	
  network:	
  
what	
  changes	
  do	
  you	
  plan	
  to	
  do?	
  

•  How	
  will	
  you	
  evaluate	
  your	
  results?	
  	
  

	
  	
  	
  	
  	
  QualitaKvely,	
  what	
  kind	
  of	
  results	
  do	
  you	
  expect	
  (e.g.	
  plots	
  or	
  figures)	
  
	
  	
  	
  	
  	
  QuanKtaKvely,	
  what	
  kind	
  of	
  analysis	
  will	
  you	
  use	
  to	
  evaluate	
  and/or	
  

compare	
  your	
  results	
  (e.g.	
  what	
  performance	
  metrics	
  or	
  staKsKcal	
  tests)?	
  	
  



Project	
  :	
  A	
  survey	
  (individual)	
  
only	
  for	
  6.819	
  	
  

•  Select	
  a	
  topic	
  (e.g.	
  texture	
  synthesis,	
  face	
  recogniKon,	
  
saliency	
  models,	
  computaKonal	
  neuroscience	
  models	
  of	
  
object	
  recogniKon,	
  machine	
  learning	
  techniques	
  for	
  vision,	
  
etc).	
  

•  Select	
  10-­‐12	
  papers:	
  Project	
  template	
  to	
  submit	
  on	
  stellar	
  
is	
  the	
  2tle	
  of	
  your	
  survey	
  and	
  the	
  reference	
  list	
  of	
  10-­‐12	
  
papers	
  

•  Write	
  a	
  2500	
  words	
  survey	
  arKcle	
  (a	
  survey	
  template	
  will	
  be	
  
given).	
  	
  

•  You	
  can	
  opt	
  for	
  that	
  opKon	
  and	
  change	
  from	
  a	
  coding	
  
project	
  to	
  the	
  survey,	
  at	
  any	
  moment	
  before	
  Thanksgiving.	
  

•  QuesKon:	
  contact	
  Aude	
  (oliva@mit.edu)	
  



Project:	
  Your	
  own	
  project	
  
2-­‐4	
  people	
  

•  Applica2ons/Models.	
  If	
  you	
  have	
  access	
  to	
  a	
  
specific	
  large	
  image	
  dataset	
  (e.g.	
  biology,	
  
engineering,	
  physics,	
  neuroscience)	
  and	
  a	
  
categorizaKon	
  task,	
  you	
  can	
  apply	
  models	
  to	
  this	
  
problem.	
  

•  From	
  what	
  you	
  learn	
  in	
  class,	
  you	
  can	
  choose	
  a	
  
topic/quesKon	
  and	
  propose	
  an	
  approach/model	
  
(including	
  quesKons	
  related	
  to	
  neuroscience).	
  

•  Submit	
  also	
  the	
  proposal	
  to	
  stellar	
  



Project:	
  Mini	
  Places	
  Challenge	
  
Goal:	
  Build	
  the	
  best	
  classifier	
  you	
  can	
  for	
  scenes	
  	
  





The	
  evoluKon	
  of	
  vision	
  databases	
  

# images 103 	
  	
  	
  	
  	
  	
  	
  105 	
  	
  	
  	
  	
  	
  	
  109 	
  	
  	
  	
  	
  	
  	
  107 104 106 108 

COIL-­‐20	
  
Caltech	
  101	
  

PASCAL	
  (2005)	
  Caltech-­‐4	
  (2003)	
  

MNIST	
  
(1998)	
  

2	
  year	
  	
  
old	
  kid	
  

(2009)	
  

Object-­‐centered	
  datasets	
  



Slide	
  from	
  Fei-­‐Fei	
  Li	
  &	
  Andrej	
  Karpathy	
  

Top	
  5	
  categories	
  



The	
  evoluKon	
  of	
  vision	
  databases	
  

# images 103 	
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COIL-­‐20	
  
Caltech	
  101	
  

PASCAL	
  (2005)	
  Caltech-­‐4	
  (2003)	
  

MNIST	
  
(1998)	
  

2	
  year	
  	
  
old	
  kid	
  

SUN database (2010) 
8 scenes database (2001) 

15 scenes database (2006) 

(2009)	
  

Object-­‐centered	
  datasets	
  

Scene-­‐centered	
  datasets	
  



Xiao et al (2010), CVPR, Ehinger et al (2011) 



SUN	
  dataset:	
  900	
  Scene	
  Categories	
  
&	
  130,000	
  images	
  



SUN	
  dataset:	
  Entry-­‐level	
  category	
  labels	
  

Ballroom Car interior - backseat Wine cellar 



SUN	
  dataset:	
  Hierarchical	
  organizaKon	
  



The	
  evoluKon	
  of	
  scene	
  and	
  object	
  centered	
  databases	
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PASCAL	
  (2005)	
  Caltech-­‐4	
  (2003)	
  

MNIST	
  
(1998)	
  

2	
  year	
  	
  
old	
  kid	
  

SUN database (2010) 
8 scenes database (2001) 

15 scenes database (2006) 

(2009)	
  



ComputaKon	
  with	
  millions	
  of	
  pictures	
  of	
  
places,	
  scenes,	
  environments	
  –	
  	
  
Where	
  you	
  and	
  objects	
  are	
  
Start	
  with	
  60	
  million	
  images	
  









abandoned,	
  acceptable,	
  accessible,	
  addiKonal,	
  adjacent,	
  adverKsed,	
  affordable,	
  air-­‐condiKoned,	
  alternaKve,	
  american,	
  amusing,	
  ancient,	
  anKque,	
  appealing,	
  appropriate,	
  architectural,	
  asian,	
  
astonishing,	
  astounding,	
  aAracKve,	
  austere,	
  authenKc,	
  available,	
  average,	
  awesome,	
  beauKful,	
  beguiling,	
  beloved,	
  best,	
  beAer,	
  beAer-­‐known,	
  big,	
  bigger,	
  biggest,	
  bizarre,	
  black,	
  black-­‐and-­‐
white,	
  bland,	
  boring,	
  breezy,	
  brick-­‐built,	
  bright,	
  brighter,	
  brightest,	
  brilliant,	
  broken,	
  busiest,	
  business-­‐like,	
  bustling,	
  busy,	
  central,	
  centralized,	
  certain,	
  changed,	
  changing,	
  charming,	
  cheap,	
  
cheaper,	
  cheapest,	
  cheerful,	
  cheerless,	
  cheery,	
  cherished,	
  chilling,	
  chilly,	
  civilized,	
  classic,	
  classical,	
  clean,	
  cleaner,	
  clear,	
  clearer,	
  clinical,	
  closer,	
  closest,	
  closing,	
  cloudy,	
  coastal,	
  cold,	
  coldest,	
  
colourful,	
  comfortable,	
  comforKng,	
  comfortless,	
  comfy,	
  common,	
  comparable,	
  comparaKve,	
  compeKKve,	
  complementary,	
  complete,	
  complex,	
  complicated,	
  concealed,	
  conceivable,	
  confined,	
  
considerable,	
  contemporary,	
  cool,	
  coolest,	
  cosmopolitan,	
  cost-­‐effecKve,	
  cosy,	
  cozy,	
  cream-­‐white,	
  creaKve,	
  crowded,	
  culKvated,	
  cultural,	
  current,	
  damp,	
  dangerous,	
  dark,	
  darkened,	
  darker,	
  
darkest,	
  decoraKve,	
  delighkul,	
  designated,	
  designed,	
  desirable,	
  desired,	
  desolate,	
  desolated,	
  different,	
  difficult,	
  dilapidated,	
  dim,	
  dimly-­‐lit,	
  dingy,	
  dirty,	
  disadvantageous,	
  disorderly,	
  do-­‐it-­‐
yourself,	
  domesKc,	
  double,	
  double-­‐fronted,	
  double-­‐length,	
  downtown,	
  drab,	
  dreadful,	
  driest,	
  dry,	
  dual,	
  dull,	
  duller,	
  dullest,	
  dusty,	
  early,	
  economic,	
  economical,	
  elegant,	
  embarrassing,	
  empty,	
  
enormous,	
  especial,	
  european,	
  everyday,	
  exciKng,	
  exemplary,	
  exoKc,	
  exterior,	
  external,	
  extraordinary,	
  extravagant,	
  familiar,	
  famous,	
  fancy,	
  fantasKc,	
  far-­‐away,	
  fascinaKng,	
  fashionable,	
  
fashioned,	
  favourable,	
  ficKonal,	
  ficKKous,	
  filmed,	
  filthy,	
  fine,	
  foggy,	
  foreign,	
  formal,	
  fractured,	
  friendly,	
  frightening,	
  frighkul,	
  frosty,	
  frozen,	
  frustraKng,	
  full,	
  funny,	
  furnished,	
  fuzzy,	
  gaudy,	
  
ghastly,	
  ghostly,	
  glamorous,	
  glassy,	
  glazed,	
  gliAering,	
  gloomy,	
  glorious,	
  glossy,	
  godlike,	
  gold-­‐plated,	
  good,	
  gorgeous,	
  graceful,	
  gracious,	
  grand,	
  gray,	
  great,	
  greatest,	
  green,	
  greener,	
  grey,	
  grisly,	
  
gruesome,	
  habitable,	
  habitual,	
  handy,	
  happy,	
  harmonious,	
  harrowing,	
  harsh,	
  hazardous,	
  healthful,	
  healthy,	
  heart-­‐breaking,	
  heart-­‐rending,	
  heavy,	
  hideous,	
  hiding,	
  higgledy-­‐piggledy,	
  high,	
  
hilarious,	
  historic,	
  historical,	
  holiest,	
  home,	
  horizontal,	
  hospitable,	
  hosKle,	
  hot,	
  huge,	
  humid,	
  idyllic,	
  illegal,	
  imaginary,	
  immaculate,	
  immense,	
  imminent,	
  immortal,	
  impassable,	
  impassioned,	
  
impersonal,	
  important,	
  impossible,	
  impressive,	
  improbable,	
  improper,	
  inauspicious,	
  inconceivable,	
  inconvenient,	
  incredible,	
  independent,	
  individual,	
  indoor,	
  industrial,	
  ineffable,	
  inexpensive,	
  
informal,	
  inhabited,	
  inhospitable,	
  iniKal,	
  innovatory,	
  innumerable,	
  insecure,	
  insignificant,	
  inspiring,	
  integrated,	
  intenKonal,	
  interesKng,	
  intermediate,	
  internal,	
  internaKonal,	
  inKmidaKng,	
  
intriguing,	
  inviKng,	
  irraKonal,	
  irregular,	
  isolated,	
  joint,	
  joyful,	
  key,	
  known,	
  large,	
  large-­‐scale,	
  largest,	
  less-­‐favored,	
  lesser,	
  licensed,	
  lifeless,	
  light,	
  limited,	
  liAle,	
  liAle-­‐frequented,	
  liAle-­‐known,	
  
lively,	
  living,	
  local,	
  lomy,	
  logical,	
  lone,	
  long,	
  long-­‐awaited,	
  long-­‐forgoAen,	
  long-­‐inhabited,	
  long-­‐neXng,	
  long-­‐stays,	
  long-­‐term,	
  lost,	
  lousy,	
  lovely,	
  low,	
  low-­‐ceilinged,	
  low-­‐cost,	
  low-­‐energy,	
  lower,	
  
lucky,	
  luxury,	
  magical,	
  magnificent,	
  main,	
  majesKc,	
  major,	
  marginal,	
  marine,	
  marvellous,	
  massive,	
  masterful,	
  maximum,	
  mean,	
  meaningless,	
  mechanised,	
  medieval,	
  mediocre,	
  medium-­‐sized,	
  
melancholy,	
  memorable,	
  messy,	
  middle,	
  middle-­‐order,	
  mighty,	
  miniature,	
  minor,	
  miserable,	
  missing,	
  misty,	
  mixed,	
  modern,	
  moist,	
  mouldy,	
  mountainous,	
  moving,	
  muddy,	
  mulK-­‐funcKonal,	
  
mulKple,	
  mundane,	
  murky,	
  musty,	
  muted,	
  mysterious,	
  mysterious-­‐looking,	
  mysKc,	
  mysKcal,	
  mythic,	
  naff,	
  named,	
  nameless,	
  narrow,	
  naKonal,	
  naKve,	
  natural,	
  naturalisKc,	
  nearby,	
  neat,	
  
necessary,	
  neglected,	
  neighboring,	
  new,	
  nice,	
  night-­‐Kme,	
  nineteenth-­‐century,	
  noisy,	
  nondescript,	
  normal,	
  northern,	
  notable,	
  notorious,	
  numerous,	
  odd,	
  odorous,	
  official,	
  old,	
  only,	
  open,	
  open-­‐
air,	
  operaKc,	
  orderly,	
  ordinary,	
  organic,	
  original,	
  ornamental,	
  out-­‐of-­‐homes,	
  out-­‐of-­‐the-­‐way,	
  outdoor,	
  outlying,	
  outside,	
  outstanding,	
  over-­‐crowded,	
  overgrown,	
  overwhelming,	
  paid,	
  painful,	
  
painted,	
  palaKal,	
  pastoral,	
  peaceful,	
  peculiar,	
  perfect,	
  periodic,	
  peripheral,	
  permanent,	
  permiAed,	
  personal,	
  peAy,	
  pictorial,	
  picturesque,	
  piKful,	
  placid,	
  plain,	
  planted,	
  pleasant,	
  pleasing,	
  
poisonous,	
  poor,	
  popular,	
  populated,	
  populous,	
  posiKve,	
  possible,	
  post-­‐war,	
  posterior,	
  postmodern,	
  potenKal,	
  powerful,	
  pracKcal,	
  pre-­‐arranged,	
  pre-­‐eminent,	
  precise,	
  predictable,	
  present,	
  
present-­‐day,	
  preserved,	
  preAy,	
  previous,	
  pricey,	
  primal,	
  prior,	
  private,	
  privileged,	
  probable,	
  professional,	
  profitable,	
  promising,	
  proven,	
  public,	
  pure,	
  queer,	
  quiet,	
  rainy,	
  rare,	
  real,	
  realisKc,	
  
reasonable,	
  rebuilt,	
  recent,	
  recognized,	
  recommended,	
  reconstructed,	
  recreated,	
  recurring,	
  red,	
  red-­‐brick,	
  redundant,	
  refused,	
  regional,	
  regular,	
  related,	
  relaKve,	
  relaxing,	
  relevant,	
  reliable,	
  
religious,	
  remaining,	
  remarkable,	
  remote,	
  rented,	
  representaKve,	
  reputable,	
  required,	
  reserved,	
  residenKal,	
  respectable,	
  respected,	
  reskul,	
  restless,	
  restricted,	
  retail,	
  rich,	
  ridiculous,	
  right,	
  
rigid,	
  river-­‐crossing,	
  rocky,	
  romanKc,	
  rural,	
  sacred,	
  sad,	
  safe,	
  salubrious,	
  saKsfying,	
  scary,	
  scaAered,	
  scenic,	
  scienKfic,	
  secondary,	
  secret,	
  secured,	
  selected,	
  senior,	
  separated,	
  serious,	
  sexy,	
  
shiny,	
  shocking,	
  shoddy,	
  short-­‐term,	
  significant,	
  silent,	
  silly,	
  similar,	
  simple,	
  single,	
  sizable,	
  slack,	
  small,	
  smelly,	
  smoke-­‐free,	
  smoking,	
  snowy,	
  sobering,	
  som,	
  solid,	
  sombre,	
  soothing,	
  
sophisKcated,	
  sorrowful,	
  sound-­‐filled,	
  southern,	
  spare,	
  spaKal,	
  special,	
  specialized,	
  spectacular,	
  sporKng,	
  stable,	
  standard,	
  staKc,	
  steady,	
  sKfling,	
  strange,	
  stressful,	
  striking,	
  stunning,	
  
stupendous,	
  stupid,	
  stylish,	
  successful,	
  sufficient,	
  sunny,	
  super,	
  superb,	
  superior,	
  surrealisKc,	
  suspicious,	
  symbolic,	
  teenage,	
  terrible,	
  terrific,	
  theoreKcal,	
  thrilling,	
  thriving,	
  Kdier,	
  Kght,	
  Kny,	
  
tough,	
  tragic,	
  unaAracKve,	
  unbelievable,	
  uncertain,	
  unchanging,	
  uncharted,	
  uncivilized,	
  uncomfortable,	
  unconvenKonal,	
  underground,	
  underwater,	
  undisturbed,	
  uneven,	
  unexpected,	
  
unfamiliar,	
  unforgeAable,	
  unfriendly,	
  unhappy,	
  unhealthy,	
  unimportant,	
  unknown,	
  unnatural,	
  unnecessary,	
  unparalleled,	
  unpleasant,	
  unsafe,	
  unseemly,	
  unsuitable,	
  unusual,	
  upmarket,	
  urban,	
  
vague,	
  valuable,	
  varied,	
  various,	
  verKcal,	
  very,	
  vibrant,	
  virtual,	
  visual,	
  vital,	
  vivid,	
  voluntary,	
  vulgar,	
  vulnerable,	
  wacky,	
  waiKng,	
  warm,	
  wealthy,	
  weeping,	
  weird,	
  weird-­‐looking,	
  well-­‐assured,	
  
well-­‐defended,	
  well-­‐designed,	
  well-­‐hidden,	
  well-­‐insulated,	
  well-­‐known,	
  well-­‐lit,	
  well-­‐loved,	
  well-­‐ordered,	
  well-­‐organized,	
  well-­‐secured,	
  well-­‐sheltered,	
  well-­‐used,	
  wet,	
  white,	
  whole,	
  wicked,	
  
wide,	
  widespread,	
  wild,	
  windy,	
  wintering,	
  wonderful,	
  wondrous,	
  wooded,	
  wordless,	
  working,	
  worldly,	
  worldwide,	
  worst,	
  worthwhile,	
  worthy,	
  wretched,	
  wrong,	
  young,	
  yucky,	
  	
  

Improving	
  diversity	
  

















Amazon	
  Mechanical	
  Turk:	
  
Single	
  Image	
  ClassificaKon	
  



Amazon	
  Mechanical	
  Turk:	
  
Single	
  Image	
  ClassificaKon	
  



Amazon	
  Mechanical	
  Turk:	
  
Single	
  Image	
  ClassificaKon	
  –	
  Second	
  	
  





A	
  signature	
  of	
  Prototypicality	
  
Fast	
  RT	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Slow	
  RT	
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Nov	
  2015:	
  Top	
  5	
  error:	
  25%	
  



Convolutional Neural Network

ConvoluKon	
   Max	
  pooling	
   NormalizaKon	
   Fully	
  connected	
  



Convolutional Neural Network

ConvoluKon	
   Max	
  pooling	
   NormalizaKon	
   Fully	
  connected	
  

More	
  semanKcally	
  meaningful	
  



Mini	
  Place	
  challenge:	
  100	
  categories	
  
readme.txt	
  

•  Training	
  data	
  (100K	
  -­‐	
  1000	
  images	
  per	
  category),	
  
ValidaKon	
  data	
  (10K,	
  100	
  images	
  per	
  category),	
  
Test	
  data	
  (10K	
  –	
  100	
  images	
  per	
  category).	
  Jpeg,	
  
128	
  *	
  128	
  

•  Object	
  annotaKons	
  for	
  a	
  subset	
  of	
  the	
  images	
  –	
  
3503	
  train	
  images	
  and	
  371	
  validaKon	
  images	
  

•  The	
  evaluaKon	
  server	
  available	
  from	
  Tuesday	
  Nov	
  
24	
  –	
  submit	
  your	
  predicKon	
  of	
  the	
  test	
  set	
  for	
  
final	
  evaluaKon	
  and	
  ranking	
  in	
  the	
  challenge	
  
leaderboard.	
  Open	
  unKl	
  Dec	
  1.	
  

•  Errors	
  with	
  5	
  guesses	
  will	
  be	
  used	
  to	
  rank	
  the	
  
results	
  and	
  determine	
  the	
  winner	
  



Mini	
  Place	
  challenge	
  
Examples	
  of	
  things	
  to	
  do	
  

•  	
  Train	
  different	
  types	
  of	
  classifiers	
  such	
  as	
  classifiers	
  on	
  
objects	
  and	
  scenes	
  to	
  improve	
  scene	
  classificaKon	
  

•  Train	
  a	
  variety	
  of	
  networks	
  and	
  try	
  ensemble	
  methods	
  
(combine	
  outputs	
  from	
  various	
  networks	
  trained	
  with	
  
different	
  random	
  seeds	
  and/or	
  also	
  networks	
  with	
  different	
  
architectures)	
  

•  Try	
  averaging	
  the	
  predicKon	
  from	
  mulKple	
  crops	
  
•  Try	
  different	
  architectures	
  of	
  deep	
  networks	
  on	
  mini	
  places	
  

dataset	
  (different	
  numbers	
  of	
  units	
  per	
  layer,	
  types	
  of	
  
acKvaKon	
  funcKons	
  for	
  neurons	
  for	
  different	
  layers,	
  provide	
  
supervision	
  to	
  intermediate	
  layers)	
  

•  Try	
  out	
  different	
  learning	
  parameters	
  (i.e.,	
  learning	
  rate,	
  
weight	
  decay,	
  momentum	
  and	
  so	
  on)	
  to	
  maximize	
  
performance	
  


