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Good	  ideas	  do	  not	  die?	  

Ex.nc.ons	  do	  not	  happen	  without	  real	  reasons.	  
Time	  to	  re-‐read	  “Perceptrons”.	  

1960	   1970	   1980	   1990	   2000	   2010	  

Perceptrons	  
Minsky	  &	  Papert	  
1968	  

Never	  made	  
sense	  to	  me!	  

	  	  	  	  back	  prop	   deep	  lea	  	  	  	  	  perceptrons	  



A	  Random	  Walk…	  

1.  What’s	  in	  the	  book?	  
2.  Computer	  Science	  versus	  Cyberne.cs	  
3.  Building	  on	  the	  Work	  of	  Others	  



I. What’s in the book? 

The perceptron algorithm 



The	  perceptron	  

Supervised	  learning	  of	  	  using	  the	  perceptron	  algorithm.	  

Linear threshold unit 



Order-‐k	  Perceptron	  

Metaphor	  for	  parallel	  computa.on	  
-‐  Targets	  what	  can	  be	  computed	  by	  RosenblaU’s	  perceptron.	  	  
-‐  Also	  describes	  what	  can	  be	  computed	  by	  a	  convnet	  with	  a	  final	  pooling	  layer.	  
-‐  Similar	  techniques	  could	  characterize	  what	  can	  be	  computed	  with	  map/reduce	  

No	  more	  than	  k	  
Boolean	  inputs	  

Linear	  threshold	  
func.on	  Not	  limited	  



Boolean	  predicates	  and	  Perceptrons	  

Take	  simple	  Boolean	  predicates	  
and	  establish	  their	  order	  requirements.	  
•  Focus	  on	  group	  invariant	  predicates:	  

– Parity	  has	  “infinite”	  order.	  
•  Geometrical	  predicates:	  

– Connectedness	  has	  infinite	  order.	  
– Euler	  number	  has	  low	  order.	  
– Etc.	  with	  caveats	  

This	  is	  
absolutely	  
brilliant!	  



Strong	  opinions	  



Strong	  opinions	  



Connectedness	  

Is	  a	  shape	  made	  of	  a	  single	  connected	  component?	  

No	  small-‐order	  perceptron	  can	  say.	  



Connectedness	  

But	  a	  simple	  algorithm	  
provably	  can	  compute	  
“connectedness”	  



Is	  connectedness	  important?	  



Scene	  analysis	  



Scene	  analysis	  

•  A	  smart	  program	  may	  provably	  solve	  such	  “dreamed”	  scenes.	  
•  But	  why	  should	  scenes	  like	  this	  be	  relevant	  to	  real	  scenes.	  
•  Are	  they	  le@ng	  us	  down?	  



Is	  connectedness	  easy	  for	  us?	  



What	  is	  easy	  for	  us?	  

This	  shape	  
represents	  a	  

mouse	  

This	  shape	  
represents	  a	  

piece	  of	  cheese	  



Are	  there	  provable	  algorithms	  for	  

•  “Connectedness”	  has	  a	  clear	  and	  compact	  
mathema.cal	  specifica.on.	  

•  “Mouseness”	  and	  “cheesiness”	  do	  not.	  

“Mouseness?”	   “Cheesiness?”	  



Why	  prove	  theorems?	  

Are	  we	  dealing	  with	  	  
an	  abstract	  science	  (like	  maths)	  or	  	  
an	  empirical	  science	  (like	  physics)?	  

In	  the	  case	  of	  an	  empirical	  science,	  	  
•  we	  cannot	  only	  prove	  theorems,	  and	  	  
•  we	  cannot	  only	  run	  experiments	  either.	  

	  	  

Their	  answer	  
is	  technically	  

correct	  



II. Computer Science 
versus Cybernetics 



The	  perceptron	  is	  not	  	  
an	  algorithm	  that	  runs	  on	  a	  computer	  

Linear threshold unit 



The	  perceptron	  is	  a	  machine	  

Frank	  RosenblaU	  



The	  perceptron	  is	  the	  computer	  

§  Tasks	  that	  vintage	  computers	  could	  not	  match.	  
§  Alterna.ve	  computer	  architecture?	  	  Analog	  computer?	  



How	  to	  build	  compu.ng	  machines?	  

§  	  Which	  model	  to	  emulate	  :	  brain	  or	  mathema.cal	  logic	  ?	  
§  	  Mathema.cal	  logic	  has	  won.	  	  Why?	  



Compu.ng	  with	  symbols	  

General	  compu.ng	  machines	  
§  Turing	  machine	  
§  von	  Neumann	  machine	  

Engineering	  
§  Programming	  
	  =	  reducing	  a	  complex	  task	  into	  
	  	  	  	  a	  collecFon	  of	  simple	  tasks.	  

§  Computer	  language	  
§  Debugging	  
§  OS	  
§  API	  

	  



CS	  as	  an	  Abstract	  Science	  

What	  cons.tutes	  a	  result?	  
ü 	  	  An	  algorithm	  that	  
ü 	  	  provably	  fulfills	  a	  mathema.cal	  specifica.on	  	  
ü 	  	  with	  bounds	  on	  its	  resource	  demands.	  

No	  need	  for	  a	  real	  computer.	  
No	  need	  for	  data	  either.	  



CS	  as	  an	  Abstract	  Science	  
Example:	  
ü  	  Quicksort	  
ü  	  sorts	  an	  array	  of	  n	  elements	  
ü  	  in	  O(nlogn)	  .me	  and	  O(n)	  memory	  
	  
Such	  elementary	  results	  are	  fantas.cally	  useful.	  
Programming	  =	  Reducing	  a	  complex	  problem	  to	  a	  
collec.on	  of	  simpler	  problems	  amenable	  to	  known	  
algorithms.	  

Analogy	  with	  proving	  mathema.cal	  theorems	  



Building	  on	  the	  work	  of	  others	  

•  Big	  things	  demand	  lots	  of	  people.	  
•  Gefng	  lots	  of	  people	  to	  work	  together	  is	  hard.	  
•  Mathema.cal	  logic	  offers	  a	  lot	  of	  support	  for	  good	  

computer	  science	  engineering	  prac.ces.	  

Evidence:	  a	  significant	  fracFon	  of	  the	  CS	  literature	  aims	  at	  
helping	  collaboraFon	  (code	  reuse,	  soPware	  components,...)	  

How	  to	  build	  computers?	  
Mathema.cal	  logic	  has	  won.	  
Why?	  



Same	  place	  (MIT)	  
About	  the	  same	  .me	  (1964-‐68)	  

The	  book	  acknowledges	  produc.ve	  input	  from	  R.	  M.	  Fano.	  
Watch	  the	  full	  video	  on	  YouTube!	  



Learning	  as	  a	  sokware	  components	  

“ML	  system	  X	  recognizes	  faces	  with	  95%	  accuracy”	  
•  This	  statement	  only	  applies	  to	  	  

a	  precise	  distribu.on	  of	  tes.ng	  examples.	  	  
•  Using	  X	  with	  different	  faces	  may	  not	  work	  as	  well.	  

Example:	  Using	  X	  with	  children	  faces	  may	  not	  work	  at	  all	  
because	  the	  children	  face	  are	  precisely	  the	  5%	  that	  did	  
not	  work	  well.	  

•  This	  is	  painful	  for	  programmers.	  
Using	  X	  in	  an	  innovaFve	  way	  may	  not	  work	  at	  all.	  
One	  needs	  to	  rebuild	  X	  for	  the	  new	  use.	  
It	  may	  or	  may	  not	  work.	  

•  Things	  get	  worse	  if	  the	  component	  keeps	  learning…	  



Learning	  as	  a	  sokware	  components	  



Algorithmic	  ML	  Theorems	  

A	  beau.ful	  theorem	  
ü 	  	  UCB	  solves	  the	  
ü 	  	  mul.-‐armed	  bandit	  problem	  
ü 	  	  with	  a	  sub-‐linear	  regret	  bound	  
	  
Although	  the	  proof	  contains	  useful	  insights,	  
such	  a	  theorem	  is	  useless	  in	  prac.ce.	  
We	  do	  not	  know	  how	  to	  reduce	  complex	  ML	  
problems	  to	  a	  collecFon	  of	  simple	  ML	  problems.	  
	  

Ac.ons	   Rewards	  



Feedback	  loops	  

Publisher	  



Studying	  feedback	  loops	  

•  Informa.on	  (signal)	  feedback	  loops	  are	  everywhere.	  
They	  are	  central	  to	  adapta.on	  and	  learning.	  

•  They	  should	  be	  the	  object	  of	  a	  new	  scien.fic	  discipline,	  
cyberneFcs.	  	  

•  Although	  things	  did	  not	  happen	  exactly	  in	  this	  way,	  
the	  previous	  slide	  makes	  a	  case	  for	  this	  point	  of	  view.	  

Another	  MIT	  book.	  
•  Norbert	  Wiener	  

CyberneFcs,	  1948.	  	  
	  
	  



Two	  caricatures	  of	  ML	  
Machine	  Learning	  

	  
Learning	  is	  a	  topic	  for	  
algorithm	  research.	  
•  Study	  learning	  algorithms	  and	  

describe	  their	  proper.es	  
•  Data	  or	  computers	  are	  not	  

absolutely	  needed	  to	  reach	  
the	  “perfect”	  learning	  
algorithm.	  

•  Problem	  specific	  feature	  
engineering	  is	  something	  
engineers	  do.	  

	  	  
	  

Learning	  Machines	  
	  
Learning	  is	  more	  fundamental	  
than	  algorithms.	  
•  Observe	  how	  the	  system	  

transforms	  input	  signals	  and	  
leverages	  training	  signals.	  

•  Find	  ways	  to	  make	  it	  beUer.	  
•  Features	  are	  transforma.ons	  

of	  the	  input	  signal.	  One	  should	  
learn	  them	  as	  well.	  

•  Modeling	  experimental	  
observa.ons	  is	  required.	  



Two	  caricatures	  of	  ML	  
Machine	  Learning	  

	  
Learning	  is	  a	  topic	  for	  
algorithm	  research.	  
•  Study	  learning	  algorithms	  and	  

describe	  their	  proper.es	  
•  Data	  or	  computers	  are	  not	  

absolutely	  needed	  to	  reach	  
the	  “perfect”	  learning	  
algorithm.	  

•  Problem	  specific	  feature	  
engineering	  is	  something	  
engineers	  do.	  

Learning	  Machines	  
	  
Learning	  is	  more	  fundamental	  
than	  algorithms.	  
•  Observe	  how	  the	  system	  

transforms	  input	  signals	  and	  
leverages	  training	  signals.	  

•  Find	  ways	  to	  make	  it	  beUer.	  
•  Features	  are	  transforma.ons	  

of	  the	  input	  signal.	  One	  should	  
learn	  them	  as	  well.	  

•  Modeling	  experimental	  
observa.ons	  is	  required.	  

 “NIPS” STYLE 

“RNNS” 

“DEEP LEARNING” 



Quiz	  
Machine	  Learning	  

	  
Learning	  is	  a	  topic	  for	  
algorithm	  research.	  
•  Study	  learning	  algorithms	  and	  

describe	  their	  proper.es	  
•  Data	  or	  computers	  are	  not	  

absolutely	  needed	  to	  reach	  
the	  “perfect”	  learning	  
algorithm.	  

•  Problem	  specific	  feature	  
engineering	  is	  something	  
engineers	  do.	  

Learning	  Machines	  
	  
Learning	  is	  more	  fundamental	  
than	  algorithms.	  
•  Observe	  how	  the	  system	  

transforms	  input	  signals	  and	  
leverages	  training	  signals.	  

•  Find	  ways	  to	  make	  it	  beUer.	  
•  Features	  are	  transforma.ons	  

of	  the	  input	  signal.	  One	  should	  
learn	  them	  as	  well.	  

•  Modeling	  experimental	  
observa.ons	  is	  required.	  

 “NIPS” STYLE 

“RECURRENT NETWORKS” 

“DEEP LEARNING” 

 BAYES NET ? 

 VAPNIK ? 



Learning	  as	  an	  Empirical	  Science	  

Progress	  during	  the	  last	  few	  decades	  has	  been	  
driven	  by	  a	  single	  experimental	  paradigm.	  



Learning	  as	  an	  Empirical	  Science	  

Limita.ons	  of	  our	  single	  experimental	  paradigm	  
Diminishing	  returns	  

Training	  set	  size	  

Te
st
	  e
rr
or
	  

Bayes	  error	  

At	  some	  point	  
we	  should	  simply	  
work	  on	  another	  

problem…	  

8.1%	   8.01%	   8.001%	  



Learning	  as	  an	  Empirical	  Science	  

Accuracy	  vs.	  coverage	  

not	  enough	  data	  to	  train	  

2x	  
Diminishing	  returns	  
for	  average	  accuracy	  
improvements.	  
	  
No	  diminishing	  returns	  
on	  number	  of	  queries	  
for	  which	  we	  can	  learn	  
correct	  answers.	  

way	  enough	  data	  to	  train	  



Learning	  as	  an	  Empirical	  Science	  

Concepts	  ≠	  Sta:s:cs	  
	  Example:	  detec.on	  the	  ac.on	  “phoning”	  

(Oquab	  et	  al.,	  CVPR	  2014)	  



Learning	  as	  an	  Empirical	  Science	  

Limita.ons	  of	  our	  single	  experimental	  paradigm	  
•  Training/tes.ng	  alone	  won’t	  be	  enough.	  
•  This	  will	  merely	  be	  the	  end	  of	  an	  anomaly.	  
Designing	  subtle	  and	  informaFve	  experiments	  
plays	  a	  criFcal	  role	  in	  physics,	  in	  biology,	  in	  all	  
experimental	  sciences.	  

•  The	  interpreta.on	  of	  experiments	  depends	  	  
on	  how	  we	  “think”	  about	  the	  phenomena.	  

	  



Challenges	  

•  We	  cannot	  safely	  encapsulate	  learning	  	  
into	  tradi.onal	  sokware	  components.	  

•  Experimenta.on	  becomes	  trickier	  when	  
learning	  systems	  become	  more	  capable.	  

•  How	  to	  “think”	  about	  learning	  systems?	  
•  How	  to	  “build	  on	  the	  work	  of	  others”?	  



III. Building on  
the work of others 



The	  Work	  of	  Others	  

How	  to	  package	  the	  work	  of	  others?	  
•  Digital	  computers	  :	  “sokware”	  
•  Learning	  computers	  :	  

–  Trained	  module	  as	  a	  sokware	  component?	  
	  Trained	  components	  do	  not	  offer	  solid	  “contract”.	  

–  Training	  sokware?	  
	  If	  you	  can	  get	  the	  training	  data	  and	  replicate	  the	  rig.	  
	  Recent	  example	  :	  AlexNet.	  

–  Task	  specific	  trained	  features	  
	  Nearly	  as	  good.	  



Example:	  face	  recogni.on	  
Interes.ng	  task:	  	  “Recognizing	  the	  faces	  of	  106	  persons.”	  
•  How	  many	  labeled	  images	  per	  person	  can	  we	  obtain?	  

Auxiliary	  task:	  	  “Do	  these	  faces	  belong	  to	  the	  same	  person?”	  
•  Two	  faces	  in	  the	  same	  picture	  usually	  are	  different	  persons.	  
•  Two	  faces	  in	  successive	  frames	  are	  oken	  the	  same	  person.	  

(MaU	  Miller,	  NEC,	  2006)	  



Example:	  NLP	  tagging	  

(Collobert,	  Weston,	  et	  al.,	  2008-‐2011)	  



Example:	  NLP	  tagging	  



Example:	  object	  recogni.on	  

Dogs	  in	  ImageNet	  
(~106	  dogs)	  

Dogs	  in	  Pascal	  VOC	  
(only	  ~104	  imgages)	  



Example:	  object	  recogni.on	  

(Oquab,	  B.,	  Sivic,	  Laptev,	  CVPR	  2014)	  



Example:	  object	  recogni.on	  
Held	  record	  performance	  on:	  
-‐  Pascal	  VOC	  2007	  Classifica.on	  
-‐  Pascal	  VOC	  2012	  Classifica.on	  
-‐  Pascal	  VOC	  Ac.on	  Detec.on	  
	  
Comparable	  works	  
-‐  Caltech	  256	  Transfer	  (Zeiler	  &	  Fergus)	  
-‐  Pascal	  VOC	  Detec.on	  (Girshick,	  Donahue,	  Darrell,	  Malik)	  

Feature	  transfer	  is	  becoming	  the	  standard	  in	  computer	  vision.	  
	  	  	  



Transfer	  Learning	  and	  Reasoning	  

Reasoning	  with	  the	  
laws	  of	  physics	  
tells	  us	  how	  to	  

transfer	  acquired	  
knowledge	  

Experiment	  1	  
Measure	  g	  

Experiment	  2	  
Measure	  w	  

Experiment	  3	  
Throw	  rock	  



Transfer	  Learning	  and	  Reasoning	  

Reasoning	  models	  of	  various	  complexi.es	  
•  Laws	  of	  (classical)	  physics	  	  

– Very	  sophis.cated	  reasoning	  model:	  
First	  order	  logic	  +	  counterfactuals	  (Lewis73)	  +	  ?	  

•  Feature	  transfer	  
– Minimal	  reasoning	  model:	  	  
rewiring	  neural	  net	  layers	  (possibly	  recursively.)	  

I	  prefer	  to	  start	  with	  the	  simple	  one…	  



Circuit	  algebra	  



Enriching	  the	  seman.cs	  



Recursive Auto-Associative Memory 



Infinite	  depth	  structures	  



Universal	  Parser?	  



Universal	  Parser	  	  
	  Supervised	  training	  of	  a	  parser	  works	  (Socher,	  2010)	  

	  Weakly	  supervised	  training	  
	  -‐	  without	  giving	  labels	  that	  describe	  the	  structure,	  
	  -‐	  but	  giving	  labels	  for	  a	  task	  that	  we	  think	  needs	  the	  structure,	  
	  does	  not	  elicit	  a	  meaningful	  structure!	  

	  
(Scheible & Schuetze, 2013) : randomly cutting structure did not hurt sentiment analysis 

(Etter 2008) : forcing left-to-right groupings did not hurt language models	  
Lek-‐to-‐right	  groupings	  =	  recurrent	  network.	  
The	  recurrent	  network	  has	  enough	  state	  for	  implemen.ng	  the	  parser.	  

All	  hail	  recurrent	  networks….	  



The	  knowledge	  of	  others	  

Noisy low bandwidth channel 

To	  deal	  with	  noise,	  one	  uses	  
discrete	  redundant	  code.	  

(language	  space)	  

Joe	  knows	  something	  (in	  brain	  space)	  
He	  wants	  to	  share	  it	  with	  Jack.	  

The	  message	  elicits	  adequate	  representa.ons	  
in	  Jack’s	  brain	  (thanks	  to	  common	  knowledge)	  



Plato’s	  cave	  –	  in	  the	  brain	  

Thoughts	  happen	  in	  brain	  space.	  
We	  cannot	  observe	  them	  directly.	  
We	  cannot	  share	  them	  directly.	  
	  
	  What	  we	  observe	  and	  share	  
is	  the	  shadow	  of	  thought:	  
language.	  



Plato’s	  cave	  –	  in	  the	  brain	  
Shadows	  are	  good	  enough	  

to	  support	  human-‐like	  reasoning	  
	  
•  Forget	  brain	  space	  

•  Define	  adequate	  language	  
•  Define	  inference	  principles	  
•  Collect	  fact	  and	  rules.	  
	  

Shadows	  are	  not	  good	  enough	  to	  
support	  human-‐like	  reasoning	  

	  
Fortunately	  language	  is	  designed	  to	  elicit	  
good	  brain	  space	  representa.ons.	  
•  Select	  task(s)	  at	  language	  level.	  
•  Jointly	  train	  

–  Mapping	  between	  language	  
space	  and	  “thought	  vectors”	  

–  Opera.ons	  on	  “thought	  vectors”	  
•  They	  should	  implement	  the	  task(s)	  

and	  also	  respect	  formal	  algebraic	  
invariants	  valid	  in	  language	  space.	  



Conclusions 



Rereading	  “Perceptrons”	  

Lessons	  
•  Learning	  is	  an	  experimental	  science.	  
•  Experimenta.on	  today	  is	  simplis.c.	  
•  Learning	  needs	  a	  mathema.cal	  	  
backbone	  that	  allows	  us	  to	  build	  on	  the	  	  
work	  of	  people	  who	  preceded	  us.	  

•  Algorithmic	  theory	  does	  not	  cut	  it.	  
+	  	  Bonus:	  Plato’s	  cave	  in	  the	  brain.	  

They got this wrong ! 

but not that! 

but we shouldn’t brag 


