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Func%on	
  learning	
  

Regression	
  by	
  people:	
  
	
  
•  Intui%ons	
  about	
  
paBerns	
  in	
  data	
  
	
  

Global	
  mean	
  temperature	
  over	
  %me	
  

(data	
  from	
  hBp://data.okfn.org/data/core/global-­‐temp)	
  



Func%on	
  learning	
  

Regression	
  by	
  people:	
  
	
  
•  Beliefs	
  about	
  everyday	
  rela%onships	
  

•  Accelera%on	
  of	
  a	
  car:	
  f(force	
  on	
  pedal)	
  
•  Tas%ness	
  of	
  food:	
  f(salt)	
  



Why	
  should	
  we	
  care?	
  

(1)	
  We	
  want	
  to	
  understand	
  human	
  cogni%on:	
  

•  Basic	
  curiosity:	
  how	
  does	
  the	
  mind	
  work?	
  

•  Understanding	
  human	
  foibles	
  and	
  errors,	
  and	
  
compensa%ng	
  for	
  them	
  

•  Individual	
  differences:	
  when,	
  how,	
  and	
  why	
  do	
  people	
  
differ	
  in	
  their	
  inferences/predic%ons?	
  



Why	
  should	
  we	
  care?	
  

(2)	
  We	
  want	
  to	
  reproduce	
  and	
  surpass	
  human	
  
abili%es:	
  
	
  

•  How	
  can	
  we	
  exploit	
  contextual/domain	
  knowledge?	
  

•  How	
  can	
  we	
  share	
  knowledge/informa%on	
  across	
  
dis%nct	
  problems?	
  

•  How	
  can	
  we	
  automate	
  data	
  analysis	
  and	
  predic%on	
  
from	
  end-­‐to-­‐end?	
  



The	
  role	
  of	
  data	
  science	
  

(1) BeBer	
  data	
  analysis	
  and	
  experiments.	
  
	
  
(2)	
  Building	
  models	
  to	
  explain,	
  predict,	
  and	
  
replicate	
  human	
  behaviour.	
  



The	
  role	
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  data	
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(1) BeBer	
  data	
  analysis	
  and	
  experiments.	
  
	
  
(2)	
  Building	
  models	
  to	
  explain,	
  predict,	
  and	
  
replicate	
  human	
  behaviour.	
  



The	
  role	
  of	
  data	
  science	
  

Limita%ons	
  of	
  most	
  past	
  research:	
  
•  Narrow	
  conclusions:	
  usually	
  that	
  one	
  quan%ty	
  is	
  larger	
  

than	
  another	
  (using	
  thousands	
  of	
  data	
  points)	
  

(Delosh	
  et	
  al.,	
  1997)	
  



The	
  role	
  of	
  data	
  science	
  
Limita%ons	
  of	
  most	
  past	
  research:	
  
	
  

•  “Linear	
  rela%onships	
  are	
  easy	
  to	
  learn!”	
  
•  “Non-­‐monotonic	
  rela%onships	
  are	
  hard	
  to	
  learn!”	
  
•  “Periodic	
  func%ons	
  are	
  harder!”	
  
•  “The	
  order	
  of	
  data	
  presenta%on	
  maBers!”	
  
•  “Context	
  maBers!”	
  

Theories	
  are	
  o^en	
  qualita%ve	
  and	
  under-­‐determined.	
  

	
   	
   	
   	
   	
   	
   	
   	
   	
   	
   	
   	
   	
  (Busemeyer	
  et	
  al.,	
  1997)	
  



The	
  role	
  of	
  data	
  science	
  

Limita%ons	
  of	
  most	
  past	
  research:	
  
•  No	
  a%empt	
  to	
  predict	
  actual	
  human	
  judgments.	
  
	
  	
  

Instead:	
  
•  Predict	
  average	
  judgments	
  across	
  many	
  people	
  
•  Comparing	
  error	
  rates:	
  what’s	
  harder/easier	
  

(This	
  makes	
  it	
  easier	
  to	
  get	
  correla%ons	
  of	
  .99)	
  



The	
  role	
  of	
  data	
  science	
  

Why	
  aren’t	
  things	
  beBer?	
  
	
  
(1) Inadequate	
  models.	
  
(2) Psychological	
  legacy/tradi%on.	
  
(3) No	
  incen%ve	
  to	
  hold	
  oneself	
  to	
  a	
  higher	
  

standard.	
  



The	
  role	
  of	
  data	
  science	
  

Data	
  science	
  to	
  the	
  rescue!	
  
(1)  BeBer	
  models,	
  e.g.,	
  	
  novel	
  composi%onal	
  and	
  non-­‐

parametric	
  approaches	
  

	
  

(Lucas	
  et	
  al.,	
  2015)	
   (Duvenaud	
  et	
  al.,	
  2015)	
  



The	
  role	
  of	
  data	
  science	
  

Data	
  science	
  to	
  the	
  rescue!	
  
	
  

(2)	
  Set	
  aside	
  psychological	
  tradi%on.	
  
	
  

•  A	
  new	
  reference	
  point:	
  shared	
  machine	
  learning	
  
tasks.	
  	
  
• Nedlix	
  challenge	
  
•  Kaggle	
  

•  Held	
  out	
  test	
  data:	
  	
  
•  level	
  playing	
  field	
  
•  no	
  post-­‐hoc	
  analysis	
  



The	
  role	
  of	
  data	
  science	
  

Data	
  science	
  to	
  the	
  rescue!	
  
	
  

(2)	
  Set	
  aside	
  psychological	
  tradi%on.	
  
	
  

•  Try	
  to	
  predict	
  individual	
  human	
  judgments	
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(Wilson	
  et	
  al.,	
  2015)	
  



Prac%cal	
  challenges	
  

•  Infrastructure	
  for	
  data	
  collec%on	
  and	
  
coordina%ng	
  the	
  shared	
  task	
  

•  Model	
  evalua%on	
  and	
  comparison	
  
– Point	
  es%mates	
  versus	
  probabili%es	
  
– Noise/error	
  models	
  
– Conver%ng	
  qualita%ve	
  statements	
  to	
  priors	
  

•  Developing	
  new	
  models	
  



The	
  role	
  of	
  data	
  science	
  

(1) BeBer	
  data	
  analysis	
  and	
  experiments.	
  
	
  
(2)	
  Building	
  models	
  to	
  explain,	
  predict,	
  and	
  
replicate	
  human	
  behaviour.	
  



Goals	
  for	
  models	
  

	
  
•  Order	
  effects:	
  
– Regression	
  from	
  streaming	
  data	
  
– Regression	
  with	
  limited	
  memory	
  

•  Sharing	
  informa%on	
  between	
  tasks	
  
•  Discovering	
  structural	
  features	
  of	
  func%ons	
  
•  Using	
  outside	
  informa%on,	
  e.g.,	
  natural-­‐
language	
  descrip%ons	
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