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  βt	
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•  Tests	
  three	
  architectures	
  
– NTM	
  with	
  feed	
  forward	
  controller	
  
– NTM	
  with	
  LSTM	
  controller	
  
– Standard	
  LSTM	
  network	
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•  2.	
  Repeat	
  Copy	
  
– Tests	
  whether	
  NTM	
  can	
  learn	
  simple	
  nested	
  
funcBon	
  

– Extend	
  copy	
  by	
  repeatedly	
  copying	
  input	
  specified	
  
number	
  of	
  Bmes	
  

– Training	
  is	
  a	
  random-­‐length	
  sequence	
  of	
  8	
  bit	
  
binary	
  inputs	
  plus	
  a	
  scalar	
  value	
  for	
  #	
  of	
  copies	
  

– Scalar	
  value	
  is	
  random	
  between	
  1-­‐10	
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•  3.	
  AssociaBve	
  Recall	
  
– Tests	
  NTM’s	
  ability	
  to	
  associate	
  data	
  references	
  
– Training	
  input	
  is	
  list	
  of	
  items,	
  followed	
  by	
  a	
  query	
  
item	
  

– Output	
  is	
  subsequent	
  item	
  in	
  list	
  
– Each	
  item	
  is	
  a	
  three	
  sequence	
  6-­‐bit	
  binary	
  vector	
  
– Each	
  ‘episode’	
  has	
  between	
  two	
  and	
  six	
  items	
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– Test	
  whether	
  NTM	
  could	
  rapidly	
  adapt	
  to	
  new	
  
predicBve	
  distribuBons	
  

– Trained	
  on	
  6-­‐gram	
  binary	
  pajern	
  on	
  200	
  bit	
  
sequences	
  

– Can	
  NTM	
  learn	
  opBmal	
  esBmator	
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– Tests	
  whether	
  NTM	
  can	
  sort	
  data	
  
–  Input	
  is	
  sequence	
  of	
  20	
  random	
  binary	
  vectors,	
  
each	
  with	
  a	
  scalar	
  raBng	
  drawn	
  from	
  [-­‐1,	
  1]	
  

– Target	
  sequence	
  is	
  16-­‐highest	
  priority	
  vectors	
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•  6.	
  Details	
  
– RMSProp	
  algorithm	
  
– Momentum	
  0.9	
  
– All	
  LSTM’s	
  had	
  three	
  stacked	
  hidden	
  layers	
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Conclusion	
  

•  Introduced	
  an	
  neural	
  net	
  architecture	
  with	
  
external	
  memory	
  that	
  is	
  differenBable	
  end-­‐to-­‐
end	
  

•  Experiments	
  demonstrate	
  that	
  NTM	
  are	
  
capable	
  of	
  leaning	
  simple	
  algorithms	
  and	
  are	
  
capable	
  of	
  generalizing	
  beyond	
  training	
  
regime	
  




