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Background	
  

VDR	
  (Visual	
  Dependency	
  Representa3on)	
  
	
  model	
  spa7al	
  rela7onship	
  between	
  objects	
  in	
  an	
  

image	
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Objec7ve	
  and	
  Mo7va7on	
  

Objec3ve:	
  	
  

•  Train	
  a	
  VDR	
  without	
  extensive	
  human	
  supervision	
  

•  Use	
  VDR	
  to	
  generate	
  image	
  descrip7on	
  

Mo3va3on:	
  

•  Automa7cally	
  genera7ng	
  literal	
  descrip7on	
  of	
  images	
  can	
  help	
  
–  Access	
  to	
  exis7ng	
  image	
  

–  Informa7on	
  for	
  visually	
  impaired	
  

Why	
  VDR?	
  

•  Related	
  with	
  human	
  cogni7on	
  

•  Spa7al	
  rela7onships	
  between	
  objects	
  constrains	
  image	
  descrip7on	
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Related	
  Works	
  

Different	
  approaches	
  

•  Spa$al	
  rela$onship	
  (Farhadi	
  et	
  al.,	
  2010)	
  

•  corpus-­‐based	
  rela$onships	
  (Yang	
  et	
  al.,	
  2011)	
  

•  spa$al	
  and	
  visual	
  a4ributes	
  (Kulkarni	
  et	
  al.,	
  2011)	
  

•  RNN	
  and	
  LSTM	
  
(Karpathy	
  and	
  Fei-­‐Fei,	
  2015;	
  Vinyals	
  et	
  al.,	
  2015;	
  Mao	
  et	
  al.,	
  2015;	
  
Fang	
  et	
  al.,	
  2015;	
  Donahue	
  et	
  al.,	
  2015;	
  Lebret	
  et	
  al.,	
  2015)	
  	
  

•  VDR	
  (Ellio^	
  and	
  Keller,	
  2013)	
  

Previous	
  work:	
  Relied	
  on	
  gold-­‐standard	
  training	
  
annota7on	
  
This	
  work:	
  Automa7cally	
  infer	
  training	
  examples	
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Method:	
  Overview	
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Inferring	
  VDR	
  

Genera3ng	
  descrip3ons	
  



Method:	
  Inferring	
  VDRs	
  
•  Descrip3on:	
  Dependency	
  parsing	
  to	
  extract	
  nsubj	
  and	
  dobj	
  

candidates	
  	
  

–  Lemma7zed	
  and	
  transformed	
  to	
  WordNet	
  hypernym	
  
parent	
  

•  Image:	
  R-­‐CNN(Girshick	
  et	
  al.,	
  2014)	
  
	
  to	
  detect	
  objects	
  in	
  image	
  [200	
  classes]	
  

–  Outputs	
  bounding	
  box	
  and	
  
Confidence	
  score	
  

•  Infer	
  VDR	
  for	
  the	
  object	
  pairs	
  using	
  	
  
spa7al	
  rela7ons	
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Spa3al	
  Rela3ons	
  



Method:	
  Inferring	
  VDRs	
  

8/28/15	
   第7回最先端NLP勉強会	
  

7	
  



Method:	
  Genera7ng	
  Descrip7on	
  

Language	
  model	
  

– subjects,	
  verbs,	
  objects,	
  and	
  spa3al	
  rela3onships	
  
from	
  successfully	
  constructed	
  training	
  examples	
  	
  

– Verb	
  stemmed	
  and	
  inflected	
  to	
  ing	
  using	
  morpha	
  
and	
  morphg	
  

– spa$al	
  rela$onship	
  between	
  the	
  subject	
  and	
  
object	
  region	
  is	
  used	
  to	
  help	
  constrain	
  language	
  
genera$on	
  to	
  produce	
  descrip$ons	
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Method:	
  Genera7ng	
  Descrip7on	
  

•  Descrip7on	
  generated	
  using	
  
template	
  based	
  model	
  

•  R-­‐CNN	
  detects	
  gives	
  top-­‐N	
  
detected	
  objects	
  

•  VDR	
  Parser	
  generates	
  VDR	
  
structure	
  for	
  the	
  detected	
  objects	
  

•  All	
  possible	
  descrip7ons	
  is	
  
generated	
  using	
  the	
  template	
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Object	
  detector	
  output	
  



Method:	
  Genera7ng	
  Descrip7on	
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head	
  and	
  child:	
  
objects	
  from	
  VDR	
  

If	
  rela3on	
  can’t	
  be	
  extracted	
  

Verb	
  selec3on	
  

Sentence	
  scoring	
  



Experiments	
  

Task:	
  genera7on	
  of	
  natural	
  language	
  descrip7on	
  of	
  an	
  image	
  

Models	
  to	
  compare	
  with	
  

•  MIDGE	
  (Mitchell	
  et	
  al.,	
  2012)	
  [tree-­‐subs7tu7on	
  grammar	
  and	
  
discrete	
  object	
  detec7ons	
  ]	
  

•  BRNN	
  (Karpathy	
  and	
  Fei-­‐Fei,	
  2015)	
  [mul7modal	
  deep	
  neural	
  
network]	
  

Evalua3on	
  Measures	
  

•  Meteor	
  (Denkowski	
  and	
  Lavie,	
  2011)	
  	
  

•  BLEU4	
  (Papineni	
  et	
  al.,	
  2002),	
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Experiments	
  :	
  Data	
  sets	
  
Data	
  sets	
  

•  Pascal1K	
  

–  1,000	
  images	
  

–  sampled	
  from	
  the	
  PASCAL	
  Object	
  Detec7on	
  Challenge	
  data	
  set	
  (Everingham	
  et	
  
al.,	
  2010)	
  

–  each	
  image	
  has	
  five	
  descrip7ons	
  collected	
  from	
  Mechanical	
  Turk	
  

–  Has	
  a	
  wide	
  variety	
  of	
  subject	
  ma^er	
  

•  	
  VLT2K	
  

–  2,424	
  images	
  	
  

–  trainval	
  2011	
  por7on	
  of	
  the	
  PASCAL	
  Ac7on	
  Recogni7on	
  Challenge	
  
each	
  image	
  paired	
  with	
  three	
  descrip7ons	
  collected	
  from	
  Mechanical	
  Turk	
  	
  

	
  

80%	
  training,	
  10%	
  valida7on,	
  10%	
  test	
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Experiments:	
  Results	
  

•  Performance	
  of	
  VDR	
  depends	
  on	
  type	
  of	
  
images	
  

•  Difference	
  in	
  Metoer	
  and	
  BLEU	
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Experiments:	
  Results	
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Experiments:	
  Results	
  

8/28/15	
   第7回最先端NLP勉強会	
  

15	
  



Experiments:	
  No	
  of	
  detected	
  objects	
  

•  Improvements	
  are	
  seen	
  un7l	
  
eight	
  objects	
  
–  good	
  descrip$ons	
  do	
  not	
  
always	
  need	
  the	
  most	
  
confident	
  detec$ons	
  	
  

•  quality	
  of	
  the	
  descrip7ons	
  
does	
  not	
  significantly	
  
decrease	
  with	
  an	
  increased	
  
number	
  of	
  detected	
  objects	
  
–  model	
  formula$on	
  
appropriately	
  discards	
  	
  
unsuitable	
  detec$ons	
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Discussion	
  and	
  Conclusion	
  

•  Infers	
  useful	
  and	
  reliable	
  Visual	
  Dependency	
  
Representa7ons	
  of	
  images	
  without	
  expensive	
  human	
  
supervision	
  

•  Uses	
  these	
  to	
  generate	
  image	
  descrip7ons	
  

•  One	
  of	
  the	
  main	
  problem	
  is	
  	
  detector’s	
  accuracy	
  

•  Changing	
  the	
  language	
  model	
  to	
  n-­‐gram	
  might	
  
generate	
  be^er/richer	
  descrip7ons	
  

•  Quality	
  of	
  the	
  generated	
  text	
  largely	
  depended	
  on	
  the	
  
data	
  set	
  (be^er	
  in	
  people	
  performing	
  ac7ons)	
  

•  Transferring	
  model	
  improved	
  in	
  the	
  diverse	
  data	
  set	
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