
ML	
  Session	
  14	
  
Rela/onal	
  Reasoning	
  	
  
and	
  Rela/on	
  Networks	
  

Javen	
  Qinfeng	
  Shi	
  
Associate	
  Professor,	
  The	
  University	
  of	
  Adelaide	
  (UoA)	
  

Director	
  and	
  Founder,	
  Probabilis/c	
  Graphical	
  Model	
  Group,	
  UoA	
  
Director	
  of	
  Advanced	
  Reasoning	
  and	
  Learning,	
  Australian	
  Ins/tute	
  of	
  Machine	
  Learning	
  (AIML),	
  UoA	
  

	
  



Road	
  Map	
  

•  What	
  is	
  rela/onal	
  reasoning?	
  	
  
•  Rela/on	
  Networks	
  
•  Neural-­‐Symbolic	
  VQA	
  



What	
  is	
  rela/onal	
  reasoning?	
  

•  To	
  reason	
  or	
  learn	
  the	
  rela/on	
  between/
among	
  objects.	
  



Rela/onal	
  v.s.	
  no-­‐rela/onal	
  



2	
  main	
  approaches	
  
•  Symbolic	
  approach	
  (Symbolism):	
  
–  Define	
  rela/ons	
  between	
  objects	
  using	
  the	
  language	
  of	
  
logic	
  and	
  mathema/cs	
  

–  Interpretable	
  
–  ‘Close	
  World’	
  Assump/on	
  is	
  oZen	
  false	
  
–  Can	
  generalize	
  well	
  if	
  careful	
  
–  Less	
  user	
  friendly	
  

•  Deep	
  learning	
  approach	
  (Connec/vism):	
  
–  Powerful	
  when	
  there	
  are	
  abundant	
  data	
  
–  User	
  friendly	
  
–  Less	
  interpretable	
  	
  
–  Does	
  not	
  generalize	
  well	
  when	
  training	
  on	
  small	
  data	
  



Can	
  we	
  have	
  the	
  benefits	
  of	
  both?	
  

•  Yes!	
  A	
  few	
  ways.	
  One	
  of	
  them	
  is:	
  
•  Santoro	
  etal	
  NIPS	
  2018	
  proposed	
  ‘Rela/on	
  
Networks’	
  	
  
– as	
  a	
  ‘general	
  solu/on	
  to	
  rela/onal	
  reasoning	
  in	
  
neural	
  networks’	
  	
  

–  ‘RN	
  is	
  a	
  neural	
  network	
  module	
  with	
  a	
  structure	
  
primed	
  for	
  rela/onal	
  reasoning’	
  

–  ‘the	
  capacity	
  to	
  compute	
  rela/ons	
  is	
  baked	
  into	
  
the	
  RN	
  architecture	
  without	
  needing	
  to	
  be	
  
learned’	
  



History	
  

•  TNN	
  2009	
  Graph	
  Neural	
  Networks	
  
•  NIPS	
  2016	
  Interac/on	
  Networks	
  
•  NIPS	
  2017	
  Rela/on	
  Networks	
  (cover	
  today)	
  
•  NIPS	
  2018	
  Neural-­‐Symbolic	
  VQA	
  (cover	
  today)	
  





RN	
  in	
  the	
  simplest	
  form	
  



Notable	
  strengths:	
  

•  Learn	
  to	
  infer	
  the	
  existence	
  and	
  implica/ons	
  
of	
  object	
  rela/ons	
  	
  
– Consider	
  all	
  pairwise	
  g_\theta.	
  No	
  need	
  to	
  know	
  
which	
  rela/on	
  exists	
  in	
  advance.	
  

•  Operate	
  on	
  a	
  set	
  of	
  objects	
  	
  
– objects	
  are	
  order	
  invariant.	
  



Tasks	
  
•  Visual	
  QA	
  

–  CLEVR	
  dataset	
  	
  
•  pixel	
  version	
  	
  
•  state	
  descrip/on	
  version	
  

–  Sort-­‐of-­‐CLEVR	
  dataset	
  
•  Rela/onal	
  ques/ons	
  
•  Non-­‐rela/onal	
  ques/ons	
  

•  Text-­‐based	
  QA	
  
–  bAbI	
  pure	
  text	
  based	
  QA	
  dataset.	
  20	
  tasks.	
  Each	
  task	
  corresponds	
  to	
  a	
  type	
  of	
  

reasoning	
  (like	
  deduc/on,	
  induc/on,	
  coun/ng,	
  …)	
  
•  Dynamic	
  physical	
  systems	
  

–  Use	
  MuJoCo	
  physics	
  engine	
  to	
  simulate	
  mass-­‐spring	
  system.	
  Each	
  scene	
  has	
  10	
  
colored	
  balls	
  moving	
  on	
  a	
  table-­‐top	
  surface.	
  
•  Some	
  balls	
  moved	
  independently;	
  Some	
  ball	
  pairs	
  were	
  connected	
  by	
  invisible	
  springs	
  or	
  

a	
  rigid	
  constraint.	
  	
  
•  Tasks:	
  1)	
  to	
  infer	
  the	
  existence	
  of	
  absence	
  of	
  the	
  connec/on	
  between	
  balls	
  when	
  only	
  

observing	
  their	
  color	
  and	
  coordinate	
  posi/ons	
  across	
  mul/ple	
  frames.	
  2)	
  Count	
  the	
  
number	
  of	
  systems/connected	
  graphs	
  



•  RNs	
  (in	
  its	
  simplest	
  form)	
  operate	
  on	
  objects,	
  not	
  images	
  or	
  
natural	
  language.	
  How	
  do	
  them	
  tackle	
  VQA	
  and	
  QA	
  tasks?	
  
–  Use	
  CNN	
  or	
  LSTM	
  embeddings	
  as	
  objects	
  



Condi/oning	
  RNs	
  with	
  ques/on	
  embeddings	
  

•  If	
  ask	
  about	
  a	
  large	
  sphere,	
  then	
  the	
  rela/ons	
  
between	
  small	
  cubes	
  are	
  probably	
  irrelevant.	
  

•  Modify	
  RN	
  so	
  g_\theta	
  can	
  take	
  ques/on’s	
  
embedding	
  q	
  as	
  input	
  as	
  well.	
  







State	
  descrip/on	
  version	
  of	
  CLEVR	
  

•  State	
  descrip/on	
  matrices	
  (without	
  the	
  images)	
  
•  Each	
  row	
  describes	
  an	
  object	
  containing	
  	
  
–  3D	
  coordinates	
  (x,y,z)	
  
–  Color	
  (r,g,b)	
  
–  Shape	
  (cube,	
  cylinder,	
  …)	
  
– Material	
  (rubber,	
  metal,	
  …)	
  
–  Size	
  (small,	
  large,	
  …)	
  

•  Feed	
  state	
  descrip/ons	
  directly	
  into	
  the	
  RN.	
  Use	
  
LSTM	
  embeddings	
  for	
  the	
  ques/ons	
  -­‐-­‐-­‐	
  96.9%	
  
overall	
  performance.	
  










