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QA	  task	  and	  available	  data
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In	  research	  settings,	  the	  QA	  task	  is	  conventionally	  reduced	   to	  a	  classification	  task	  over	  small	  number	  of	  entities,	  or	  predict	  
missing	  entity	  in	  a	  KB	  triple.

Inputs:	  a	  series	  of	  sentences,	  documents,	   and/or	  perhaps	  a	  knowledge	  base,	  a	  question,	  and	  at	  train	  time	  – an	  answer
Outputs:	  a	  single	  word,	  noun	  phrase,	  or	  sentence	  as	  an	  answer	  to	  an	  unambiguous	   question.
Datasets:	  (KB):	  ReVerb,	  FreeBase,	  DBpedia;	  (Paraphrase):	  WikiAnswers;	  (QA):	  WebQuestions

Types	  of	  QA	  tasks:
1. Yes/No
2. One-‐shot	  Factoid	  – a	  single	  query	  whose	  answer	  type	  is	  an	  entity,	  known	  to	  be	  public	  information

1. Single-‐relation (Who	  was	  Kennedy’s	  Vice	  President?)
2. Double-‐relation (Who	  was	  Vice	  President	  after	  Kennedy	  died?)

3. Descriptive	  – single	  query	  answered	  by	  a	  description	  of	  a	  phenomenon	   or	  entity
4. Multi-‐turn	  Factoid	  – multiple	  queries	  around	  a	  central	  topic,	  all	  answered	  by	  publicly	  known	  information.
5. Multi-‐turn	  Situational	  – multiple	  queries	  around	  a	  personal situation	  – public	  knowledge	   is	  not	  useful



Examples
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Facebook’s	  BaBi Dataset
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“Towards	  AI-‐Complete	  Question	  Answering:	  A	  Set	  of	  Prerequisite	  Toy	  Tasks”,	  Jason	  Weston,	  Antione	  Bordes,	  Tomas	  Mikolov
20	  proxy	  tasks	  to	  evaluate	  comprehension	   via	  question	  answering.	  Goal	  is	  clearly	  identify	   limitations	  of	  a	  system	  



Facebook’s	  BaBi Dataset
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“Towards	  AI-‐Complete	  Question	  Answering:	  A	  Set	  of	  Prerequisite	  Toy	  Tasks”,	  Jason	  Weston,	  Antione	  Bordes,	  Tomas	  Mikolov

Pathfinding	  and	  positional	   reasoning	  are	  
notoriously	  difficult

Some	  tasks	  require	  significant	  comprehension	   of	  semantics,	  but	   reasoning	  is	  simple;	  other	  require	  complex	  reasoning	  
over	  multiple	   steps,	  but	  little	  semantic	  understanding.

Three	  main	  sources	  of	  error:	  imperfect	  semantic	  understanding,	   inadequate	  knowledge	  encoding,	   or	  insufficient	  
model	  capacity.	  



Two	  flavors	  of	  algorithms:	   information	  retrieval based,	  and	  knowledge	  base:
• KB:	  a	  store	  of	  triples	  (subject,	   relationship,	   object)	  represented	  as	  a	  graph	  i.e.	  (cantonese,	  spoken-‐in,	  Hong	  Kong)

• e.g.:	  Single-‐relation	  queries	  are	  a	  triple	  with	  a	  missing	  entity,	  answer	  is	  the	  entity
• Task:	  Map	  natural	  language	  questions	   to	  semantic	  representation	  for	  an	  existing	  DB/KB
• Subtask:	  entity	  linking	   (string	  from	  NL	  query	   to	  entity	  in	  KB)

• Information	  Retreival based:	  given	  access	  to	  the	  internet’s	  documents…
• Given	  a	  natural	  language	  query,	   rank	  and	  return	  paragraphs/sentences/phrases	  in	  the	  documents
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Other	  challenges:
• Encode	  ordering	  of	  words	  in	  sentences	  (What	  are	  cats	  afraid	  of?	  Vs	  What’s	  afraid	  of	  cats?)
• Encode	  ordering	  of	  supporting	   facts	  (Sally	  put	  the	  ball	  in	  the	  box;	  then	  she	  put	  the	  box	  in	  the	  kitchen)
• Encode	  multiple	  KB	  triples	  into	  a	  single	  vector/as	  a	  tensor	  product?
• Flexible	  coverage	  of	  paraphrasic queries

Information	  Retrieval-‐based	  pipeline:
1. Question	  Processing:	  parse	  and	  detect	  named	  entities;	  infer	  the	  answer	  type	  and	  focus	  of	  the	  sentence
2. Query	  Reformulation:	  expand	  and	  format	  query	   for	  appropriate	  KB,	  DB,	  or	  IR	  engine
3. Document	  Retrieval:	  retrieve	  ranked	  documents,	   then	  identify,	   filter,	  and	  re-‐rank	  relevant	  paragraphs
4. Answer	  Processing:	  extract	  and	  rank	  candidate	  answers	  from	  relevant	  paragraphs

Two	  Kinds	  of	  Algorithms	  for	  Open	  Domain	  QA



Traditional Algorithms 
for QA
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Level	  of	  Human	  Intervention
Speech	  and	  Language	  Processing,	   Jurafsky and	  Martin.	  Chapter	  28	  pg 5.

Right:	  Question	  Topology	   from	  Li	  and	  Roth	  2002	  “Learning	  Question	  
Classifiers”.	  A	  corpus	  of	  5500	  labeled	  questions	  with	  course	  or	  fine-‐grained	  
tags.

Below:	  semantic	  parser	  output	  of	  natural	  language	  text	  for	  various	  
structured	  database	  formats.	  

In	  traditional	  systems,	  much	  manual	  labor	  goes	  into	  feature	  engineering,	  
Grammar/Regex	  constructions,	  and	  hierarchical	  tag/labels.	  These	  are	  
difficult	   to	  maintain	  and	  do	  not	  generalize	  well,	  especially	  as	  queries	  
become	  more	  complex.



Weakly	  supervised	  QA	  (1):	  Paralex
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“Paraphrase-‐Driven	  Learning	  for	  Open	  Question	  Answering”	  Fader,	  Zettlemoyer,	  Etzioni (2013)

1) Match	  the	  NL	  question	   to	  a	  form	  in	  
the	  lexicon

2) Substitute	  NL	  words	  with	  DB	  entities	  
and	  relationships

One	  attempt	  to	  address	  lack	  of	  coverage/generalizability	  of	  QA	  systems	  to	  
understanding	   different	  wordings	  of	   the	  same	  query:	  paraphrases

• Learn	  a	  lexical	  map	  from	  NL	  questions	   to	  single-‐relation	   triples	  that	  ranks	  
the	  best	  DB	  query	  “templates”.	  

• The	  templates	  are	  expanded	   from	  a	  small	  seed	  lexicon	  using	  a	  paraphrase	  
dataset	  and	  a	  word	  alignment	  algorithm.	   	  

• Metrics	  used	  are	  accuracy,	  precision,	   recall,	  F1	  to	  evaluate	  correct	  answers



Weakly	  supervised	  QA	  (2):	  Embeddings

18	  September	  2016

“Open	  Question	  Answering	  with	  Weakly	  Supervised	   Embedding	  Models”	  Bordes,	  Weston,	  Usunier (2014)

Performance	  on	  re-‐ranking	  QA	  pairs	  from	  WikiAnswers +	  
ReVerb test	  set

• One	  of	  the	  first	  papers	  to	  map	  questions	  and	  answers	  into	  same	  embedding	   space,	  where	  the	  correct	  answer	  is	  most	  
similar	  to	  the	  question	  embedding	   using	  a	  scoring	  function	  S q, a = 	  𝑓 𝑞 ∗ 𝑔 𝑎
• Embedding	   functions,	   f	  and	  g,	  are	  linear	  operators	  on	  sparse	  binary	  bag-‐of-‐words	  vectors.

• SGD	  training	  on	  margin	   loss	  objective	   (negative	  examples	  are	  generated)
• Paraphrases	  used	  to	  enrich	  embedding	   functions:	   S(q1,	  q2)	  where	  q1	  and	  q2	  are	  labeled	  paraphrase	  pairs.	  
• Fine	  tuning	  step:	  scalar	  scoring	  function	   (dot	  product)	  parameterized	  by	  similarity	  matrix
• String	  matching	  preprocessing	  steps	  are	  very	  helpful.

All	  questions	  were	  generated	  by	  selecting	  a	  
triple	  from	  the	  KB	  and	  set	  of	  question	  patterns	  
from	  the	  table



Problem: Traditional 
Representations are only 
suited for simple queries 
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single-relational queries into a structured database, simple factoid lookups in tables, etc



Deep Learning Models 
for QA
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Memory	  Neural	  Networks	  and	  their	  cousins:	  architectures	  with	  many	  memory	  cells	  have	  greater	  capacity	  for	  inference
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Memory	  Neural	  Networks	  MemNN
“Memory	  Networks”	  Jason	  Weston,	  Sumit Chopra,	  Antoine	  Bordes (2014)

1. (Input	   feature	  map):	  any	  technique	   to	  convert	  text	  into	  
vector	  space	  representation,	  x

2. (generalization):	  updates	  old	  memories	  given	  the	  new	  
input;	   compress,	  rewrite,	  delete,	  or	  generalize	  its	  
memories.	  An	  indexing	   function	  H(x)	   that	  decides	  
which	  slot	  in	  memory	   to	  update.

3. (output	   feature	  map):	  produces	  a	  new	  featuer space	  
output,	   given	  the	  new	  input	  and	  the	  current	  memory	  
state.	  Another	   scoring	  function	   finds	  the	  top	  k	  most	  
relevant	  memories	   for	  x

4. (response):	   converts	  the	  output	   into	  the	  response	  
format	  desired.	  A	  third	  scoring	   function	   ranks	  the	  
entities	  against	  x	  and	  the	  relevant	  memories	  and	  
outputs	   the	  best	  entity.	  Sentence	  generation	  with	  RNN	  
can	  also	  be	  done	  here.

Difficult	   to	  train:	  fully	  supervised	  -‐ given	  desired	  
inputs	  and	  responses,	  and	  the	  supporting	  
sentences	  are	  labeled

Results	  on	  Fader	  et	  al	  (2013)’s	  large	  sclae
QA	  task

Use	  4	  different	  neural	  networks	  to	  decompose	  QA	  into	  basic	  steps
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Results	  of	  MemNN on	  new	  BaBI QA	  task
“Towards	  AI-‐Complete	  Question	  Answering:	  A	  Set	  of	  Prerequisite	  Toy	  Tasks”,	  Jason	  Weston,	  Antione	  Bordes,	  Tomas	  Mikolov

Positional	  reasoning	  and	  path-‐
finding	   tasks	  are	  most	  difficult
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Neural	  Reasoner
“Towards	  Neural	  Network-‐Based	  Reasoning”	  Baolin Peng,	  Zhengdong Lu,	  Hang	  
Li,	  Kam-‐Fai	  Wong	  (2015)

• Iteratively	  refine	  representations	  of	  the	  question	  and	  
supporting	   facts	  to	  capture	  logical	  structure	  

• At	  each	  layer,	  each	  fact	  is	  paired	  with	  the	  question	  
and	  fed	  into	  a	  neural	  network	  to	  output	   a	  new	  fact	  
representation.

• Deeper	  in	  the	  network,	   the	  representations	  become	  
more	  abstract.
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Neural	  Reasoner	  – learns	  abstract	  representations
“Towards	  Neural	  Network-‐Based	  Reasoning”	  Baolin Peng,	  Zhengdong Lu,	  Hang	  Li,	  Kam-‐Fai	  Wong	  (2015)

• The	  reasoning	   task	  alone	  cannot	  give	  enough	   supervision	   for	  learning	  accurate	  word	  vectors	  and	  parameters	  of	  
the	  RNN	  encoder

• Auxiliary	  training:	  reconstruct	  the	  original	  questions	  or	  their	  more	  abstract	  forms	  with	  variables	  to	  compensate	  
for	  the	  lack	  of	  supervision	   in	  the	  learning	  task	  and	  introduce	  beneficial	  bias

• Define	  the	  NN	  objective	  as	  a	  convex	  combination	  of	  the	  classification	  objective	  and	  the	  log-‐likelihood	  of	  the	  
reconstructed	  question-‐fact	  sequence	  (defined	  as	  in	  encoder-‐decoder	   framework)

• Neural	  Reasoner	  is	  better	  at	  positional	   reasoning	  and	  path	  finding
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Neural	  Turing	  Machine	  – General	  AI
“Neural	  Turing	  Machine”	  Alex	  Graves	  et	  al	  (2014)

• Goal:	  infer	  operation	  of	  simple	  algorithms	   from	  series	  of	  input-‐output	   pairs
• Demonstrated	  ability	  to	  automatically	  learn	  to	  construct	  and	  iterate	  thru	  

arrays,	  sort	  elements,	  copy	  sequences,	  and	  learn	  associations.
• Fully	  differentiable	  model	  with	  cross-‐entropy	  objective;	  
• Controller	  NN	  is	  given	  input/output	   pairs	  and	  reads/writes	  to	  a	  matrix	  of	  n	  

memory	  vectors	  
• Operations	  occur	  based	  on	  prob.	  distributions	   over	  the	  rows	  based	  on	  

addressing	  system
• Location	  based	  addressing (for	  generalization	  and	  intermediate	  

calculations)
• Content	  based	  addressing	  (if	  content	  in	  row	  is	  similar	  to	  a	  given	  key)

• Accomplished	  NL	  task	  of	  variable	  binding	   and	  recursive	  processing	  of	  
variable	  length	  structures.	  
• Gate	  determines	  whether	   to	  use	  location	  or	  content	  address
• Grant	  ability	  to	  shift	  location	  to	  allow	  for	  iteration	  and	  random	  access

• NTM	  is	  more	  adept	  at	  generalizing	   training	   time	  tasks	  than	  LSTM,	  and	  with	  
fewer	  parameters

1)	  content	  system	  can	  choose	   a	  weight	  without	  modification	   by	  location	  system	  
2)	  weight	  from	  the	  content	  addressing	   system	  and	  be	  chosen	  and	  then	  shifted	  to	  
allow	  for	  accessing	  a	  contiguous	   block	  of	  data	  and	  access	  a	  particular	  element	  in	  
that	  block.	  3)	  a	  weighting	  from	  the	  previous	   time	  step	  can	  be	  rotated	  without	  any	  
input	  from	  the	  content	  system,	  allowing	  for	  iteration	  through	  a	  sequence	  of	  
addresses
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Neural	  Turing	  Machine
“Neural	  Turing	  Machine”	  Alex	  Graves	  et	  al	  (2014) NTM	  and	  LSTM	  Generalization	  for	  the	  Repeat	  

Copy	  Task.	  NTM	  generalizes	  almost	  perfectly	  
(target	  and	  output	  colors	  match)	  to	  longer	  
sequences	  than	  seen	  during	   training.	  

Training	  task	  was	  to	  copy	  a	  length	  10	  sequence	  
of	  8	  bit	  vectors	  10	  times.	  The	  test	  task	  was	  to	  
repeat	  that	  sequence	  20	  times,	  or	  to	  copy	  a	  
length	  20	  sequence	  10	  times	  – slightly	  different.	  

When	  the	  number	  of	  repeats	  is	  increased	  NTM	  is	  
able	  to	  continue	  duplicating	   the	  input	   sequence	  
fairly	  accurately;	  but	  it	  is	  unable	  to	  predict	  when	  
the	  sequence	  will	  end,	  emitting	  the	  end	  marker	  
after	  the	  end	  of	  every	  repetition	  beyond	   the	  
eleventh.	  

LSTM	  struggles	  with	  both	  increased	  length	  and	  
number,	   rapidly	  diverging	   from	  the	  input	  
sequence	  in	  both	  cases
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Attention	  Models	  for	  Fact	  Ranking
“End-‐to-‐end	  memory	  networks”	  Sainbayar Sukhbaatar,	  Arthur	  Szlam,	  Jason	  Weston,	  Rob	  Fergus	  (2015)

• End-‐to-‐end	  version	  of	  Weston’s	  original	  MemNN architecture	  (no	   intermediate	  supervision)
• Vector	  representations	  of	  facts	  and	  the	  query	  embedded	   into	  same	  space	  are	  then	  processed	  via	  multiple	  hops.	  There	  

are	  two	  different	   representations	  of	  facts:	  Input	  and	  Output.
• The	  internal representation	  exists	  gauge	  the	  probability	   the	  fact	  is	  relevant	  to	  a	  query.	  
• Output fact	  representations	   found	  by	  a	  different	  embedding	   used	  to	  compute	   the	  response	  vector	  to	  the	  query.	  

The	  output	   vector	  is	  a	  combination	  of	  output	   representations	  weighted	  by	  probabilities	   computed	  from	  the	  
internal	  representations.

• The	  final	  response	  vector	  is	  the	  combination	  of	   the	  fact-‐output	  vector	  and	  the	  query	   representation.
• TASK	  1:	  QA	  -‐ BaBi dataset	  each	  word	  of	  each	  supporting	   sentence	  encoded	  one-‐hot,	   same	  for	  query	  and	  answer.	  Bag	  of	  

words	  sentence	  representations	  also	  used
• TASK	  2:	  Language	  Modeling	  -‐ predict	  the	  next	  word.	  Previous	  N	  words	  are	  embedded	   as	  separate	  "facts"	  in	  the	  memory	  

array.	  No	  question	  exists,	  constant	  vector.	  output	   softmax predicts	  next	  word	  in	  vocab,	  cross	  entropy	  loss	  used	  again
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Attention	  Models	  for	  Fact	  Ranking
“End-‐to-‐end	  memory	  networks”	  Sainbayar Sukhbaatar,	  Arthur	  Szlam,	  Jason	  Weston,	  Rob	  Fergus	  (2015)

(a):	  A	  single	   layer	  version	  of	  our	  model.	  (b):	  A	  three	  layer	  version	  of	  the	  model.	  In	  practice,	  we	  can	  constrain	  
several	  of	  the	  embedding	   matrices	  to	  be	  the	  same	  – weight	  sharing	   to	  reduce	  parameters
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Comparison	  of	  Strongly	  Supervised	  MemNN vs	  End-‐to-‐End	  MemNN
“End-‐to-‐end	  memory	  networks”	  Sainbayar Sukhbaatar,	  Arthur	  Szlam,	  Jason	  Weston,	  Rob	  Fergus	  (2015)

Test	  error	  rates	  (%)	  on	  1k	  training	  examples	  of	  BaBI.	  
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Comparison	  of	  Strongly	  Supervised	  MemNN vs	  End-‐to-‐End	  MemNN
“End-‐to-‐end	  memory	  networks”	  Sainbayar Sukhbaatar,	  Arthur	  Szlam,	  Jason	  Weston,	  Rob	  Fergus	  (2015)

Test	  error	  rates	  (%)	  on	  10k	  training	  examples	  of	  BaBI.	  
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Comparison	  of	  Strongly	  Supervised	  MemNN vs	  End-‐to-‐End	  MemNN
“End-‐to-‐end	  memory	  networks”	  Sainbayar Sukhbaatar,	  Arthur	  Szlam,	  Jason	  Weston,	  Rob	  Fergus	  (2015)

Example	  predictions	  on	  the	  QA	  tasks	  of	  [22].	  We	  show	  the	  labeled	  supporting	   facts	  (support)	   from	  the	  dataset	  which	  
MemN2N	  does	  not	  use	  during	   training,	  and	  the	  probabilities	  p	  of	  each	  hop	  used	  by	  the	  model	  during	   inference.	  MemN2N	  
successfully	  learns	  to	  focus	  on	  the	  correct	  supporting	   sentences.
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How	  to	  represent	  entities	  and	  the	  relationships	  between	  them	  in	  a	  vector	  space
Smolensky:	   tensor	  products
Li	  Deng:	  embeddings
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Technology
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Preserve	  graph	  structure;	  but	  find	  a	  representation	  more	  amenable	  to	  computation
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Tensor	  Products
“Reasoning	  in	  Vector	  Space:	  An	  Exploratory	  Study	  of	  Question	  Answering”	  Moontae Lee,	  Wen-‐tau	  Yih,	  Li	  Deng,	  Paul	  Smolensky

Illuminate	  what	  knowledge	   is	  captured	  in	  each	  representation.	  Key:	  reason	  with	  transitivity-‐like	  rules

Container-‐Containee Relationships	  solve	  a	  lot	  of	  the	  BaBi questions:	  
• represent	  distinct	  entities	  as	  d-‐dim	  unit	  vectors	  	  
• Bind	  containee entity	  to	  container	  entity	  via	  outer	  product:	   (containee)(container)^T

Sample	  containee-‐belongs-‐to-‐container	   translations	  and	  corresponding	   encodings	   about	  Mary.	  
Symbols	   in	  encodings	   are	  all	  d-‐dimensional	   vectors	  for	  actors	  (mary),	  objects	  (football),	   and	  
locations(nowhere,	   kitchen,	  garden).	  Translations	  and	  encodings	   for	  Category	  3	  are	  also	  
specified	  with	  the	  parentheses	  and	  circle	  operation,	  respectively
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Tensor	  Products
“Reasoning	  in	  Vector	  Space:	  An	  Exploratory	  Study	  of	  Question	  Answering”	  Moontae Lee,	  Wen-‐tau	  Yih,	  Li	  Deng,	  Paul	  Smolensky

Temporal	  Encoding:	  
• When	  an	  entity	  changes	  location	  from	  prev (p)	   to	  next	  (n),	  bind	   this	  transition	   into	  a	  d-‐dim	  vector	  using	  a	  d	  x	  2d	  

temporal	  encoding	  matrix,	  U

Sample	  containee-‐belongs-‐to-‐container	   translations	  and	  corresponding	   encodings	   about	  Mary.	  
Symbols	   in	  encodings	   are	  all	  d-‐dimensional	   vectors	  for	  actors	  (mary),	  objects	  (football),	   and	  
locations(nowhere,	   kitchen,	  garden).	  Translations	  and	  encodings	   for	  Category	  3	  are	  also	  specified	  
with	  the	  parentheses	  and	  circle	  operation,	  respectively

Mary	  belongs	  to	  the	  garden	  
(from	  the	  kitchen):	  

All	  deduction	  tasks	  can	  be	  solved	  with	  the	  container-‐containee encoding:
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Tensor	  Products
“Reasoning	  in	  Vector	  Space:	  An	  Exploratory	  Study	  of	  Question	  Answering”	  Moontae Lee,	  Wen-‐tau	  Yih,	  Li	  Deng,	  Paul	  Smolensky

Ownership	  Transfer – analogous	   to	  location	  change
• When	  an	  entity	  changes	  owners	  from	  prev (p)	   to	  next	  (n),	  bind	   this	  transition	   into	  a	  d-‐dim	  vector	  using	  a	  d	  x	  2d	  

temporal	  encoding	  matrix,	  V

Conjunctions	  –multiple	  actors
• Conjoin	   two	  objects	  by	  another	  bilinear	  

binding	   operation	  ⋆ :	  Rd × Rd →	  Rd ,	  and	  
unbind	   similarly	  via	  the	  pseudo-‐inverse	  
of	  the	  corresponding	  matrix

Indefinite	  Knowledge:
• If	  two	  locations	  unbound	   from	  the	  

target	  actor	  are	  identical,	  we	  output	  a	  
yes/no	  definite	  answer,	  whereas	  two	  
different	   locations	  imply	   the	  indefinite	  
answer	  ‘maybe’	   if	  one	  of	   the	  unbound	  
locations	  matches	  the	  queried	   location
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Tensor	  Products
“Reasoning	  in	  Vector	  Space:	  An	  Exploratory	  Study	  of	  Question	  Answering”	  Moontae Lee,	  Wen-‐tau	  Yih,	  Li	  Deng,	  Paul	  Smolensky

Induction:	  Categories	  16	  and	  20	  -‐ but	   this	  is	  just	  the	  container-‐containee relationship	  applied	  in	  reverse

Path	  finding:	  Deferential	  computation

Sample	  multi-‐relational	  translations	   and	  corresponding	   encodings	   from	  Category	  19.	  Symbols	   in	  encodings	  are	  
either	  d-‐dimensional	   object	  vectors	  (hallway,	  bedroom,	   office,	   βathroom,	  garden,	  kitchen)	  or	  d	  × d	  directional	  
matrices	  (South,	   East,	  West,	  North).	  The	  last	  column	  shows	   the	  sequence	  of	  actual	  running	  order

• If	  the	  location	  of	  both	  entities	  in	  
a	  direction	  are	  not	  known,	   store	  
them	  in	  a	  queue.	  If	  the	  location	  
of	  one	  is	  known	  relative	  to	  an	  
unknown	   location,	  multiply	  by	  
direction	  matrix
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Tensor	  Products
“Reasoning	  in	  Vector	  Space:	  An	  Exploratory	  Study	  of	  Question	  Answering”	  Moontae Lee,	  Wen-‐tau	  Yih,	  Li	  Deng,	  Paul	  Smolensky

Accuracies	  on	  training	  and	  test	  data	  on	  
Tensor	  Product	  models.	  They	  achieve	  near-‐
perfect	  accuracy	  in	  almost	  every	  category	  
including	   positional	   reasoning	  and	  path	  
finding.

Best	  accuracies	  achieved	  by	  competing	  models.	  MNN	  =	  Strongly-‐Supervised	   MemNN trained	  with	  the	  clue	  
numbers,	  DMN	  =	  Dynamic	  MemNN,	  SSVM	  =Structured	  SVM	  with	  the	  coreference resolution	   and	  SRL	  
features.	  Multitask	  indicates	  multitask	  training.

Tensor	  product	  models	  are	  superior,	   but	  require	  a	  new	  tensor	  operation	  for	  every	  “type”	  of	  question,	  which	  requires	  
nontrivial	  human	  ingenuity
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Entity	  and	  Relationship	  Embeddings
“Embeddings Entities	  and	  Relations	  for	  Learning	  and	  Inference	  in	  Knowledge	  Bases”	  Wen-‐tau	  Yih,	  Xiaodong He,	  Jianfeng Gao,	  Li	  Deng

Learn	  vector	  representations	  of	  (subject,	   relationship,	  object)	   triples	  for	  KB.	  Model	  Relations	  are	  linear	  or	  bilinear	  maps.	  
Purpose:	  deduce	  new	  facts and	  complete	  KB,	  support	  complex	  reasoning	  in	  soft	  vector	  space,	  provide	  explanations	  for	  
inference	  results
• Link	  Prediction:	  entity	  ranking	  task	  -‐ predict	  correctness	  of	  unseen	   triples
• Horn	  Rule	  extraction:	  mine	  new	  relationships	   that	  complete	  a	  closed	  path	  in	  the	  KB

• B(a,	  b)	  and	  C(c,	  d)	  and	  D(e,	  f)	  =>	  H(a,	  f)	  where	  H	  is	  a	  new	  relationship	   that	  exists	  between	  ’a’	  and	  ‘f’
• Objective:	  min	  margin-‐based	   ranking	  objective,	  which	  encourages	  the	  scores	  of	  positive	   relationships	   (triplets)	   to	  be	  

higher	   than	  the	  scores	  of	  any	  negative	  relationships	   (triplets)

Representation	  of	  two	  entities	  where	  W	  is	  
some	  parameter	  matrix

Two	  different	  relationship	  scoring	  models,	  where	  A	  and	  B	  are	  the	  linear	  
and	  bilinear	  relatinoship operators,	  respectively.	  

Comparison	  of	  different	  scoring	  functions	  based	  on	   the	  relationship	  models
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Entity	  and	  Relationship	  Embeddings
“Embeddings Entities	  and	  Relations	  for	  Learning	  and	  Inference	  in	  Knowledge	  Bases”	  Wen-‐tau	  Yih,	  Xiaodong He,	  Jianfeng Gao,	  Li	  Deng
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