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Assignment	
  1	
  
•  Assignment	
  1	
  has	
  been	
  posted;	
  due	
  April	
  16	
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Course	
  Web	
  Page	
  
https://ttic.uchicago.edu/~kgimpel/teaching/
31210-s19/index.html 
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Roadmap	
  
•  intro	
  (1	
  lecture)	
  
•  deep	
  learning	
  for	
  NLP	
  (5	
  lectures)	
  
•  structured	
  predicLon:	
  sequence	
  labeling,	
  syntacLc	
  and	
  

semanLc	
  parsing,	
  dynamic	
  programming	
  (4	
  lectures)	
  
•  generaLve	
  models,	
  latent	
  variables,	
  unsupervised	
  learning,	
  

variaLonal	
  autoencoders	
  (2	
  lectures)	
  
•  Bayesian	
  methods	
  in	
  NLP	
  (2	
  lectures)	
  
•  Bayesian	
  nonparametrics	
  in	
  NLP	
  (2	
  lectures)	
  
•  review	
  &	
  other	
  topics	
  (1	
  lecture)	
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Today	
  
•  brief	
  review	
  of	
  neural	
  language	
  modeling	
  
•  neural	
  similarity	
  modeling	
  
•  loss	
  funcLons	
  for	
  similarity	
  modeling	
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ProbabilisLc	
  Language	
  Modeling	
  

•  goal:	
  compute	
  the	
  probability	
  of	
  a	
  sequence	
  of	
  words:	
  

•  related	
  task:	
  probability	
  of	
  next	
  word:	
  

•  a	
  model	
  that	
  computes	
  either	
  of	
  these:	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  or	
  
	
  	
  	
  	
  	
  is	
  called	
  a	
  language	
  model	
  (LM)	
  

J&M/SLP3	
  

<latexit sha1_base64="4bXgJlGor+6wwXWNJLAWAJBsXrI="></latexit>

<latexit sha1_base64="Z4QjPO7XGA2jjHXWL+jDbrA6lB0="></latexit>

<latexit sha1_base64="tgjqIYYIp9ZeM+sDcN+Y9uER1ig="></latexit> <latexit sha1_base64="5XP+0jyf9a2zq9JrHrEv/Z6QfHg="></latexit>



Markov	
  AssumpLon	
  

•  only	
  use	
  the	
  last	
  k	
  words	
  to	
  predict	
  the	
  next:	
  

J&M/SLP3	
  

<latexit sha1_base64="dijErXrDShWc1Da/b2xD8MdFWN4="></latexit>



condiLon	
  on	
  the	
  previous	
  word:	
  
 
 

Bigram	
  model	
  

texaco rose one in this issue is pursuing growth in a boiler 
house said mr. gurria mexico ’s motion control proposal 
without permission from five hundred fifty five yen

outside new car parking lot of the agreement reached

this would be a record november

J&M/SLP3	
  

automaLcally	
  generated	
  sentences	
  from	
  a	
  bigram	
  model:	
  

<latexit sha1_base64="jp7WZqpknhxvggXVG3vxhJrrZbY="></latexit>
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Abstract
A goal of statistical language modeling is to learn the joint probability function of sequences of
words in a language. This is intrinsically difficult because of the curse of dimensionality: a word
sequence on which the model will be tested is likely to be different from all the word sequences seen
during training. Traditional but very successful approaches based on n-grams obtain generalization
by concatenating very short overlapping sequences seen in the training set. We propose to fight the
curse of dimensionality by learning a distributed representation for words which allows each
training sentence to inform the model about an exponential number of semantically neighboring
sentences. The model learns simultaneously (1) a distributed representation for each word along
with (2) the probability function for word sequences, expressed in terms of these representations.
Generalization is obtained because a sequence of words that has never been seen before gets high
probability if it is made of words that are similar (in the sense of having a nearby representation) to
words forming an already seen sentence. Training such large models (with millions of parameters)
within a reasonable time is itself a significant challenge. We report on experiments using neural
networks for the probability function, showing on two text corpora that the proposed approach
significantly improves on state-of-the-art n-gram models, and that the proposed approach allows to
take advantage of longer contexts.
Keywords: Statistical language modeling, artificial neural networks, distributed representation,
curse of dimensionality

1. Introduction

A fundamental problem that makes language modeling and other learning problems difficult is the
curse of dimensionality. It is particularly obvious in the case when one wants to model the joint
distribution between many discrete random variables (such as words in a sentence, or discrete at-
tributes in a data-mining task). For example, if one wants to model the joint distribution of 10
consecutive words in a natural language with a vocabulary V of size 100,000, there are potentially
10000010 � 1 = 1050� 1 free parameters. When modeling continuous variables, we obtain gen-
eralization more easily (e.g. with smooth classes of functions like multi-layer neural networks or
Gaussian mixture models) because the function to be learned can be expected to have some lo-
cal smoothness properties. For discrete spaces, the generalization structure is not as obvious: any
change of these discrete variables may have a drastic impact on the value of the function to be esti-

c�2003 Yoshua Bengio, Réjean Ducharme, Pascal Vincent, Christian Jauvin.

•  idea:	
  use	
  a	
  neural	
  network	
  for	
  n-­‐gram	
  
language	
  modeling:	
  



What	
  is	
  a	
  neural	
  network?	
  
•  just	
  think	
  of	
  a	
  neural	
  network	
  as	
  a	
  funcLon	
  
•  it	
  has	
  inputs	
  and	
  outputs	
  
•  “neural”	
  typically	
  means	
  one	
  type	
  of	
  
funcLonal	
  building	
  block	
  (“neural	
  layers”),	
  but	
  
the	
  term	
  has	
  broadened	
  

•  neural	
  modeling	
  is	
  now	
  be_er	
  thought	
  of	
  as	
  a	
  
modeling	
  strategy	
  (leveraging	
  “distributed	
  
representaLons”	
  or	
  “representaLon	
  
learning”),	
  or	
  a	
  family	
  of	
  related	
  methods	
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A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  

•  given	
  previous	
  words	
  w1	
  and	
  w2,	
  predict	
  next	
  word	
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A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  

•  input	
  is	
  concatenaLon	
  of	
  vectors	
  (embeddings)	
  
represenLng	
  previous	
  words:	
  

12	
  

<latexit sha1_base64="r7uH6J492PTgQ9SNDQoTUoyZrBg="></latexit>

<latexit sha1_base64="/bSuZ8lMRhFPL2IY29R6nY5IjLk=">AAAB+nicbVDLSsNAFJ3UV62vVJduBkuhbkoigi6LblxWsA9oQ5hMb9qhk0mYmVhK7Ke4caGIW7/EnX/jtM1CWw9cOJxzL3PmBAlnSjvOt1XY2Nza3inulvb2Dw6P7PJxW8WppNCiMY9lNyAKOBPQ0kxz6CYSSBRw6ATj27nfeQSpWCwe9DQBLyJDwUJGiTaSb5f7EdEjpjOIgllt4rvnvl1x6s4CeJ24OamgHE3f/uoPYppGIDTlRKme6yTay4jUjHKYlfqpgoTQMRlCz1BBIlBetog+w1WjDHAYSzNC44X6+yIjkVJTkw1X50HVqjcX//N6qQ6vvYyJJNUg6PKhMOVYx3jeAx4wCVTzqSGESmayYjoiklBt2iqZEtzVL6+T9kXdderu/WWlcZPXUUSn6AzVkIuuUAPdoSZqIYom6Bm9ojfryXqx3q2P5WrBym9O0B9Ynz/js5O8</latexit>

<latexit sha1_base64="SSQ81LWoqkNV5q4DVP3yeDpw/GQ=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYCnUTUmKoMuiG5cV7APaECbTSTt0MgkzN5YS+yluXCji1i9x5984bbPQ1gMXDufcy5w5QSK4Bsf5tjY2t7Z3dgt7xf2Dw6Nju3TS1nGqKGvRWMSqGxDNBJesBRwE6yaKkSgQrBOMb+d+55EpzWP5ANOEeREZSh5ySsBIvl3qRwRGHDIWBbPqxK9f+HbZqTkL4HXi5qSMcjR9+6s/iGkaMQlUEK17rpOAlxEFnAo2K/ZTzRJCx2TIeoZKEjHtZYvoM1wxygCHsTIjAS/U3xcZibSemmy4Mg+qV725+J/XSyG89jIukxSYpMuHwlRgiPG8BzzgilEQU0MIVdxkxXREFKFg2iqaEtzVL6+Tdr3mOjX3/rLcuMnrKKAzdI6qyEVXqIHuUBO1EEUT9Ixe0Zv1ZL1Y79bHcnXDym9O0R9Ynz/lOJO9</latexit>

<latexit sha1_base64="CRAtunXSWjw6F8S+KnmALkg+fZU="></latexit>

•  given	
  previous	
  words	
  w1	
  and	
  w2,	
  predict	
  next	
  word	
  



NotaLon	
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a	
  vector	
  

entry	
  i	
  in	
  the	
  vector	
  

a	
  structured	
  object	
  

item	
  i	
  in	
  the	
  structured	
  object	
  
<latexit sha1_base64="fk0KqbbK3yH3i1M4OvehO9EnhSQ="></latexit>

a	
  matrix	
  

entry	
  (i,j)	
  in	
  the	
  matrix	
  



Two	
  Ways	
  to	
  Represent	
  Word	
  Embeddings	
  

•  	
  	
  	
  	
  =	
  vocabulary	
  ,	
  	
  	
  	
  	
  	
  	
  	
  =	
  size	
  of	
  vocab	
  
•  1:	
  create	
  	
  	
  	
  	
  	
  	
  -­‐dimensional	
  “one-­‐hot”	
  vector	
  for	
  
each	
  word,	
  mulLply	
  by	
  word	
  embedding	
  matrix:	
  

•  2:	
  store	
  embeddings	
  in	
  a	
  hash/dicLonary	
  data	
  
structure,	
  do	
  lookup	
  to	
  find	
  embedding	
  for	
  word:	
  

•  These	
  are	
  equivalent,	
  second	
  can	
  be	
  much	
  faster	
  
(though	
  first	
  can	
  be	
  fast	
  if	
  using	
  sparse	
  
operaLons)	
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<latexit sha1_base64="Uwdey/ns5QF1WAXTUAhPzdTxygY="></latexit>



Two	
  Ways	
  to	
  Represent	
  Word	
  Embeddings	
  

•  	
  	
  	
  	
  =	
  vocabulary	
  ,	
  	
  	
  	
  	
  	
  	
  	
  =	
  size	
  of	
  vocab	
  
•  1:	
  create	
  	
  	
  	
  	
  	
  	
  -­‐dimensional	
  “one-­‐hot”	
  vector	
  for	
  
each	
  word,	
  mulLply	
  by	
  word	
  embedding	
  matrix:	
  

•  2:	
  store	
  embeddings	
  in	
  a	
  hash/dicLonary	
  data	
  
structure,	
  do	
  lookup	
  to	
  find	
  embedding	
  for	
  word:	
  

•  These	
  are	
  equivalent,	
  second	
  can	
  be	
  much	
  faster	
  
(though	
  first	
  can	
  be	
  fast	
  if	
  using	
  sparse	
  
operaLons)	
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<latexit sha1_base64="Uwdey/ns5QF1WAXTUAhPzdTxygY="></latexit>

<latexit sha1_base64="ADrrSgQvaHJZ5Kuxzx6m5X5kwFs="></latexit>



Two	
  Ways	
  to	
  Represent	
  Word	
  Embeddings	
  

•  	
  	
  	
  	
  =	
  vocabulary	
  ,	
  	
  	
  	
  	
  	
  	
  	
  =	
  size	
  of	
  vocab	
  
•  1:	
  create	
  	
  	
  	
  	
  	
  	
  -­‐dimensional	
  “one-­‐hot”	
  vector	
  for	
  
each	
  word,	
  mulLply	
  by	
  word	
  embedding	
  matrix:	
  

•  2:	
  store	
  embeddings	
  in	
  a	
  hash/dicLonary	
  data	
  
structure,	
  do	
  lookup	
  to	
  find	
  embedding	
  for	
  word:	
  

•  these	
  are	
  equivalent;	
  second	
  may	
  be	
  much	
  faster	
  
(first	
  can	
  be	
  fast	
  with	
  sparse	
  operaLons)	
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<latexit sha1_base64="ADrrSgQvaHJZ5Kuxzx6m5X5kwFs="></latexit>

<latexit sha1_base64="Uwdey/ns5QF1WAXTUAhPzdTxygY="></latexit>



A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  
•  output	
  vector	
  contains	
  scores	
  of	
  possible	
  next	
  words:	
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<latexit sha1_base64="r7uH6J492PTgQ9SNDQoTUoyZrBg="></latexit>

<latexit sha1_base64="/bSuZ8lMRhFPL2IY29R6nY5IjLk=">AAAB+nicbVDLSsNAFJ3UV62vVJduBkuhbkoigi6LblxWsA9oQ5hMb9qhk0mYmVhK7Ke4caGIW7/EnX/jtM1CWw9cOJxzL3PmBAlnSjvOt1XY2Nza3inulvb2Dw6P7PJxW8WppNCiMY9lNyAKOBPQ0kxz6CYSSBRw6ATj27nfeQSpWCwe9DQBLyJDwUJGiTaSb5f7EdEjpjOIgllt4rvnvl1x6s4CeJ24OamgHE3f/uoPYppGIDTlRKme6yTay4jUjHKYlfqpgoTQMRlCz1BBIlBetog+w1WjDHAYSzNC44X6+yIjkVJTkw1X50HVqjcX//N6qQ6vvYyJJNUg6PKhMOVYx3jeAx4wCVTzqSGESmayYjoiklBt2iqZEtzVL6+T9kXdderu/WWlcZPXUUSn6AzVkIuuUAPdoSZqIYom6Bm9ojfryXqx3q2P5WrBym9O0B9Ynz/js5O8</latexit>

<latexit sha1_base64="SSQ81LWoqkNV5q4DVP3yeDpw/GQ=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYCnUTUmKoMuiG5cV7APaECbTSTt0MgkzN5YS+yluXCji1i9x5984bbPQ1gMXDufcy5w5QSK4Bsf5tjY2t7Z3dgt7xf2Dw6Nju3TS1nGqKGvRWMSqGxDNBJesBRwE6yaKkSgQrBOMb+d+55EpzWP5ANOEeREZSh5ySsBIvl3qRwRGHDIWBbPqxK9f+HbZqTkL4HXi5qSMcjR9+6s/iGkaMQlUEK17rpOAlxEFnAo2K/ZTzRJCx2TIeoZKEjHtZYvoM1wxygCHsTIjAS/U3xcZibSemmy4Mg+qV725+J/XSyG89jIukxSYpMuHwlRgiPG8BzzgilEQU0MIVdxkxXREFKFg2iqaEtzVL6+Tdr3mOjX3/rLcuMnrKKAzdI6qyEVXqIHuUBO1EEUT9Ixe0Zv1ZL1Y79bHcnXDym9O0R9Ynz/lOJO9</latexit>

<latexit sha1_base64="smxvxhj1jdJ8cybzKS4VAxd+LD0="></latexit>

…	
  

…	
  

<latexit sha1_base64="RSlrbynqaK7RdyY/QqZGXl9WmdA="></latexit>

<latexit sha1_base64="UbgOtVSXeTKlBJ6RG/D/hey4EBQ="></latexit>

<latexit sha1_base64="oHvt5bFv+w+jq9+HzDzhyH3uX1Y="></latexit>

(handout)	
  



A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  
•  output	
  vector	
  contains	
  scores	
  of	
  possible	
  next	
  words:	
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<latexit sha1_base64="r7uH6J492PTgQ9SNDQoTUoyZrBg="></latexit>

<latexit sha1_base64="/bSuZ8lMRhFPL2IY29R6nY5IjLk=">AAAB+nicbVDLSsNAFJ3UV62vVJduBkuhbkoigi6LblxWsA9oQ5hMb9qhk0mYmVhK7Ke4caGIW7/EnX/jtM1CWw9cOJxzL3PmBAlnSjvOt1XY2Nza3inulvb2Dw6P7PJxW8WppNCiMY9lNyAKOBPQ0kxz6CYSSBRw6ATj27nfeQSpWCwe9DQBLyJDwUJGiTaSb5f7EdEjpjOIgllt4rvnvl1x6s4CeJ24OamgHE3f/uoPYppGIDTlRKme6yTay4jUjHKYlfqpgoTQMRlCz1BBIlBetog+w1WjDHAYSzNC44X6+yIjkVJTkw1X50HVqjcX//N6qQ6vvYyJJNUg6PKhMOVYx3jeAx4wCVTzqSGESmayYjoiklBt2iqZEtzVL6+T9kXdderu/WWlcZPXUUSn6AzVkIuuUAPdoSZqIYom6Bm9ojfryXqx3q2P5WrBym9O0B9Ynz/js5O8</latexit>

<latexit sha1_base64="SSQ81LWoqkNV5q4DVP3yeDpw/GQ=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYCnUTUmKoMuiG5cV7APaECbTSTt0MgkzN5YS+yluXCji1i9x5984bbPQ1gMXDufcy5w5QSK4Bsf5tjY2t7Z3dgt7xf2Dw6Nju3TS1nGqKGvRWMSqGxDNBJesBRwE6yaKkSgQrBOMb+d+55EpzWP5ANOEeREZSh5ySsBIvl3qRwRGHDIWBbPqxK9f+HbZqTkL4HXi5qSMcjR9+6s/iGkaMQlUEK17rpOAlxEFnAo2K/ZTzRJCx2TIeoZKEjHtZYvoM1wxygCHsTIjAS/U3xcZibSemmy4Mg+qV725+J/XSyG89jIukxSYpMuHwlRgiPG8BzzgilEQU0MIVdxkxXREFKFg2iqaEtzVL6+Tdr3mOjX3/rLcuMnrKKAzdI6qyEVXqIHuUBO1EEUT9Ixe0Zv1ZL1Y79bHcnXDym9O0R9Ynz/lOJO9</latexit>

<latexit sha1_base64="smxvxhj1jdJ8cybzKS4VAxd+LD0="></latexit>

…	
  

…	
  

<latexit sha1_base64="RSlrbynqaK7RdyY/QqZGXl9WmdA="></latexit>

<latexit sha1_base64="UbgOtVSXeTKlBJ6RG/D/hey4EBQ="></latexit>

<latexit sha1_base64="ueOXTszxbN393LRUpRBKfwgxUT4="></latexit>



A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  
•  output	
  vector	
  contains	
  scores	
  of	
  possible	
  next	
  words:	
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<latexit sha1_base64="r7uH6J492PTgQ9SNDQoTUoyZrBg="></latexit>

<latexit sha1_base64="/bSuZ8lMRhFPL2IY29R6nY5IjLk=">AAAB+nicbVDLSsNAFJ3UV62vVJduBkuhbkoigi6LblxWsA9oQ5hMb9qhk0mYmVhK7Ke4caGIW7/EnX/jtM1CWw9cOJxzL3PmBAlnSjvOt1XY2Nza3inulvb2Dw6P7PJxW8WppNCiMY9lNyAKOBPQ0kxz6CYSSBRw6ATj27nfeQSpWCwe9DQBLyJDwUJGiTaSb5f7EdEjpjOIgllt4rvnvl1x6s4CeJ24OamgHE3f/uoPYppGIDTlRKme6yTay4jUjHKYlfqpgoTQMRlCz1BBIlBetog+w1WjDHAYSzNC44X6+yIjkVJTkw1X50HVqjcX//N6qQ6vvYyJJNUg6PKhMOVYx3jeAx4wCVTzqSGESmayYjoiklBt2iqZEtzVL6+T9kXdderu/WWlcZPXUUSn6AzVkIuuUAPdoSZqIYom6Bm9ojfryXqx3q2P5WrBym9O0B9Ynz/js5O8</latexit>

<latexit sha1_base64="SSQ81LWoqkNV5q4DVP3yeDpw/GQ=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYCnUTUmKoMuiG5cV7APaECbTSTt0MgkzN5YS+yluXCji1i9x5984bbPQ1gMXDufcy5w5QSK4Bsf5tjY2t7Z3dgt7xf2Dw6Nju3TS1nGqKGvRWMSqGxDNBJesBRwE6yaKkSgQrBOMb+d+55EpzWP5ANOEeREZSh5ySsBIvl3qRwRGHDIWBbPqxK9f+HbZqTkL4HXi5qSMcjR9+6s/iGkaMQlUEK17rpOAlxEFnAo2K/ZTzRJCx2TIeoZKEjHtZYvoM1wxygCHsTIjAS/U3xcZibSemmy4Mg+qV725+J/XSyG89jIukxSYpMuHwlRgiPG8BzzgilEQU0MIVdxkxXREFKFg2iqaEtzVL6+Tdr3mOjX3/rLcuMnrKKAzdI6qyEVXqIHuUBO1EEUT9Ixe0Zv1ZL1Y79bHcnXDym9O0R9Ynz/lOJO9</latexit>

<latexit sha1_base64="smxvxhj1jdJ8cybzKS4VAxd+LD0="></latexit>

…	
  

…	
  

<latexit sha1_base64="RSlrbynqaK7RdyY/QqZGXl9WmdA="></latexit>

<latexit sha1_base64="/U2Lv16os2gHoadFWidTRtcWyCY="></latexit>

<latexit sha1_base64="hLuBtwPOKgjvKEPACQKXf+yDcRY="></latexit>

<latexit sha1_base64="ueOXTszxbN393LRUpRBKfwgxUT4="></latexit>

score	
  of	
  predicLng	
  
word	
  type	
  i	
  given	
  
previous	
  words	
  w1	
  

and	
  w2	
  



A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  
•  output	
  vector	
  contains	
  scores	
  of	
  possible	
  next	
  words:	
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<latexit sha1_base64="r7uH6J492PTgQ9SNDQoTUoyZrBg="></latexit>

<latexit sha1_base64="/bSuZ8lMRhFPL2IY29R6nY5IjLk=">AAAB+nicbVDLSsNAFJ3UV62vVJduBkuhbkoigi6LblxWsA9oQ5hMb9qhk0mYmVhK7Ke4caGIW7/EnX/jtM1CWw9cOJxzL3PmBAlnSjvOt1XY2Nza3inulvb2Dw6P7PJxW8WppNCiMY9lNyAKOBPQ0kxz6CYSSBRw6ATj27nfeQSpWCwe9DQBLyJDwUJGiTaSb5f7EdEjpjOIgllt4rvnvl1x6s4CeJ24OamgHE3f/uoPYppGIDTlRKme6yTay4jUjHKYlfqpgoTQMRlCz1BBIlBetog+w1WjDHAYSzNC44X6+yIjkVJTkw1X50HVqjcX//N6qQ6vvYyJJNUg6PKhMOVYx3jeAx4wCVTzqSGESmayYjoiklBt2iqZEtzVL6+T9kXdderu/WWlcZPXUUSn6AzVkIuuUAPdoSZqIYom6Bm9ojfryXqx3q2P5WrBym9O0B9Ynz/js5O8</latexit>

<latexit sha1_base64="SSQ81LWoqkNV5q4DVP3yeDpw/GQ=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYCnUTUmKoMuiG5cV7APaECbTSTt0MgkzN5YS+yluXCji1i9x5984bbPQ1gMXDufcy5w5QSK4Bsf5tjY2t7Z3dgt7xf2Dw6Nju3TS1nGqKGvRWMSqGxDNBJesBRwE6yaKkSgQrBOMb+d+55EpzWP5ANOEeREZSh5ySsBIvl3qRwRGHDIWBbPqxK9f+HbZqTkL4HXi5qSMcjR9+6s/iGkaMQlUEK17rpOAlxEFnAo2K/ZTzRJCx2TIeoZKEjHtZYvoM1wxygCHsTIjAS/U3xcZibSemmy4Mg+qV725+J/XSyG89jIukxSYpMuHwlRgiPG8BzzgilEQU0MIVdxkxXREFKFg2iqaEtzVL6+Tdr3mOjX3/rLcuMnrKKAzdI6qyEVXqIHuUBO1EEUT9Ixe0Zv1ZL1Y79bHcnXDym9O0R9Ynz/lOJO9</latexit>

<latexit sha1_base64="smxvxhj1jdJ8cybzKS4VAxd+LD0="></latexit>

…	
  

…	
  

<latexit sha1_base64="RSlrbynqaK7RdyY/QqZGXl9WmdA="></latexit>

<latexit sha1_base64="/U2Lv16os2gHoadFWidTRtcWyCY="></latexit>

<latexit sha1_base64="hLuBtwPOKgjvKEPACQKXf+yDcRY="></latexit>

<latexit sha1_base64="ueOXTszxbN393LRUpRBKfwgxUT4="></latexit>

we	
  can	
  interpret	
  	
  	
  	
  	
  
U	
  as	
  another	
  word	
  
embedding	
  matrix!	
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<latexit sha1_base64="r7uH6J492PTgQ9SNDQoTUoyZrBg="></latexit>

<latexit sha1_base64="/bSuZ8lMRhFPL2IY29R6nY5IjLk=">AAAB+nicbVDLSsNAFJ3UV62vVJduBkuhbkoigi6LblxWsA9oQ5hMb9qhk0mYmVhK7Ke4caGIW7/EnX/jtM1CWw9cOJxzL3PmBAlnSjvOt1XY2Nza3inulvb2Dw6P7PJxW8WppNCiMY9lNyAKOBPQ0kxz6CYSSBRw6ATj27nfeQSpWCwe9DQBLyJDwUJGiTaSb5f7EdEjpjOIgllt4rvnvl1x6s4CeJ24OamgHE3f/uoPYppGIDTlRKme6yTay4jUjHKYlfqpgoTQMRlCz1BBIlBetog+w1WjDHAYSzNC44X6+yIjkVJTkw1X50HVqjcX//N6qQ6vvYyJJNUg6PKhMOVYx3jeAx4wCVTzqSGESmayYjoiklBt2iqZEtzVL6+T9kXdderu/WWlcZPXUUSn6AzVkIuuUAPdoSZqIYom6Bm9ojfryXqx3q2P5WrBym9O0B9Ynz/js5O8</latexit>

<latexit sha1_base64="SSQ81LWoqkNV5q4DVP3yeDpw/GQ=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYCnUTUmKoMuiG5cV7APaECbTSTt0MgkzN5YS+yluXCji1i9x5984bbPQ1gMXDufcy5w5QSK4Bsf5tjY2t7Z3dgt7xf2Dw6Nju3TS1nGqKGvRWMSqGxDNBJesBRwE6yaKkSgQrBOMb+d+55EpzWP5ANOEeREZSh5ySsBIvl3qRwRGHDIWBbPqxK9f+HbZqTkL4HXi5qSMcjR9+6s/iGkaMQlUEK17rpOAlxEFnAo2K/ZTzRJCx2TIeoZKEjHtZYvoM1wxygCHsTIjAS/U3xcZibSemmy4Mg+qV725+J/XSyG89jIukxSYpMuHwlRgiPG8BzzgilEQU0MIVdxkxXREFKFg2iqaEtzVL6+Tdr3mOjX3/rLcuMnrKKAzdI6qyEVXqIHuUBO1EEUT9Ixe0Zv1ZL1Y79bHcnXDym9O0R9Ynz/lOJO9</latexit>

<latexit sha1_base64="smxvxhj1jdJ8cybzKS4VAxd+LD0="></latexit>

…	
  

…	
  

•  most	
  common	
  way	
  to	
  train:	
  log	
  loss	
  

<latexit sha1_base64="HOqm0DdzHj2cfitXoh0OWG2gTNI="></latexit>

<latexit sha1_base64="UaGBY6M/b6PEzNjUPQpcyyj+fvQ="></latexit>
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<latexit sha1_base64="r7uH6J492PTgQ9SNDQoTUoyZrBg="> Vmsh6+1gHItZpyIYCw20tcUvcy8jbLBYtVUtsz63jOURl6rHUPMbE6m2NRv88ouClDHLXOK7hvLuMBkpE5dsx5Dt+MkyMs94TNM+3ZRASADiett8AoN6YKywqsR </latexit>

<latexit sha1_base64="/bSuZ8lMRhFPL2IY29R6nY5IjLk=">AAAB+nicbVDLSsNAFJ3UV62vVJduBkuhbkoigi6LblxWsA9oQ5hMb9qhk0mYmVhK7Ke4caGIW7/EnX/jtM1CWw9cOJxzL3PmBAlnSjvOt1XY2Nza3inulvb2Dw6P7PJxW8WppNCiMY9lNyAKOBPQ0kxz6CYSSBRw6ATj27nfeQSpWCwe9DQBLyJDwUJGiTaSb5f7EdEjpjOIgllt4rvnvl1x6s4CeJ24OamgHE3f/uoPYppGIDTlRKme6yTay4jUjHKYlfqpgoTQMRlCz1BBIlBetog+w1WjDHAYSzNC44X6+yIjkVJTkw1X50HVqjcX//N6qQ6vvYyJJNUg6PKhMOVYx3jeAx4wCVTzqSGESmayYjoiklBt2iqZEtzVL6+T9kXdderu/WWlcZPXUUSn6AzVkIuuUAPdoSZqIYom6Bm9ojfryXqx3q2P5WrBym9O0B9Ynz/js5O8</latexit>

<latexit sha1_base64="SSQ81LWoqkNV5q4DVP3yeDpw/GQ=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYCnUTUmKoMuiG5cV7APaECbTSTt0MgkzN5YS+yluXCji1i9x5984bbPQ1gMXDufcy5w5QSK4Bsf5tjY2t7Z3dgt7xf2Dw6Nju3TS1nGqKGvRWMSqGxDNBJesBRwE6yaKkSgQrBOMb+d+55EpzWP5ANOEeREZSh5ySsBIvl3qRwRGHDIWBbPqxK9f+HbZqTkL4HXi5qSMcjR9+6s/iGkaMQlUEK17rpOAlxEFnAo2K/ZTzRJCx2TIeoZKEjHtZYvoM1wxygCHsTIjAS/U3xcZibSemmy4Mg+qV725+J/XSyG89jIukxSYpMuHwlRgiPG8BzzgilEQU0MIVdxkxXREFKFg2iqaEtzVL6+Tdr3mOjX3/rLcuMnrKKAzdI6qyEVXqIHuUBO1EEUT9Ixe0Zv1ZL1Y79bHcnXDym9O0R9Ynz/lOJO9</latexit>

<latexit sha1_base64="smxvxhj1jdJ8cybzKS4VAxd+LD0="></latexit>

…	
  

…	
  

…	
  

<latexit sha1_base64="lVcNEm70op/W5S7BvpCTcVCCqmE="></latexit>

<latexit sha1_base64="avRuBVxC6vqSU4+bTI/Tw0hZZx4="></latexit>

<latexit sha1_base64="AmztDy+Cl55DvyAR15CSrl7GzpU="></latexit>
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“hidden	
  vector”	
  

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

<latexit sha1_base64="zQEwqC6HaWAxt8xb/rVLFHJdoR8="></latexit>

<latexit sha1_base64="4oEmwBinCeRqe/n99NllcJL4ZEQ="></latexit>



NotaLon	
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a	
  vector	
  

entry	
  i	
  in	
  the	
  vector	
  

<latexit sha1_base64="fk0KqbbK3yH3i1M4OvehO9EnhSQ="></latexit>

a	
  matrix	
  

entry	
  (i,j)	
  in	
  the	
  matrix	
  



•  we	
  ohen	
  use	
  RNNs	
  to	
  encode	
  sentences	
  or	
  
longer	
  text	
  sequences	
  

•  common	
  for	
  sentence	
  classificaLon,	
  machine	
  
translaLon,	
  quesLon	
  answering,	
  etc.	
  

•  but	
  RNNs	
  are	
  also	
  frequently	
  used	
  for	
  
genera:ng	
  sequences	
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“hidden	
  vector”	
  

“output	
  symbol”	
  

<latexit sha1_base64="zQEwqC6HaWAxt8xb/rVLFHJdoR8="></latexit>

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="FrlKXWnC5O7UmzI/PiZw9qrMV2g="></latexit>
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“hidden	
  vector”	
  

“output	
  symbol”	
  

<latexit sha1_base64="zQEwqC6HaWAxt8xb/rVLFHJdoR8="></latexit>

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

•  y	
  is	
  a	
  symbol,	
  not	
  a	
  vector	
  
•  O	
  is	
  the	
  “output”	
  vocabulary	
  
•  we	
  have	
  new	
  parameters	
  emb(y)	
  for	
  
each	
  element	
  of	
  O	
  

•  emb(y)	
  could	
  be	
  the	
  same	
  as	
  the	
  
“input”	
  embeddings	
  used	
  to	
  define	
  
each	
  x	
  (for	
  applicaLons	
  like	
  language	
  
modeling/generaLon)	
  

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="FrlKXWnC5O7UmzI/PiZw9qrMV2g="></latexit>
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“hidden	
  vector”	
  

“output	
  symbol”	
  

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

<latexit sha1_base64="F+j56NmvPdrMPlX2VchDWE6Jan8="></latexit>

<latexit sha1_base64="rLBsn7cVuVNDL+fUT5H91BhGJ1M="></latexit>

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

•  probability	
  distribuLon	
  over	
  output	
  symbols?	
  

<latexit sha1_base64="FrlKXWnC5O7UmzI/PiZw9qrMV2g="></latexit>
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“hidden	
  vector”	
  

“output	
  symbol”	
  

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

<latexit sha1_base64="F+j56NmvPdrMPlX2VchDWE6Jan8="></latexit>

<latexit sha1_base64="rLBsn7cVuVNDL+fUT5H91BhGJ1M="></latexit>

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

For	
  language	
  modeling:	
  
	
  
•  emb(y)	
  are	
  ohen	
  same	
  as	
  input	
  embeddings	
  

•  but	
  could	
  be	
  enLrely	
  new	
  parameters	
  that	
  are	
  learned	
  (as	
  
in	
  your	
  first	
  assignment)	
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…	
  	
  if	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  the	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  car	
  	
  …	
  

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

•  input:	
  a	
  word	
  sequence	
  
•  output?	
  

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>
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…	
  	
  if	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  the	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  car	
  	
  …	
  

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

•  target	
  output	
  at	
  each	
  posiLon:	
  	
  
	
  	
  	
  	
  next	
  word	
  in	
  the	
  sequence	
  

…	
  	
  the	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  car	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  runs	
  …	
  

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>
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…	
  	
  if	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  the	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  car	
  	
  …	
  

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="b2S3kpPU9qm/zgEjB0Qp3GBqIfg="></latexit>
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…	
  	
  if	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  the	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  car	
  	
  …	
  

…	
  

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="uLAG+GxQvGymmKQax7q7S89sCqk="></latexit> <latexit sha1_base64="Df2qhGWRNfhDjgi3czAsI++EtoY="></latexit>



•  while	
  we	
  showed	
  this	
  for	
  simple	
  RNNs,	
  it’s	
  
easy	
  to	
  instead	
  use	
  LSTMs,	
  GRUs,	
  etc.	
  	
  

•  LSTMs/GRUs	
  sLll	
  produce	
  a	
  hidden	
  vector	
  at	
  
each	
  posiLon	
  in	
  the	
  sequence,	
  just	
  like	
  RNNs	
  

•  it’s	
  common	
  to	
  discuss	
  models	
  using	
  RNN	
  
abstracLon	
  that	
  produces	
  a	
  hidden	
  vector	
  at	
  
each	
  Lme	
  step,	
  but	
  you	
  can	
  always	
  subsLtute	
  
in	
  GRU,	
  LSTM,	
  etc.	
  

34	
  



Neural	
  Similarity	
  Learning	
  
•  A	
  common	
  need:	
  	
  
	
  	
  	
  compute	
  similarity/affinity	
  of	
  two	
  things	
  
– maybe	
  two	
  things	
  of	
  the	
  same	
  type,	
  
–  two	
  things	
  with	
  different	
  types	
  being	
  mapped	
  to	
  
same	
  space,	
  or	
  

–  two	
  things	
  with	
  different	
  types	
  being	
  mapped	
  to	
  
different	
  spaces,	
  but	
  being	
  compared	
  with	
  a	
  
learned	
  similarity	
  funcLon	
  

•  Examples?	
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Example:	
  ClassificaLon	
  

36	
  

similarity	
  between	
  
hidden	
  vector	
  and	
  
output	
  symbol	
  

embedding	
  (using	
  
dot	
  product)	
  

<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

<latexit sha1_base64="fQkloei+B6t8DpP8bbTAKLxO17s="></latexit>

<latexit sha1_base64="j1q3WQwYb5zEm71eXQL8aV40w+g="></latexit>

<latexit sha1_base64="1LZdzgVsJOjrZRCz4KamxYx/x9w="></latexit>

<latexit sha1_base64="ps4EpowZgv2kzmX//5Rji+iGhXI="></latexit>

<latexit sha1_base64="jv9GkaQJoSw0TUSdZVq6XUSVICI="></latexit>

<latexit sha1_base64="LNVp8Txe+NgTSkuWMvNkcFBI/zA="></latexit><latexit sha1_base64="ijOYKp4RNOK07WHdpqrpT3Cja78="></latexit>

<latexit sha1_base64="ZcXe79sQLK1vEg/buKzp9wtZm1E="></latexit>

<latexit sha1_base64="FrlKXWnC5O7UmzI/PiZw9qrMV2g="></latexit>

<latexit sha1_base64="rLBsn7cVuVNDL+fUT5H91BhGJ1M="></latexit>



Neural	
  Similarity	
  Modeling	
  
•  “Siamese	
  networks”	
  (Bromley	
  et	
  al.,	
  1993)	
  
–  these	
  typically	
  share	
  parameters	
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Similarity	
  Modeling	
  
•  Siamese	
  networks	
  typically	
  share	
  parameters	
  
across	
  the	
  two	
  networks	
  

•  but	
  it’s	
  also	
  common	
  to	
  not	
  share	
  parameters	
  
when	
  the	
  items	
  have	
  different	
  types,	
  but	
  we	
  
sLll	
  want	
  to	
  relate	
  them	
  in	
  some	
  way	
  	
  
– whether	
  map	
  to	
  same	
  space	
  +	
  compute	
  similarity	
  
or	
  map	
  each	
  to	
  some	
  other	
  space	
  +	
  compute	
  
similarity	
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Synonym	
  Pairs	
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contaminaLon	
   polluLon	
  

converged	
   convergence	
  

capLoned	
   subLtled	
  

outwit	
   thwart	
  

bad	
  	
   villain	
  

broad	
   general	
  

permanent	
   permanently	
  

bed	
   sack	
  

carefree	
   reckless	
  

absolutely	
   urgently	
  

…	
   …	
  

•  from	
  WordNet,	
  paraphrase	
  resources	
  like	
  the	
  Paraphrase	
  Database,	
  etc.	
  
•  Faruqui	
  et	
  al.	
  (2014),	
  WieLng	
  et	
  al.	
  (2015),	
  inter	
  alia	
  



Lexical	
  TranslaLon	
  Pairs	
  

40	
  

dog	
   hund	
  

man	
   mann	
  

woman	
   frau	
  

city	
   stadt	
  

person	
   man	
  

the	
   der	
  

the	
   die	
  

the	
   das	
  

…	
   …	
  

•  from	
  bilingual	
  dicLonaries,	
  automaLcally	
  extracted	
  from	
  bitext,	
  etc.	
  
•  Haghighi	
  et	
  al.	
  (2008),	
  Mikolov	
  et	
  al.	
  (2013),	
  Faruqui	
  and	
  Dyer	
  (2014)	
  



Paraphrase	
  Pairs	
  
this	
  was	
  also	
  true	
  for	
  pompeii	
  ,	
  where	
  the	
  temple	
  of	
  jupiter	
  that	
  
was	
  already	
  there	
  was	
  enlarged	
  and	
  made	
  more	
  roman	
  when	
  
the	
  romans	
  took	
  over	
  .	
  
	
  
this	
  held	
  true	
  for	
  pompeii	
  ,	
  where	
  the	
  previously	
  exisLng	
  temple	
  
of	
  jupiter	
  was	
  enlarged	
  and	
  romanized	
  upon	
  conquest	
  .	
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Images	
  and	
  CapLons	
  

Socher	
  et	
  al.	
  (2014):	
  Grounded	
  Composi>onal	
  Seman>cs	
  
For	
  Finding	
  And	
  Describing	
  Images	
  With	
  Sentences	
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Images	
  and	
  CapLons	
  

43	
  

Kiros	
  et	
  al.	
  (2014):	
  Unifying	
  Visual-­‐Seman>c	
  Embeddings	
  
with	
  Mul>modal	
  Neural	
  Language	
  Models	
  



Images	
  and	
  AnnotaLons	
  

44	
  
Weston	
  et	
  al.	
  (2011):	
  WSABIE:	
  scaling	
  up	
  to	
  large	
  vocabulary	
  image	
  
annota>on	
  



QuesLons	
  and	
  Answers	
  

Bordes	
  et	
  al.	
  (2014):	
  Ques>on	
  Answering	
  with	
  Subgraph	
  Embeddings	
  
Iyyer	
  et	
  al.	
  (2014):	
  A	
  Neural	
  Network	
  for	
  Factoid	
  Ques>on	
  Answering	
  
over	
  Paragraphs	
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EnLLes	
  in	
  Knowledge	
  Bases	
  

Bordes	
  et	
  al.	
  (2013):	
  Transla>ng	
  Embeddings	
  for	
  Modeling	
  Mul>-­‐
rela>onal	
  Data	
   46	
  



EnLLes	
  in	
  Commonsense	
  Knowledge	
  Bases	
  

Li	
  et	
  al.	
  (2016):	
  Commonsense	
  Knowledge	
  Base	
  Comple>on	
  
47	
  

given:	
  (cake,	
  UsedFor,	
  sa>sfy	
  hunger)	
  and	
  (cake,	
  IsA,	
  dessert)	
  
predict:	
  (dessert,	
  UsedFor,	
  sa>sfy	
  hunger)	
  



Stories	
  and	
  Endings	
  
•  story:	
  

Jennifer	
  has	
  a	
  big	
  exam	
  tomorrow.	
  She	
  got	
  so	
  stressed,	
  
she	
  pulled	
  an	
  all-­‐nighter.	
  She	
  went	
  into	
  class	
  the	
  next	
  
day,	
  weary	
  as	
  can	
  be.	
  Her	
  teacher	
  stated	
  that	
  the	
  test	
  is	
  
postponed	
  for	
  next	
  week.	
  

•  ending:	
  
Jennifer	
  felt	
  bi_ersweet	
  about	
  it.	
  

	
  
Source:	
  ROC	
  Story	
  Corpus	
  (Mostafazadeh	
  et	
  al.,	
  2016)	
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•  other	
  examples/applicaLons?	
  

•  someLmes	
  direcLon	
  ma_ers,	
  someLmes	
  not	
  

•  someLmes	
  there	
  is	
  a	
  parLcular	
  kind	
  of	
  
relaLon	
  being	
  named	
  for	
  each	
  pair,	
  
someLmes	
  not	
  (i.e.,	
  just	
  one	
  kind)	
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•  why	
  don’t	
  we	
  just	
  view	
  these	
  tasks	
  as	
  
classificaLon?	
  (Q2	
  on	
  handout)	
  
– we	
  are	
  only	
  given	
  examples	
  of	
  similar	
  things	
  
– may	
  be	
  infeasible	
  to	
  iterate	
  over	
  the	
  space	
  of	
  
dissimilar	
  things	
  (“negaLve	
  examples”)	
  because	
  the	
  
space	
  is	
  unbounded	
  or	
  very	
  large	
  	
  

–  there	
  may	
  be	
  mulLple	
  things	
  that	
  are	
  similar	
  to	
  
something	
  but	
  may	
  not	
  be	
  in	
  our	
  dataset	
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contaminaLon	
   polluLon	
  

converged	
   convergence	
  

capLoned	
   subLtled	
  

broad	
   general	
  

permanent	
   permanently	
  

…	
   …	
  



•  why	
  don’t	
  we	
  just	
  view	
  these	
  tasks	
  as	
  
generaLon?	
  (i.e.,	
  given	
  something,	
  generate	
  the	
  
other	
  thing)	
  
– generaLon	
  is	
  difficult	
  to	
  model	
  and	
  may	
  be	
  more	
  
Lme-­‐consuming	
  to	
  train	
  

– we	
  may	
  not	
  need	
  to	
  generate	
  anything	
  at	
  test	
  Lme;	
  
we	
  may	
  only	
  need	
  to	
  compute	
  similariLes	
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Similarity	
  FuncLons	
  
•  many	
  choices	
  for	
  similarity	
  funcLons	
  
•  we’ll	
  go	
  over	
  some	
  in	
  the	
  next	
  few	
  slides	
  
•  throughout,	
  keep	
  in	
  mind:	
  
– output	
  range	
  
– symmetric?	
  
–  introduces	
  new	
  parameters?	
  
– connecLons	
  among	
  similarity	
  funcLons?	
  
– notes/Lps	
  on	
  using	
  these	
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<latexit sha1_base64="uegM0+LTrMf5R3llYZ/kweWcW34="></latexit>



Dot	
  Product	
  

53	
  

symmetric	
  
range?	
  
symmetric	
  or	
  asymmetric?	
  
introduces	
  parameters?	
  	
   no	
  

<latexit sha1_base64="/okEIUn+o6AuouE5e5RC6DxVoRE="></latexit>



Cosine	
  Similarity	
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symmetric	
  
range?	
  
symmetric	
  or	
  asymmetric?	
  
introduces	
  parameters?	
  	
  
generalizes	
  anything?	
  

no	
  
dot	
  product	
  when	
  vectors	
  
have	
  norm	
  1	
  

<latexit sha1_base64="cXyIZURcWmzw+0qaYSIwe3SP6zc="></latexit>

<latexit sha1_base64="ix0TIxhOVfrQgMrPi2zapjbADLc="></latexit>



•  -­‐1:	
  vectors	
  point	
  in	
  opposite	
  direcLons	
  	
  
•  +1:	
  	
  vectors	
  point	
  in	
  same	
  direcLons	
  
•  0:	
  vectors	
  are	
  orthogonal	
  

55	
  J&M/SLP3	
  

Cosine	
  Similarity	
  =	
  Cosine	
  of	
  angle	
  between	
  vectors	
  



Bilinear	
  FuncLon	
  

56	
  

asymmetric	
  in	
  general	
  
range?	
  
symmetric	
  or	
  asymmetric?	
  
introduces	
  parameters?	
  
generalizes	
  anything?	
  	
  

yes	
  
dot	
  product	
  if	
  	
  	
  	
  	
  	
  	
  is	
  iden:ty	
  

<latexit sha1_base64="zyu4E2l8uZqw/AnerxzE3TSue5k="></latexit>

<latexit sha1_base64="3OLrBHRrZvy8H9SFsxPQoDi6+qM="></latexit>



Notes	
  on	
  Using	
  Bilinear	
  FuncLons	
  

57	
  

similarity	
  can	
  depend	
  on	
  relaLon	
  by	
  using	
  different	
  
bilinear	
  weight	
  matrices	
  for	
  different	
  relaLons:	
  

potenLal	
  issue:	
  	
  	
  	
  	
  	
  	
  	
  might	
  have	
  a	
  lot	
  of	
  parameters	
  

<latexit sha1_base64="zyu4E2l8uZqw/AnerxzE3TSue5k="></latexit>

<latexit sha1_base64="iOPP98I0ogMIwIrtWNil4G180zU="></latexit>

<latexit sha1_base64="9JsO/DRok9bTElYh4G6KtKN7WZo="></latexit>



•  with	
  bilinear	
  similarity	
  funcLons,	
  there	
  may	
  be	
  
too	
  many	
  parameters	
  to	
  learn	
  in	
  	
  	
  	
  	
  	
  	
  ,	
  especially	
  
when	
  using	
  large	
  dimensionaliLes	
  and	
  separate	
  
matrices	
  for	
  each	
  relaLon	
  

•  how	
  should	
  we	
  handle	
  this?	
  (Q3	
  on	
  handout)	
  
–  iniLalize	
  	
  	
  	
  	
  	
  	
  	
  	
  to	
  the	
  idenLty	
  matrix	
  and	
  regularize	
  
back	
  to	
  it	
  

– use	
  a	
  low-­‐rank	
  matrix	
  factorizaLon	
  parameterizaLon	
  	
  
(next	
  slide)	
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<latexit sha1_base64="9JsO/DRok9bTElYh4G6KtKN7WZo="></latexit>

<latexit sha1_base64="9JsO/DRok9bTElYh4G6KtKN7WZo="></latexit>



Concise	
  ParameterizaLons	
  of	
  the	
  Bilinear	
  Matrix	
  

59	
  

<latexit sha1_base64="zyu4E2l8uZqw/AnerxzE3TSue5k="> </latexit>

<latexit sha1_base64="UmhVmIbLOF7DQk1frs1yLPeVgto="></latexit>

e.g.,	
  we	
  can	
  parameterize	
  	
  	
  	
  	
  	
  	
  	
  as	
  the	
  outer	
  product	
  
of	
  two	
  vectors	
  and	
  only	
  learn	
  the	
  two	
  vectors	
  

<latexit sha1_base64="9JsO/DRok9bTElYh4G6KtKN7WZo="></latexit>



(NegaLve)	
  Squared	
  L2	
  Distance	
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symmetric	
  
range?	
  
symmetric	
  or	
  asymmetric?	
  
introduce	
  parameters?	
   no	
  

<latexit sha1_base64="ygpgsdRgsnUjyBgK8mHPMcINkEg="></latexit>

<latexit sha1_base64="KZPLcPNIeHQ50XTL0BZsNFCDqJA="></latexit>

<latexit sha1_base64="4FZ3AxLBF8lvmoGJAzu+8rFY0/c="></latexit>



MulL-­‐Layer	
  Perceptron	
  (MLP)	
  

concatenate	
  vectors,	
  pass	
  to	
  MLP,	
  use	
  scalar	
  for	
  final	
  output:	
  

61	
  

…	
  

…	
  

<latexit sha1_base64="M3aqyJ1Z1H+R/b5l/rA/DWRSTkk="></latexit>

<latexit sha1_base64="COj3mjGk0RElkmcY+i5doqXNU6E="></latexit>

<latexit sha1_base64="1VoMPyrMyc1wH9EosXBWTaPBdiI="></latexit>



MulL-­‐Layer	
  Perceptron	
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…	
  

…	
  

asymmetric	
  
range?	
  
symmetric?	
  
introduces	
  parameters?	
  
generalizes	
  anything?	
  	
  

yes	
  
yes,	
  can	
  represent	
  any	
  func:on!	
  

depends	
  on	
  nonlinearity	
  

<latexit sha1_base64="M3aqyJ1Z1H+R/b5l/rA/DWRSTkk="></latexit>

<latexit sha1_base64="COj3mjGk0RElkmcY+i5doqXNU6E="></latexit>

<latexit sha1_base64="1VoMPyrMyc1wH9EosXBWTaPBdiI="></latexit>
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…	
  

…	
  

cake	
   sa>sfy	
  hunger	
  UsedFor	
  

similarity	
  can	
  easily	
  depend	
  on	
  relaLon:	
  

<latexit sha1_base64="COj3mjGk0RElkmcY+i5doqXNU6E="></latexit>

<latexit sha1_base64="1VoMPyrMyc1wH9EosXBWTaPBdiI="></latexit>

Notes	
  on	
  MLP	
  Similarity	
  FuncLons	
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…	
  

…	
  

can	
  handle	
  different	
  dimensionaliLes	
  of	
  the	
  two	
  
items:	
  

<latexit sha1_base64="COj3mjGk0RElkmcY+i5doqXNU6E="></latexit>

<latexit sha1_base64="1VoMPyrMyc1wH9EosXBWTaPBdiI="></latexit>

Notes	
  on	
  MLP	
  Similarity	
  FuncLons	
  



Notes	
  on	
  MLP	
  Similarity	
  FuncLons	
  
since	
  MLPs	
  are	
  so	
  expressive	
  and	
  not	
  constrained,	
  things	
  could	
  
go	
  horribly	
  wrong.	
  in	
  pracLce,	
  ohen	
  pass	
  addiLonal	
  quanLLes:	
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…	
  

…	
  

<latexit sha1_base64="COj3mjGk0RElkmcY+i5doqXNU6E="></latexit>

<latexit sha1_base64="1VoMPyrMyc1wH9EosXBWTaPBdiI="></latexit>

<latexit sha1_base64="TnsMS9Efbeme37yaukrDLTLwfmc="></latexit>

<latexit sha1_base64="KDoWA8sguhj053wVM8H9HV4tz9c="></latexit>

<latexit sha1_base64="iweGMc8RS0k+zgkNjslDZRBYMQ0="></latexit>



Notes	
  on	
  MLP	
  Similarity	
  FuncLons	
  
since	
  MLPs	
  are	
  so	
  expressive	
  and	
  not	
  constrained,	
  things	
  could	
  
go	
  horribly	
  wrong.	
  in	
  pracLce,	
  ohen	
  pass	
  addiLonal	
  quanLLes:	
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…	
  

…	
  

<latexit sha1_base64="COj3mjGk0RElkmcY+i5doqXNU6E="></latexit>

<latexit sha1_base64="1VoMPyrMyc1wH9EosXBWTaPBdiI="></latexit>

<latexit sha1_base64="TnsMS9Efbeme37yaukrDLTLwfmc="></latexit>

<latexit sha1_base64="KDoWA8sguhj053wVM8H9HV4tz9c="></latexit>

<latexit sha1_base64="iweGMc8RS0k+zgkNjslDZRBYMQ0="></latexit>

when	
  will	
  these	
  be	
  helpful?	
  
(Q4	
  on	
  handout)	
  



When	
  are	
  these	
  terms	
  helpful?	
  
•  helpful:	
  
– when	
  we	
  have	
  idenLcal	
  or	
  Led	
  parameters	
  for	
  the	
  
two	
  encoders	
  

– when	
  we	
  want	
  them	
  to	
  be	
  in	
  the	
  same	
  space	
  

•  not	
  necessarily	
  helpful	
  if:	
  
– no	
  Led	
  parameters	
  in	
  the	
  encoders	
  of	
  the	
  two	
  items	
  
–  the	
  two	
  items	
  have	
  different	
  dimensionaliLes	
  
– we	
  don’t	
  care	
  if	
  they	
  are	
  in	
  the	
  same	
  space	
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•  we	
  talked	
  about	
  similarity	
  funcLons	
  and	
  
funcLonal	
  architectures	
  

•  now	
  let’s	
  move	
  on	
  to	
  learning	
  
•  we	
  have	
  pairs	
  of	
  structured	
  objects	
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<latexit sha1_base64="40h5r42q6Mcs79KXtS6HkV46lXc="></latexit>



NotaLon	
  

69	
  

a	
  vector	
  

entry	
  i	
  in	
  the	
  vector	
  

<latexit sha1_base64="fk0KqbbK3yH3i1M4OvehO9EnhSQ="></latexit>

a	
  matrix	
  

entry	
  (i,j)	
  in	
  the	
  matrix	
  



NotaLon	
  

70	
  

a	
  vector	
  

entry	
  i	
  in	
  the	
  vector	
  

a	
  structured	
  object	
  

entry	
  i	
  in	
  the	
  structured	
  object	
  
<latexit sha1_base64="fk0KqbbK3yH3i1M4OvehO9EnhSQ="></latexit>

a	
  matrix	
  

entry	
  (i,j)	
  in	
  the	
  matrix	
  



•  we	
  talked	
  about	
  similarity	
  funcLons	
  and	
  
funcLonal	
  architectures	
  

•  now	
  let’s	
  move	
  on	
  to	
  learning	
  
•  we	
  have	
  pairs	
  of	
  structured	
  objects	
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<latexit sha1_base64="40h5r42q6Mcs79KXtS6HkV46lXc="></latexit>



Learning	
  for	
  Similarity	
  
•  We	
  want	
  to	
  learn	
  input	
  representaLon	
  
funcLon	
  	
  	
  	
  	
  	
  	
  as	
  well	
  as	
  any	
  parameters	
  of	
  
similarity	
  funcLon	
  

•  We’ll	
  just	
  write	
  all	
  these	
  parameters	
  as	
  	
  
•  How	
  about	
  this	
  loss?	
  (Q5	
  on	
  handout)	
  

•  Any	
  potenLal	
  problems	
  with	
  this?	
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