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•  quality	
  of	
  scienIfic	
  journalism:	
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Other	
  Naturally-­‐Occurring	
  Data	
  



Other	
  Naturally-­‐Occurring	
  Data	
  
•  memorability	
  of	
  quotaIons:	
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•  saIre	
  detecIon	
  (legiImate	
  news	
  outlets	
  vs.	
  The	
  
Onion	
  or	
  other	
  saIrical	
  sites):	
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Other	
  Naturally-­‐Occurring	
  Data	
  



Other	
  Naturally-­‐Occurring	
  Data	
  
•  predicIng	
  novel	
  success	
  from	
  text	
  of	
  novels:	
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•  I	
  posted	
  some	
  hints	
  for	
  assignment	
  2	
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Roadmap	
  
•  words,	
  morphology,	
  lexical	
  semanIcs	
  
•  text	
  classificaIon	
  
•  language	
  modeling	
  
•  word	
  embeddings	
  
•  recurrent/recursive/convoluIonal	
  networks	
  in	
  NLP	
  
•  sequence	
  labeling,	
  HMMs,	
  dynamic	
  programming	
  
•  syntax	
  and	
  syntacIc	
  parsing	
  
•  semanIcs,	
  composiIonality,	
  semanIc	
  parsing	
  
•  machine	
  translaIon	
  and	
  other	
  NLP	
  tasks	
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ProbabilisIc	
  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>



Probability	
  -­‐>	
  Perplexity	
  
•  average	
  log-­‐probability	
  of	
  held-­‐out	
  words:	
  

•  perplexity:	
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Perplexity	
  as	
  branching	
  factor	
  
•  given	
  a	
  sentence	
  consisIng	
  of	
  random	
  digits	
  
•  perplexity	
  of	
  this	
  sentence	
  under	
  a	
  model	
  that	
  
gives	
  probability	
  1/10	
  to	
  each	
  digit?	
  

J&M/SLP3	
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Perplexity	
  as	
  branching	
  factor	
  
•  given	
  a	
  sentence	
  consisIng	
  of	
  random	
  digits	
  
•  perplexity	
  of	
  this	
  sentence	
  under	
  a	
  model	
  that	
  
gives	
  probability	
  1/10	
  to	
  each	
  digit?	
  

J&M/SLP3	
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Lower	
  perplexity	
  =	
  becer	
  model	
  
•  train:	
  38	
  million	
  words	
  
•  test:	
  1.5	
  million	
  words	
  

n-­‐gram	
  order:	
   unigram	
   bigram	
   trigram	
  

perplexity:	
   962	
   170	
   109	
  

J&M/SLP3	
  



“Add-­‐1”	
  esImaIon	
  
•  just	
  add	
  1	
  to	
  all	
  counts	
  
•  MLE	
  esImate:	
  

•  Add-­‐1	
  esImate:	
  

J&M/SLP3	
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Absolute	
  DiscounIng	
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  J&M/SLP3	
  



Absolute	
  DiscounIng	
  

15	
  J&M/SLP3	
  

observed	
  bigrams	
  have	
  counts	
  that	
  are	
  overes7mated	
  
unobserved	
  bigrams	
  have	
  counts	
  that	
  are	
  underes7mated	
  



Absolute	
  DiscounIng	
  
•  subtract	
  d	
  from	
  each	
  numerator	
  count	
  
•  use	
  the	
  original	
  counts	
  for	
  the	
  denominator	
  

•  so	
  there’s	
  some	
  “missing	
  probability	
  mass”	
  
•  lambda	
  funcIon	
  is	
  defined	
  to	
  make	
  things	
  
normalize	
  correctly	
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•  Shannon	
  game:	
  	
  I	
  can’t	
  see	
  without	
  my	
  
reading___________?	
  
– “Francisco”	
  is	
  more	
  common	
  than	
  “glasses”	
  
– …	
  but	
  “Francisco”	
  always	
  follows	
  “San”	
  

•  unigram	
  is	
  most	
  useful	
  when	
  we	
  haven’t	
  seen	
  
bigram!	
  

•  so	
  instead	
  of	
  unigram	
  P(w)	
  (“How	
  likely	
  is	
  w?”)	
  
•  use	
  PconInuaIon	
  (w)	
  (“How	
  likely	
  is	
  w	
  to	
  appear	
  as	
  a	
  
novel	
  conInuaIon?”)	
  

Kneser-­‐Ney	
  Smoothing	
  

J&M/SLP3	
  



Kneser-­‐Ney	
  Smoothing	
  
•  how	
  many	
  Imes	
  is	
  w	
  a	
  novel	
  conInuaIon?	
  

number	
  of	
  unique	
  words	
  that	
  appeared	
  before	
  w	
  



Kneser-­‐Ney	
  Smoothing	
  
•  how	
  many	
  Imes	
  is	
  w	
  a	
  novel	
  conInuaIon?	
  

	
  
•  normalize	
  by	
  total	
  number	
  of	
  word	
  bigram	
  types:	
  

	
  



Kneser-­‐Ney	
  Smoothing	
  
•  Interpolated	
  Kneser-­‐Ney:	
  

	
  
•  again,	
  lambda	
  funcIon	
  is	
  defined	
  to	
  make	
  things	
  
normalize	
  correctly	
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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:	
  



Classifier	
  Framework	
  

•  linear	
  model	
  score	
  funcIon:	
  

•  we	
  can	
  also	
  use	
  a	
  neural	
  network	
  for	
  the	
  score	
  
funcIon!	
  

22	
  

<latexit sha1_base64="PiixDyocpEc3kQB3/+Cnny8rv6I="></latexit>

<latexit sha1_base64="lKIQLfZYzyDrTWuc/qkUQ0qS4Yg="></latexit>



neural	
  layer	
  =	
  affine	
  transform	
  +	
  nonlinearity	
  

•  this	
  is	
  a	
  single	
  “layer”	
  of	
  a	
  neural	
  network	
  
•  input	
  vector	
  is	
  	
  
•  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  are	
  parameters	
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affine	
  transform	
  
nonlinearity	
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Neural	
  Networks	
  

•  use	
  output	
  of	
  one	
  layer	
  as	
  input	
  to	
  next	
  
•  “feed-­‐forward”	
  and/or	
  “fully-­‐connected”	
  layers	
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Neural	
  Network	
  for	
  SenIment	
  ClassificaIon	
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Neural	
  Network	
  for	
  SenIment	
  ClassificaIon	
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Use	
  soomax	
  funcIon	
  to	
  convert	
  scores	
  into	
  probabiliIes	
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Learning	
  with	
  Neural	
  Networks	
  

•  we	
  can	
  use	
  any	
  of	
  our	
  loss	
  funcIons	
  from	
  before,	
  as	
  
long	
  as	
  we	
  can	
  compute	
  (sub)gradients	
  

•  algorithm	
  for	
  doing	
  this	
  efficiently:	
  backpropaga7on	
  
•  basically	
  just	
  the	
  chain	
  rule	
  of	
  derivaIves	
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ComputaIon	
  Graphs	
  
•  a	
  useful	
  way	
  to	
  represent	
  the	
  computaIons	
  
performed	
  by	
  a	
  neural	
  model	
  (or	
  any	
  model!)	
  

•  why	
  useful?	
  makes	
  it	
  easy	
  to	
  implement	
  
automaIc	
  differenIaIon	
  (backpropagaIon)	
  

•  many	
  neural	
  net	
  toolkits	
  let	
  you	
  define	
  your	
  
model	
  in	
  terms	
  of	
  computaIon	
  graphs	
  
(PyTorch,	
  TensorFlow,	
  DyNet,	
  Theano,	
  etc.)	
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BackpropagaIon	
  
•  backpropagaIon	
  has	
  become	
  associated	
  with	
  
neural	
  networks,	
  but	
  it’s	
  much	
  more	
  general	
  

•  I	
  also	
  use	
  backpropagaIon	
  to	
  compute	
  
gradients	
  in	
  linear	
  models	
  for	
  structured	
  
predicIon	
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A	
  simple	
  computaIon	
  graph:	
  

•  represents	
  expression	
  “a	
  +	
  3”	
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A	
  slightly	
  bigger	
  computaIon	
  graph:	
  

•  represents	
  expression	
  “(a	
  +	
  3)2	
  +	
  4a2”	
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Operators	
  can	
  have	
  more	
  than	
  2	
  operands:	
  

•  sIll	
  represents	
  expression	
  “(a	
  +	
  3)2	
  +	
  4a2”	
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•  more	
  concise:	
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Model	
  (Bengio	
  et	
  al.,	
  2003)	
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BENGIO, DUCHARME, VINCENT AND JAUVIN

softmax

tanh

. . . . . .. . .

. . . . . .

. . . . . .

across words

most  computation here

index for index for index for

shared parameters

Matrix

in
look−up
Table

. . .

C

C

wt�1wt�2

C(wt�2) C(wt�1)C(wt�n+1)

wt�n+1

i-th output = P(wt = i | context)

Figure 1: Neural architecture: f (i,wt�1, · · · ,wt�n+1) = g(i,C(wt�1), · · · ,C(wt�n+1)) where g is the
neural network andC(i) is the i-th word feature vector.

parameters of the mapping C are simply the feature vectors themselves, represented by a |V |⇥m
matrixC whose row i is the feature vectorC(i) for word i. The function g may be implemented by a
feed-forward or recurrent neural network or another parametrized function, with parameters ω. The
overall parameter set is θ= (C,ω).

Training is achieved by looking for θ that maximizes the training corpus penalized log-likelihood:

L=
1
T ∑t

log f (wt ,wt�1, · · · ,wt�n+1;θ)+R(θ),

where R(θ) is a regularization term. For example, in our experiments, R is a weight decay penalty
applied only to the weights of the neural network and to theC matrix, not to the biases.3

In the above model, the number of free parameters only scales linearly with V , the number of
words in the vocabulary. It also only scales linearly with the order n : the scaling factor could
be reduced to sub-linear if more sharing structure were introduced, e.g. using a time-delay neural
network or a recurrent neural network (or a combination of both).

In most experiments below, the neural network has one hidden layer beyond the word features
mapping, and optionally, direct connections from the word features to the output. Therefore there
are really two hidden layers: the shared word features layer C, which has no non-linearity (it would
not add anything useful), and the ordinary hyperbolic tangent hidden layer. More precisely, the
neural network computes the following function, with a softmax output layer, which guarantees
positive probabilities summing to 1:

P̂(wt |wt�1, · · ·wt�n+1) =
eywt
∑i eyi

.

3. The biases are the additive parameters of the neural network, such as b and d in equation 1 below.
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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	
  concatenaIon	
  of	
  vectors	
  (embeddings)	
  
of	
  previous	
  words:	
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  previous	
  words	
  w1	
  and	
  w2,	
  predict	
  next	
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A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  
•  output	
  vector	
  contains	
  scores	
  of	
  possible	
  next	
  words:	
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<latexit sha1_base64="/3vOsAho3a3dr9SM7y6l2UV89NE="></latexit>



A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
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  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>

•  dimensionaliIes?	
  
<latexit sha1_base64="AKso+JZbzAfW9LCd6iuxJ1rD6RQ="></latexit>

<latexit sha1_base64="lsgywwdzpKruzSfbf2DFaVH8gUk="></latexit>

<latexit sha1_base64="2YHy62u6seQdW2qez7mjlfT7kXc="></latexit>

<latexit sha1_base64="Qus69nfibpag/SlyemYRjum7Sn4="></latexit>
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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>

•  how	
  many	
  parameters	
  are	
  in	
  this	
  model?	
  
<latexit sha1_base64="GCEbR7YnmUIq9J1k/1WsviyA4wQ="></latexit>
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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>

•  how	
  should	
  we	
  train	
  this	
  model?	
  
•  we	
  have	
  lots	
  of	
  training	
  examples	
  (just	
  collect	
  trigrams)	
  
•  we	
  can	
  use	
  any	
  of	
  our	
  classificaIon	
  losses!	
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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>

•  most	
  common	
  way:	
  log	
  loss	
  

<latexit sha1_base64="bpH19BlnXtT8yI8MWqNadhwTnJY="></latexit>

<latexit sha1_base64="XjwOQ9rzdCdfcx4Dg7KnEayc/VQ="></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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<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="avRuBVxC6vqSU4+bTI/Tw0hZZx4="></latexit>

<latexit sha1_base64="AmztDy+Cl55DvyAR15CSrl7GzpU="></latexit>

<latexit sha1_base64="lpzaVAaj0g4UH6ic5ywMGFv9slA="></latexit>



Bengio	
  et	
  al.	
  (2003)	
  
•  Experiments:	
  
–  feed-­‐forward	
  neural	
  network	
  
–  they	
  minimized	
  log	
  loss	
  of	
  next	
  word	
  condiIoned	
  
on	
  a	
  fixed	
  number	
  of	
  previous	
  words	
  

– ~800k	
  training	
  tokens,	
  vocab	
  size	
  of	
  17k	
  
–  they	
  trained	
  for	
  5	
  epochs,	
  which	
  took	
  3	
  weeks	
  on	
  
40	
  CPUs!	
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A NEURAL PROBABILISTIC LANGUAGE MODEL

n c h m direct mix train. valid. test.
MLP1 5 50 60 yes no 182 284 268
MLP2 5 50 60 yes yes 275 257
MLP3 5 0 60 yes no 201 327 310
MLP4 5 0 60 yes yes 286 272
MLP5 5 50 30 yes no 209 296 279
MLP6 5 50 30 yes yes 273 259
MLP7 3 50 30 yes no 210 309 293
MLP8 3 50 30 yes yes 284 270
MLP9 5 100 30 no no 175 280 276
MLP10 5 100 30 no yes 265 252
Del. Int. 3 31 352 336
Kneser-Ney back-off 3 334 323
Kneser-Ney back-off 4 332 321
Kneser-Ney back-off 5 332 321
class-based back-off 3 150 348 334
class-based back-off 3 200 354 340
class-based back-off 3 500 326 312
class-based back-off 3 1000 335 319
class-based back-off 3 2000 343 326
class-based back-off 4 500 327 312
class-based back-off 5 500 327 312

Table 1: Comparative results on the Brown corpus. The deleted interpolation trigram has a test per-
plexity that is 33% above that of the neural network with the lowest validation perplexity.
The difference is 24% in the case of the best n-gram (a class-based model with 500 word
classes). n : order of the model. c : number of word classes in class-based n-grams. h :
number of hidden units. m : number of word features for MLPs, number of classes for
class-based n-grams. direct: whether there are direct connections from word features to
outputs. mix: whether the output probabilities of the neural network are mixed with the
output of the trigram (with a weight of 0.5 on each). The last three columns give perplexity
on the training, validation and test sets.

probabilities. On the other hand, without those connections the hidden units form a tight bottleneck
which might force better generalization.

Table 2 gives similar results on the larger corpus (AP News), albeit with a smaller difference
in perplexity (8%). Only 5 epochs were performed (in approximately three weeks with 40 CPUs).
The class-based model did not appear to help the n-gram models in this case, but the high-order
modified Kneser-Ney back-off model gave the best results among the n-gram models.

5. Extensions and Future Work

In this section, we describe extensions to the model described above, and directions for future work.
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A NEURAL PROBABILISTIC LANGUAGE MODEL

n c h m direct mix train. valid. test.
MLP1 5 50 60 yes no 182 284 268
MLP2 5 50 60 yes yes 275 257
MLP3 5 0 60 yes no 201 327 310
MLP4 5 0 60 yes yes 286 272
MLP5 5 50 30 yes no 209 296 279
MLP6 5 50 30 yes yes 273 259
MLP7 3 50 30 yes no 210 309 293
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class-based back-off 3 200 354 340
class-based back-off 3 500 326 312
class-based back-off 3 1000 335 319
class-based back-off 3 2000 343 326
class-based back-off 4 500 327 312
class-based back-off 5 500 327 312

Table 1: Comparative results on the Brown corpus. The deleted interpolation trigram has a test per-
plexity that is 33% above that of the neural network with the lowest validation perplexity.
The difference is 24% in the case of the best n-gram (a class-based model with 500 word
classes). n : order of the model. c : number of word classes in class-based n-grams. h :
number of hidden units. m : number of word features for MLPs, number of classes for
class-based n-grams. direct: whether there are direct connections from word features to
outputs. mix: whether the output probabilities of the neural network are mixed with the
output of the trigram (with a weight of 0.5 on each). The last three columns give perplexity
on the training, validation and test sets.

probabilities. On the other hand, without those connections the hidden units form a tight bottleneck
which might force better generalization.

Table 2 gives similar results on the larger corpus (AP News), albeit with a smaller difference
in perplexity (8%). Only 5 epochs were performed (in approximately three weeks with 40 CPUs).
The class-based model did not appear to help the n-gram models in this case, but the high-order
modified Kneser-Ney back-off model gave the best results among the n-gram models.

5. Extensions and Future Work

In this section, we describe extensions to the model described above, and directions for future work.
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Abstract
We propose a unified neural network architecture and learning algorithm that can be applied to var-
ious natural language processing tasks including part-of-speech tagging, chunking, named entity
recognition, and semantic role labeling. This versatility is achieved by trying to avoid task-specific
engineering and therefore disregarding a lot of prior knowledge. Instead of exploiting man-made
input features carefully optimized for each task, our system learns internal representations on the
basis of vast amounts of mostly unlabeled training data. This work is then used as a basis for
building a freely available tagging system with good performance and minimal computational re-
quirements.
Keywords: natural language processing, neural networks

1. Introduction

Will a computer program ever be able to convert a piece of English text into a programmer friendly
data structure that describes the meaning of the natural language text? Unfortunately, no consensus
has emerged about the form or the existence of such a data structure. Until such fundamental
Articial Intelligence problems are resolved, computer scientists must settle for the reduced objective
of extracting simpler representations that describe limited aspects of the textual information.

These simpler representations are often motivated by specific applications (for instance, bag-
of-words variants for information retrieval), or by our belief that they capture something more gen-
eral about natural language. They can describe syntactic information (e.g., part-of-speech tagging,
chunking, and parsing) or semantic information (e.g., word-sense disambiguation, semantic role
labeling, named entity extraction, and anaphora resolution). Text corpora have been manually an-
notated with such data structures in order to compare the performance of various systems. The
availability of standard benchmarks has stimulated research in Natural Language Processing (NLP)
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•  word	
  embedding	
  nearest	
  neighbors:	
  COLLOBERT, WESTON, BOTTOU, KARLEN, KAVUKCUOGLU AND KUKSA

FRANCE JESUS XBOX REDDISH SCRATCHED MEGABITS
454 1973 6909 11724 29869 87025

AUSTRIA GOD AMIGA GREENISH NAILED OCTETS
BELGIUM SATI PLAYSTATION BLUISH SMASHED MB/S
GERMANY CHRIST MSX PINKISH PUNCHED BIT/S
ITALY SATAN IPOD PURPLISH POPPED BAUD
GREECE KALI SEGA BROWNISH CRIMPED CARATS
SWEDEN INDRA PSNUMBER GREYISH SCRAPED KBIT/S
NORWAY VISHNU HD GRAYISH SCREWED MEGAHERTZ
EUROPE ANANDA DREAMCAST WHITISH SECTIONED MEGAPIXELS
HUNGARY PARVATI GEFORCE SILVERY SLASHED GBIT/S

SWITZERLAND GRACE CAPCOM YELLOWISH RIPPED AMPERES

Table 7: Word embeddings in the word lookup table of the language model neural network LM1
trained with a dictionary of size 100,000. For each column the queried word is followed
by its index in the dictionary (higher means more rare) and its 10 nearest neighbors (using
the Euclidean metric, which was chosen arbitrarily).

and semantic properties of the neighbors are clearly related to those of the query word. These
results are far more satisfactory than those reported in Table 7 for embeddings obtained using purely
supervised training of the benchmark NLP tasks.

4.5 Semi-supervised Benchmark Results

Semi-supervised learning has been the object of much attention during the last few years (see
Chapelle et al., 2006). Previous semi-supervised approaches for NLP can be roughly categorized as
follows:

• Ad-hoc approaches such as Rosenfeld and Feldman (2007) for relation extraction.

• Self-training approaches, such as Ueffing et al. (2007) for machine translation, and McClosky
et al. (2006) for parsing. These methods augment the labeled training set with examples from
the unlabeled data set using the labels predicted by the model itself. Transductive approaches,
such as Joachims (1999) for text classification can be viewed as a refined form of self-training.

• Parameter sharing approaches such as Ando and Zhang (2005); Suzuki and Isozaki (2008).
Ando and Zhang propose a multi-task approach where they jointly train models sharing cer-
tain parameters. They train POS and NER models together with a language model (trained on
15 million words) consisting of predicting words given the surrounding tokens. Suzuki and
Isozaki embed a generative model (Hidden Markov Model) inside a CRF for POS, Chunking
and NER. The generative model is trained on one billion words. These approaches should
be seen as a linear counterpart of our work. Using multilayer models vastly expands the
parameter sharing opportunities (see Section 5).

Our approach simply consists of initializing the word lookup tables of the supervised networks
with the embeddings computed by the language models. Supervised training is then performed as
in Section 3.5. In particular the supervised training stage is free to modify the lookup tables. This
sequential approach is computationally convenient because it separates the lengthy training of the
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Abstract

The recently introduced continuous Skip-gram model is an efficient method for
learning high-quality distributed vector representations that capture a large num-
ber of precise syntactic and semantic word relationships. In this paper we present
several extensions that improve both the quality of the vectors and the training
speed. By subsampling of the frequent words we obtain significant speedup and
also learn more regular word representations. We also describe a simple alterna-
tive to the hierarchical softmax called negative sampling.
An inherent limitation of word representations is their indifference to word order
and their inability to represent idiomatic phrases. For example, the meanings of
“Canada” and “Air” cannot be easily combined to obtain “Air Canada”. Motivated
by this example, we present a simple method for finding phrases in text, and show
that learning good vector representations for millions of phrases is possible.

1 Introduction

Distributed representations of words in a vector space help learning algorithms to achieve better
performance in natural language processing tasks by grouping similar words. One of the earliest use
of word representations dates back to 1986 due to Rumelhart, Hinton, and Williams [13]. This idea
has since been applied to statistical language modeling with considerable success [1]. The follow
up work includes applications to automatic speech recognition and machine translation [14, 7], and
a wide range of NLP tasks [2, 20, 15, 3, 18, 19, 9].

Recently, Mikolov et al. [8] introduced the Skip-gram model, an efficient method for learning high-
quality vector representations of words from large amounts of unstructured text data. Unlike most
of the previously used neural network architectures for learning word vectors, training of the Skip-
gram model (see Figure 1) does not involve dense matrix multiplications. This makes the training
extremely efficient: an optimized single-machine implementation can train on more than 100 billion
words in one day.

The word representations computed using neural networks are very interesting because the learned
vectors explicitly encode many linguistic regularities and patterns. Somewhat surprisingly, many of
these patterns can be represented as linear translations. For example, the result of a vector calcula-
tion vec(“Madrid”) - vec(“Spain”) + vec(“France”) is closer to vec(“Paris”) than to any other word
vector [9, 8].

1
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