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Roadmap	
  
•  words,	
  morphology,	
  lexical	
  semanMcs	
  
•  text	
  classificaMon	
  
•  language	
  modeling	
  
•  word	
  embeddings	
  
•  recurrent/recursive/convoluMonal	
  networks	
  in	
  NLP	
  
•  sequence	
  labeling,	
  HMMs,	
  dynamic	
  programming	
  
•  syntax	
  and	
  syntacMc	
  parsing	
  
•  semanMcs,	
  composiMonality,	
  semanMc	
  parsing	
  
•  machine	
  translaMon	
  and	
  other	
  NLP	
  tasks	
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Classifier	
  Framework	
  

•  linear	
  model	
  score	
  funcMon:	
  

•  we	
  can	
  also	
  use	
  a	
  neural	
  network	
  for	
  the	
  score	
  
funcMon!	
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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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A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  

•  input	
  is	
  concatenaMon	
  of	
  vectors	
  (embeddings)	
  
of	
  previous	
  words:	
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  w1	
  and	
  w2,	
  predict	
  next	
  word	
  



A	
  Simple	
  Neural	
  Trigram	
  Language	
  Model	
  
•  output	
  vector	
  contains	
  scores	
  of	
  possible	
  next	
  words:	
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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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‡. Léon Bottou is now with Microsoft, Redmond, WA.
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¶. Pavel Kuksa is also with Rutgers University, New Brunswick, NJ.
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  al.,	
  2013a)	
  

13	
  



word2vec	
  (Mikolov	
  et	
  al.,	
  2013b)	
  

14	
  

Distributed Representations of Words and Phrases
and their Compositionality

Tomas Mikolov
Google Inc.

Mountain View
mikolov@google.com

Ilya Sutskever
Google Inc.

Mountain View
ilyasu@google.com

Kai Chen
Google Inc.

Mountain View
kai@google.com

Greg Corrado
Google Inc.

Mountain View
gcorrado@google.com

Jeffrey Dean
Google Inc.

Mountain View
jeff@google.com

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



Learning	
  word	
  vectors	
  
•  let’s	
  use	
  our	
  classificaMon	
  framework	
  
•  we	
  want	
  to	
  use	
  unlabeled	
  text	
  to	
  train	
  the	
  
vectors	
  

•  we	
  can	
  convert	
  our	
  unlabeled	
  text	
  into	
  a	
  
classificaMon	
  problem!	
  

•  how?	
  	
  (there	
  are	
  many	
  possibiliMes)	
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skip-­‐gram	
  training	
  data	
  (window	
  size	
  =	
  5)	
  
corpus	
  (English	
  Wikipedia):	
  
agriculture	
  is	
  the	
  tradi1onal	
  mainstay	
  of	
  the	
  cambodian	
  economy	
  .	
  
but	
  benares	
  has	
  been	
  destroyed	
  by	
  an	
  earthquake	
  .	
  
…	
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inputs	
  (x)	
   outputs	
  (y)	
  
agriculture	
   <s>	
  
agriculture	
   is	
  
agriculture	
   the	
  

is	
   <s>	
  
is	
   agriculture	
  
is	
   the	
  
is	
   tradiMonal	
  
the	
   is	
  
…	
   …	
  



CBOW	
  training	
  data	
  (window	
  size	
  =	
  5)	
  
corpus	
  (English	
  Wikipedia):	
  
agriculture	
  is	
  the	
  tradi1onal	
  mainstay	
  of	
  the	
  cambodian	
  economy	
  .	
  
but	
  benares	
  has	
  been	
  destroyed	
  by	
  an	
  earthquake	
  .	
  
…	
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inputs	
  (x)	
   outputs	
  (y)	
  
{<s>,	
  is,	
  the,	
  tradiMonal}	
   agriculture	
  

{<s>,	
  agriculture,	
  the,	
  tradiMonal}	
   is	
  
{agriculture,	
  is,	
  tradiMonal,	
  mainstay}	
   the	
  

{is,	
  the,	
  mainstay,	
  of}	
   tradiMonal	
  
{the,	
  tradiMonal,	
  of,	
  the}	
   mainstay	
  

{tradiMonal,	
  mainstay,	
  the,	
  cambodian}	
   of	
  
{mainstay,	
  of,	
  cambodian,	
  economy}	
   the	
  

…	
   …	
  



skip-­‐gram	
  model	
  

•  here’s	
  our	
  data:	
  

•  how	
  should	
  we	
  define	
  the	
  score	
  funcMon?	
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inputs	
  (x)	
   outputs	
  (y)	
  

agriculture	
   <s>	
  

agriculture	
   is	
  

agriculture	
   the	
  

is	
   <s>	
  

…	
   …	
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skip-­‐gram	
  score	
  funcMon:	
  dot	
  product	
  

•  dot	
  product	
  of	
  two	
  vectors,	
  one	
  for	
  each	
  word	
  
•  subtlety:	
  different	
  vector	
  spaces	
  for	
  input	
  and	
  output	
  
•  no	
  interpretaMon	
  to	
  vector	
  dimensions	
  (a	
  priori)	
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vector	
  for	
  word	
  	
  
x	
  as	
  an	
  input	
  

vector	
  for	
  word	
  	
  
y	
  as	
  an	
  output	
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skip-­‐gram	
  parameterizaMon	
  

input	
  vectors	
  
	
  
	
  
output	
  vectors	
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0.4	
  
-­‐0.1	
  
0.2	
  
0.3	
  
-­‐0.6	
  
-­‐1.3	
  
0.9	
  
…	
  

input	
  vector	
  for	
  dog	
  
	
  
input	
  vector	
  for	
  cat	
  
…	
  

output	
  vector	
  for	
  dog	
  
…	
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skip-­‐gram	
  score	
  funcMon	
  

•  why	
  use	
  different	
  vector	
  spaces	
  for	
  input	
  and	
  
output?	
  

•  also,	
  what	
  should	
  we	
  use	
  as	
  our	
  final	
  word	
  
embeddings?	
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What	
  will	
  the	
  skip-­‐gram	
  model	
  learn?	
  

•  corpus:	
  
an	
  earthquake	
  destroyed	
  the	
  city	
  
the	
  town	
  was	
  destroyed	
  by	
  a	
  tornado	
  

•  sample	
  of	
  training	
  pairs:	
  

•  output	
  vector	
  for	
  destroyed	
  encouraged	
  to	
  be	
  similar	
  
to	
  input	
  vectors	
  of	
  earthquake	
  and	
  tornado	
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inputs	
  (x)	
   outputs	
  (y)	
  

destroyed	
   earthquake	
  

earthquake	
   destroyed	
  

destroyed	
   tornado	
  

tornado	
   destroyed	
  

…	
   …	
  



Modeling,	
  Inference,	
  and	
  Learning	
  for	
  Word	
  Vectors	
  

•  Inference:	
  How	
  do	
  we	
  efficiently	
  search	
  over	
  
the	
  space	
  of	
  all	
  outputs?	
  

learning:	
  choose	
  	
  _	
  

modeling:	
  define	
  	
  score	
  funcMon	
  inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
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Modeling,	
  Inference,	
  and	
  Learning	
  for	
  Word	
  Vectors	
  

•  Inference:	
  How	
  do	
  we	
  efficiently	
  search	
  over	
  
the	
  space	
  of	
  all	
  outputs?	
  

learning:	
  choose	
  	
  _	
  

modeling:	
  define	
  	
  score	
  funcMon	
  inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
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this	
  becomes	
  much	
  more	
  expensive!	
  
(loops	
  over	
  all	
  word	
  types)	
  



Modeling,	
  Inference,	
  and	
  Learning	
  for	
  Word	
  Vectors	
  

•  Learning:	
  How	
  do	
  we	
  choose	
  the	
  weights	
  w?	
  

learning:	
  choose	
  	
  _	
  

modeling:	
  define	
  	
  score	
  funcMon	
  inference:	
  solve	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  _	
  	
  

25	
  

<latexit sha1_base64="yOyhPxgJO29qnZ47rBaW9rSuq+8="></latexit>

<latexit sha1_base64="IqCb6TiHnfkJx1fmN8Jnh16gQX8="></latexit>



skip-­‐gram	
  
•  skip-­‐gram	
  objecMve:	
  log	
  loss	
  

26	
  

sum	
  over	
  
posiMons	
  in	
  
corpus	
  

sum	
  over	
  context	
  
words	
  in	
  window	
  

<latexit sha1_base64="sG4mE7dCZOXZ4PhYMuFc8+64VMc="></latexit>
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from	
  score	
  to	
  probability:	
  

<latexit sha1_base64="D8ybjPFMWTQXqgF0EVnoM4fQXQU="></latexit>

<latexit sha1_base64="tpV03AHQdEab5pb2lLTohP/z+Dg="></latexit>
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normalizaMon	
  requires	
  sum	
  over	
  what?	
  

<latexit sha1_base64="tpV03AHQdEab5pb2lLTohP/z+Dg="></latexit>
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normalizaMon	
  requires	
  sum	
  over	
  enMre	
  vocabulary:	
  

<latexit sha1_base64="WyNRwamOumkynbyFzNlWArlZJRE="></latexit>

<latexit sha1_base64="sG4mE7dCZOXZ4PhYMuFc8+64VMc="></latexit>



Hierarchical	
  Sopmax	
  
(Morin	
  and	
  Bengio,	
  2005)	
  

•  based	
  on	
  a	
  new	
  generaMve	
  story	
  for	
  the	
  
probability	
  	
  

•  but	
  the	
  generaMve	
  story	
  is	
  so	
  simple!	
  
–  just	
  draw	
  from	
  the	
  condiMonal	
  distribuMon	
  

•  how	
  can	
  we	
  make	
  it	
  more	
  efficient?	
  
– see	
  paper	
  or	
  advanced	
  NLP	
  course	
  for	
  details	
  

•  we	
  sMll	
  need	
  it	
  to	
  be	
  true	
  that:	
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NegaMve	
  Sampling	
  
(Mikolov	
  et	
  al.,	
  2013)	
  

•  rather	
  than	
  sum	
  over	
  enMre	
  vocabulary,	
  
generate	
  samples	
  and	
  sum	
  over	
  them	
  

•  instead	
  of	
  a	
  mulMclass	
  classifier,	
  use	
  a	
  binary	
  
classifier:	
  

•  where	
  sigma	
  is	
  logisMc	
  sigmoid	
  funcMon	
  (see	
  
next	
  slide)	
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(logisMc)	
  sigmoid:	
  
<latexit sha1_base64="9bFymy8s+/kdRpSC4HF9UKIeTIs="></latexit>

<latexit sha1_base64="PGXhqpU4KVOI1HUY0jb53Wgy1LE="></latexit>



•  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  open	
  used	
  to	
  turn	
  a	
  score	
  funcMon	
  
into	
  a	
  probabilisMc	
  binary	
  classifier,	
  because	
  
its	
  outputs	
  range	
  from	
  0	
  to	
  1	
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NegaMve	
  Sampling	
  
(Mikolov	
  et	
  al.,	
  2013)	
  

•  NEG	
  contains	
  2-­‐20	
  words	
  sampled	
  from	
  some	
  
distribuMon	
  
– e.g.,	
  uniform,	
  unigram,	
  or	
  smoothed	
  unigram	
  
– smoothed:	
  raise	
  probabiliMes	
  to	
  power	
  ¾,	
  
renormalize	
  to	
  get	
  a	
  distribuMon	
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Two	
  Ways	
  to	
  Represent	
  Word	
  Embeddings	
  

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

•  2:	
  store	
  embeddings	
  in	
  a	
  hash/dicMonary	
  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	
  
operaMons)	
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Two	
  Ways	
  to	
  Represent	
  Word	
  Embeddings	
  

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

•  2:	
  store	
  embeddings	
  in	
  a	
  hash/dicMonary	
  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	
  
operaMons)	
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Two	
  Ways	
  to	
  Represent	
  Word	
  Embeddings	
  

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

•  2:	
  store	
  embeddings	
  in	
  a	
  hash/dicMonary	
  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	
  
operaMons)	
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•  we	
  went	
  through	
  skip-­‐gram	
  in	
  detail	
  
•  word2vec	
  contains	
  two	
  models:	
  skip-­‐gram	
  and	
  
conMnuous	
  bag	
  of	
  words	
  (CBOW)	
  

•  for	
  CBOW:	
  we	
  can	
  use	
  the	
  same	
  loss	
  and	
  
inference	
  tricks	
  as	
  skip-­‐gram,	
  so	
  we	
  will	
  just	
  
focus	
  on	
  the	
  CBOW	
  scoring	
  funcMon	
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CBOW	
  training	
  data	
  (window	
  size	
  =	
  5)	
  
corpus	
  (English	
  Wikipedia):	
  
agriculture	
  is	
  the	
  tradi1onal	
  mainstay	
  of	
  the	
  cambodian	
  economy	
  .	
  
but	
  benares	
  has	
  been	
  destroyed	
  by	
  an	
  earthquake	
  .	
  
…	
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inputs	
  (x)	
   outputs	
  (y)	
  
{<s>,	
  is,	
  the,	
  tradiMonal}	
   agriculture	
  

{<s>,	
  agriculture,	
  the,	
  tradiMonal}	
   is	
  
{agriculture,	
  is,	
  tradiMonal,	
  mainstay}	
   the	
  

{is,	
  the,	
  mainstay,	
  of}	
   tradiMonal	
  
{the,	
  tradiMonal,	
  of,	
  the}	
   mainstay	
  

{tradiMonal,	
  mainstay,	
  the,	
  cambodian}	
   of	
  
{mainstay,	
  of,	
  cambodian,	
  economy}	
   the	
  

…	
   …	
  



word2vec	
  Score	
  FuncMons	
  
•  skip-­‐gram:	
  

•  CBOW:	
  

40	
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inputs	
  (x)	
   outputs	
  (y)	
  

agriculture	
   <s>	
  

agriculture	
   is	
  

agriculture	
   the	
  



word2vec	
  Score	
  FuncMons	
  
•  skip-­‐gram:	
  

•  CBOW:	
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inputs	
  (x)	
   outputs	
  (y)	
  
{<s>,	
  is,	
  the,	
  tradiMonal}	
   agriculture	
  

{<s>,	
  agriculture,	
  the,	
  tradiMonal}	
   is	
  
{agriculture,	
  is,	
  tradiMonal,	
  mainstay}	
   the	
  

inputs	
  (x)	
   outputs	
  (y)	
  

agriculture	
   <s>	
  

agriculture	
   is	
  

agriculture	
   the	
  



word2vec	
  
•  word2vec	
  toolkit	
  implements	
  training	
  for	
  skip-­‐
gram	
  and	
  CBOW	
  models	
  

•  very	
  fast	
  to	
  train,	
  even	
  on	
  large	
  corpora	
  
•  pretrained	
  embeddings	
  available	
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Embeddings	
  capture	
  relaMonal	
  meaning!	
  

vector(king)	
  –	
  vector(man)	
  +	
  vector(woman)	
  ≈	
  vector(queen)	
  
vector(Paris)	
  –	
  vector(France)	
  +	
  vector(Italy)	
  ≈	
  vector(Rome)	
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GloVe	
  
(Pennington	
  et	
  al.,	
  2014)	
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GloVe: Global Vectors for Word Representation

Jeffrey Pennington, Richard Socher, Christopher D. Manning
Computer Science Department, Stanford University, Stanford, CA 94305

jpennin@stanford.edu, richard@socher.org, manning@stanford.edu

Abstract

Recent methods for learning vector space
representations of words have succeeded
in capturing fine-grained semantic and
syntactic regularities using vector arith-
metic, but the origin of these regularities
has remained opaque. We analyze and
make explicit the model properties needed
for such regularities to emerge in word
vectors. The result is a new global log-
bilinear regression model that combines
the advantages of the two major model
families in the literature: global matrix
factorization and local context window
methods. Our model efficiently leverages
statistical information by training only on
the nonzero elements in a word-word co-
occurrence matrix, rather than on the en-
tire sparse matrix or on individual context
windows in a large corpus. The model pro-
duces a vector space with meaningful sub-
structure, as evidenced by its performance
of 75% on a recent word analogy task. It
also outperforms related models on simi-
larity tasks and named entity recognition.

1 Introduction

Semantic vector space models of language repre-
sent each word with a real-valued vector. These
vectors can be used as features in a variety of ap-
plications, such as information retrieval (Manning
et al., 2008), document classification (Sebastiani,
2002), question answering (Tellex et al., 2003),
named entity recognition (Turian et al., 2010), and
parsing (Socher et al., 2013).

Most word vector methods rely on the distance
or angle between pairs of word vectors as the pri-
mary method for evaluating the intrinsic quality
of such a set of word representations. Recently,
Mikolov et al. (2013c) introduced a new evalua-
tion scheme based on word analogies that probes

the finer structure of the word vector space by ex-
amining not the scalar distance between word vec-
tors, but rather their various dimensions of dif-
ference. For example, the analogy “king is to
queen as man is to woman” should be encoded
in the vector space by the vector equation king �
queen = man � woman. This evaluation scheme
favors models that produce dimensions of mean-
ing, thereby capturing the multi-clustering idea of
distributed representations (Bengio, 2009).

The two main model families for learning word
vectors are: 1) global matrix factorization meth-
ods, such as latent semantic analysis (LSA) (Deer-
wester et al., 1990) and 2) local context window
methods, such as the skip-gram model of Mikolov
et al. (2013c). Currently, both families suffer sig-
nificant drawbacks. While methods like LSA ef-
ficiently leverage statistical information, they do
relatively poorly on the word analogy task, indi-
cating a sub-optimal vector space structure. Meth-
ods like skip-gram may do better on the analogy
task, but they poorly utilize the statistics of the cor-
pus since they train on separate local context win-
dows instead of on global co-occurrence counts.

In this work, we analyze the model properties
necessary to produce linear directions of meaning
and argue that global log-bilinear regression mod-
els are appropriate for doing so. We propose a spe-
cific weighted least squares model that trains on
global word-word co-occurrence counts and thus
makes efficient use of statistics. The model pro-
duces a word vector space with meaningful sub-
structure, as evidenced by its state-of-the-art per-
formance of 75% accuracy on the word analogy
dataset. We also demonstrate that our methods
outperform other current methods on several word
similarity tasks, and also on a common named en-
tity recognition (NER) benchmark.

We provide the source code for the model as
well as trained word vectors at http://nlp.
stanford.edu/projects/glove/.



Other	
  Work	
  on	
  Word	
  Embeddings	
  
•  acMve	
  research	
  area	
  (probably	
  too	
  acMve)	
  
•  other	
  direcMons:	
  
– mulMple	
  embeddings	
  for	
  a	
  single	
  word	
  
corresponding	
  to	
  different	
  word	
  senses	
  

– using	
  subword	
  informaMon	
  (e.g.,	
  characters)	
  in	
  
word	
  embeddings	
  

–  tailoring	
  embeddings	
  for	
  different	
  NLP	
  tasks	
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Other	
  ways	
  to	
  learn	
  word	
  vectors	
  
•  aside:	
  any	
  labeled	
  dataset	
  can	
  be	
  used	
  to	
  learn	
  word	
  vectors	
  

(depending	
  on	
  model/features)	
  
•  how	
  could	
  you	
  use	
  your	
  assignment	
  2	
  classifiers	
  to	
  produce	
  

word	
  vectors?	
  
•  learned	
  feature	
  weights	
  for	
  a	
  5-­‐way	
  senMment	
  classifier	
  

(binary	
  unigram	
  features),	
  for	
  two	
  words:	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  feel-­‐good	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  dull	
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label	
   weight	
  
strongly	
  posiMve	
   0.025	
  

posiMve	
   0.035	
  
neutral	
   -­‐0.045	
  
negaMve	
   0	
  

strongly	
  negaMve	
   -­‐0.015	
  

label	
   weight	
  
strongly	
  posiMve	
   0	
  

posiMve	
   0	
  
neutral	
   -­‐0.04	
  
negaMve	
   0.015	
  

strongly	
  negaMve	
   0.025	
  



Task-­‐Driven	
  Word	
  Embeddings	
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Neural	
  Network	
  for	
  SenMment	
  ClassificaMon	
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Neural	
  Network	
  for	
  SenMment	
  ClassificaMon	
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A	
  Simple	
  Neural	
  Text	
  ClassificaMon	
  Model	
  

•  represent	
  x	
  by	
  averaging	
  its	
  word	
  embeddings:	
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•  given	
  a	
  word	
  sequence	
  x,	
  predict	
  its	
  label	
  

…	
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A	
  Simple	
  Neural	
  Text	
  ClassificaMon	
  Model	
  
•  represent	
  x	
  by	
  averaging	
  its	
  word	
  embeddings	
  
•  output	
  is	
  a	
  score	
  vector	
  over	
  all	
  possible	
  labels:	
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…	
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Averaging	
  Word	
  Embeddings	
  
•  effecMve	
  encoder	
  for	
  text	
  classificaMon	
  and	
  
many	
  other	
  tasks	
  

•  someMmes	
  called	
  a	
  neural	
  bag	
  of	
  words	
  
(NBOW)	
  model	
  (Kalchbrenner	
  et	
  al.,	
  2014)	
  

•  or	
  a	
  deep	
  averaging	
  network	
  (DAN),	
  especially	
  
if	
  hidden	
  layers	
  are	
  used	
  (Iyyer	
  et	
  al.,	
  2015)	
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Encoders	
  
•  encoder:	
  a	
  funcMon	
  to	
  represent	
  a	
  word	
  
sequence	
  as	
  a	
  vector	
  

•  simplest:	
  average	
  word	
  embeddings:	
  

•  many	
  other	
  funcMons	
  possible!	
  
•  lots	
  of	
  recent	
  work	
  on	
  developing	
  bexer	
  ways	
  
to	
  encode	
  word	
  sequences	
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<latexit sha1_base64="mSZYiStrWYZEvk0f2huo8LBm2BI="></latexit>



AxenMon	
  
•  axenMon	
  is	
  a	
  useful	
  generic	
  tool	
  
•  open	
  used	
  to	
  replace	
  a	
  sum	
  or	
  average	
  with	
  
an	
  axenMon-­‐weighted	
  sum	
  

•  e.g.,	
  for	
  a	
  word	
  summing	
  encoder:	
  

•  many	
  other	
  funcMons	
  possible!	
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AxenMon	
  
•  axenMon	
  is	
  a	
  useful	
  generic	
  tool	
  
•  open	
  used	
  to	
  replace	
  a	
  sum	
  or	
  average	
  with	
  
an	
  axenMon-­‐weighted	
  sum	
  

•  e.g.,	
  for	
  a	
  word	
  averaging	
  encoder:	
  

55	
  

<latexit sha1_base64="P6TCqmf0BxlfUQQY1YY3cGHWFa4="></latexit>

“axenMon”	
  funcMon,	
  	
  
returns	
  a	
  scalar	
  



AxenMon	
  
•  axenMon	
  is	
  a	
  useful	
  generic	
  tool	
  
•  open	
  used	
  to	
  replace	
  a	
  sum	
  or	
  average	
  with	
  
an	
  axenMon-­‐weighted	
  sum	
  

•  e.g.,	
  for	
  a	
  word	
  averaging	
  encoder:	
  

•  many	
  axenMon	
  funcMons	
  are	
  possible!	
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<latexit sha1_base64="P6TCqmf0BxlfUQQY1YY3cGHWFa4="></latexit>

<latexit sha1_base64="AEAbgGR61B8xt7rGgEPt6oGLl18="></latexit>



Encoders	
  
•  many	
  neural	
  network	
  architectures	
  have	
  been	
  
designed	
  for	
  encoding	
  sequences	
  

57	
  



Recurrent	
  Neural	
  Networks	
  
Input	
  is	
  a	
  sequence:	
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Recurrent	
  Neural	
  Networks	
  
Input	
  is	
  a	
  sequence:	
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<latexit sha1_base64="Q8exSaeCCHaz2jGzmNY4oJsCoas="></latexit>

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

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



Recurrent	
  Neural	
  Networks	
  
Input	
  is	
  a	
  sequence:	
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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>



Recurrent	
  Neural	
  Networks	
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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>



Disclaimer	
  
•  these	
  diagrams	
  are	
  open	
  useful	
  for	
  helping	
  us	
  
understand	
  and	
  communicate	
  neural	
  network	
  
architectures	
  

•  but	
  they	
  rarely	
  have	
  any	
  sort	
  of	
  formal	
  
semanMcs	
  (unlike	
  graphical	
  models)	
  

•  they	
  are	
  more	
  like	
  cartoons	
  

62	
  


