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Roadmap	  
•  intro	  (1	  lecture)	  
•  deep	  learning	  for	  NLP	  (5	  lectures)	  
•  structured	  predicBon	  (4.5	  lectures)	  
•  generaBve	  models,	  latent	  variables,	  unsupervised	  learning,	  

variaBonal	  autoencoders	  (1.5	  lectures)	  
•  Bayesian	  methods	  in	  NLP	  (2	  lectures)	  
•  Bayesian	  nonparametrics	  in	  NLP	  (2	  lectures)	  
•  review	  &	  other	  topics	  (1	  lecture)	  
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Assignments	  
•  any	  quesBons	  about	  Assignment	  3?	  
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AddiBonal	  Reading	  
•  for	  this	  segment	  of	  the	  
course,	  the	  opBonal	  
text	  is	  Cohen	  (2016,	  
2019)	  

•  there	  is	  a	  copy	  of	  the	  
second	  ediBon	  (2019)	  
in	  the	  TTIC	  library	  

•  readings	  will	  be	  drawn	  
from	  this	  book	  for	  the	  
next	  few	  lectures	  
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MoBvaBon	  
•  in	  most	  neural	  NLP,	  we	  assume	  parameters	  
and	  architectures	  are	  fixed	  

•  consider	  a	  one-‐hidden-‐layer	  MLP:	  
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MoBvaBon	  
•  in	  most	  neural	  NLP,	  we	  assume	  parameters	  
and	  architectures	  are	  fixed	  

•  consider	  a	  one-‐hidden-‐layer	  MLP:	  

	  
•  now	  let’s	  be	  more	  explicit	  about	  what	  we’re	  
condiBoning	  on:	  

6	  



MoBvaBon	  
•  in	  most	  neural	  NLP,	  we	  assume	  parameters	  
and	  architectures	  are	  fixed	  

•  consider	  a	  one-‐hidden-‐layer	  MLP:	  

	  
•  now	  let’s	  be	  more	  explicit	  about	  what	  we’re	  
condiBoning	  on:	  
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note:	  the	  notaBon	  above	  suggests	  that	  we	  can	  think	  of	  parameters	  	  
as	  random	  variables;	  this	  is	  not	  uncontroversial.	  



MoBvaBon	  

•  how	  do	  we	  get	  back	  to	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ?	  
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9	  



MoBvaBon	  

•  how	  do	  we	  get	  back	  to	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ?	  
•  marginalize	  over	  new	  random	  variables:	  
	  

10	  



MoBvaBon	  

•  how	  do	  we	  get	  back	  to	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ?	  
•  marginalize	  over	  new	  random	  variables:	  

•  intuiBvely:	  don’t	  commit	  to	  a	  single	  set	  of	  
parameter	  values;	  use	  them	  all	  (with	  a	  
suitable	  prior	  distribuBon)	  

	   11	  



Going	  Further…	  
•  marginalize	  over	  architectures	  &	  parameters:	  
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Going	  Further…	  
•  marginalize	  over	  architectures	  &	  parameters:	  

•  the	  Bayesian	  framework	  gives	  us	  a	  vocabulary	  
to	  discuss	  this	  kind	  of	  thing	  and	  methods	  for	  
approximaBng	  these	  computaBons	  
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Why	  “Bayesian”?	  
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Bayesian	  NLP	  
•  typically	  used	  with	  unsupervised	  learning:	  
– we	  have	  data	  
– we	  hypothesize	  some	  latent	  variables	  through	  
which	  the	  data	  are	  generated	  

– we	  define	  the	  “generaBve	  story”	  that	  describes	  
how	  latent	  variables	  are	  generated,	  then	  how	  
data	  is	  generated	  using	  latent	  variables	  

– new:	  we	  parameterize	  the	  distribuBons	  &	  add	  the	  
parameters	  themselves	  to	  the	  generaBve	  story	  
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GeneraBve	  Story	  Template	  
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the	  above	  generaBve	  story	  implies	  the	  
following	  factorizaBon	  of	  the	  joint	  distribuBon:	  



Categorical	  DistribuBon	  
•  parameterized	  by	  a	  vector	  of	  probabiliBes,	  
one	  for	  drawing	  each	  outcome	  

•  i.e.,	  prob.	  of	  drawing	  outcome	  i	  for	  variable	  X:	  

•  when	  we	  want	  to	  draw	  from	  this	  distribuBon,	  
we	  will	  write:	  
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<latexit sha1_base64="mXVpLeXFDdT0z09HIQGIsPzyoxw="></latexit> <latexit sha1_base64="Z8MZQxuuqIFtPNDQq6GCmEw+7T0="></latexit>



Categorical	  vs.	  MulBnomial	  
•  “mulBnomial”	  is	  used	  frequently	  to	  mean	  	  
categorical	  in	  this	  literature,	  so	  we’ll	  use	  them	  
interchangeably	  

•  a	  mulBnomial	  is	  actually	  more	  general	  
(permits	  more	  than	  1	  instance	  of	  an	  event)	  
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Vector	  Form	  of	  Categorical	  DistribuBon	  

•  form	  we	  saw	  earlier:	  

•  we	  can	  also	  write	  the	  categorical	  distribuBon	  
as	  a	  (one-‐hot)	  vector	  random	  variable	  Y:	  
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<latexit sha1_base64="LKcufUHPqTWrgLVCZvXB+a/BKkI="></latexit>

<latexit sha1_base64="iY29k4riBcnU/u9p+4S5QRE6wNg="></latexit>

<latexit sha1_base64="Z8MZQxuuqIFtPNDQq6GCmEw+7T0="></latexit>

<latexit sha1_base64="/3+kQlwoJkqS15SlkuGepWxC+NU="></latexit>

<latexit sha1_base64="mXVpLeXFDdT0z09HIQGIsPzyoxw="></latexit>
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The	  2-‐Simplex	  
•  consider	  a	  categorical	  distribuBon	  with	  3	  outcomes	  
•  e.g.,	  a	  distribuBon	  over	  words	  using	  a	  vocabulary	  
of	  size	  3:	  
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cat	  

dog	   UNK	  



The	  2-‐Simplex	  
•  a	  point	  on	  this	  simplex	  represents	  a	  categorical	  
distribuBon	  over	  the	  3	  outcomes	  

•  a	  uniform	  distribuBon:	  
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cat	  

dog	   UNK	  



The	  2-‐Simplex	  
•  a	  distribuBon	  that	  puts	  most	  probability	  on	  UNK:	  
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cat	  

dog	   UNK	  



The	  2-‐Simplex	  
•  a	  categorical	  distribuBon	  with	  K	  outcomes	  has	  K-‐1	  
parameters	  

24	  

cat	  

dog	   UNK	  



Categorical	  Parameters	  lie	  in	  (K-‐1)-‐Simplex	  

25	  source:	  hgps://en.wikipedia.org/wiki/Simplex#/media/File:Simplexes.jpg	  



•  generaBve	  model	  for	  document	  collecBons	  
using	  latent	  variables	  that	  can	  be	  interpreted	  
as	  “topics”	  

•  learns	  a	  mulBnomial	  distribuBon	  over	  words	  
for	  each	  topic	  
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Abstract
We describe latent Dirichlet allocation (LDA), a generative probabilistic model for collections of
discrete data such as text corpora. LDA is a three-level hierarchical Bayesian model, in which each
item of a collection is modeled as a finite mixture over an underlying set of topics. Each topic is, in
turn, modeled as an infinite mixture over an underlying set of topic probabilities. In the context of
text modeling, the topic probabilities provide an explicit representation of a document. We present
efficient approximate inference techniques based on variational methods and an EM algorithm for
empirical Bayes parameter estimation. We report results in document modeling, text classification,
and collaborative filtering, comparing to a mixture of unigrams model and the probabilistic LSI
model.

1. Introduction

In this paper we consider the problem of modeling text corpora and other collections of discrete
data. The goal is to find short descriptions of the members of a collection that enable efficient
processing of large collections while preserving the essential statistical relationships that are useful
for basic tasks such as classification, novelty detection, summarization, and similarity and relevance
judgments.

Significant progress has been made on this problem by researchers in the field of informa-
tion retrieval (IR) (Baeza-Yates and Ribeiro-Neto, 1999). The basic methodology proposed by
IR researchers for text corpora—a methodology successfully deployed in modern Internet search
engines—reduces each document in the corpus to a vector of real numbers, each of which repre-
sents ratios of counts. In the popular tf-idf scheme (Salton and McGill, 1983), a basic vocabulary
of “words” or “terms” is chosen, and, for each document in the corpus, a count is formed of the
number of occurrences of each word. After suitable normalization, this term frequency count is
compared to an inverse document frequency count, which measures the number of occurrences of a

c�2003 David M. Blei, Andrew Y. Ng and Michael I. Jordan.



Blei	  (2012):	  Probabilis,c	  Topic	  Models	  
Permission	  to	  make	  digital	  or	  hard	  copies	  of	  part	  or	  all	  of	  this	  work	  for	  personal	  or	  classroom	  use	  is	  granted	  without	  fee	  provided	  
that	  copies	  are	  not	  made	  or	  distributed	  for	  profit	  or	  commercial	  advantage	  and	  that	  copies	  bear	  this	  noBce	  and	  full	  citaBon	  on	  
the	  first	  page.	  Copyright	  for	  components	  of	  this	  work	  owned	  by	  others	  than	  ACM	  must	  be	  honored.	  AbstracBng	  with	  credit	  is	  
permiged.	  To	  copy	  otherwise,	  to	  republish,	  to	  post	  on	  servers,	  or	  to	  redistribute	  to	  lists,	  requires	  prior	  specific	  permission	  and/
or	  fee.	  Request	  permission	  to	  publish	  from	  permissions@acm.org	  or	  fax	  (212)	  869-‐0481.	  
The	  Digital	  Library	  is	  published	  by	  the	  AssociaBon	  for	  CompuBng	  Machinery.	  Copyright	  ©	  2012	  ACM,	  Inc.	  
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LATENT DIRICHLET ALLOCATION

TheWilliam Randolph Hearst Foundation will give $1.25 million to Lincoln Center, Metropoli-
tan Opera Co., New York Philharmonic and Juilliard School. “Our board felt that we had a
real opportunity to make a mark on the future of the performing arts with these grants an act
every bit as important as our traditional areas of support in health, medical research, education
and the social services,” Hearst Foundation President Randolph A. Hearst said Monday in
announcing the grants. Lincoln Center’s share will be $200,000 for its new building, which
will house young artists and provide new public facilities. The Metropolitan Opera Co. and
New York Philharmonic will receive $400,000 each. The Juilliard School, where music and
the performing arts are taught, will get $250,000. The Hearst Foundation, a leading supporter
of the Lincoln Center Consolidated Corporate Fund, will make its usual annual $100,000
donation, too.

Figure 8: An example article from the AP corpus. Each color codes a different factor from which
the word is putatively generated.
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categorical	  distribuBons	  over	  words	  for	  four	  topics:	  

Latent	  Dirichlet	  AllocaBon	  
(Blei	  et	  al.,	  2003)	  



GeneraBve	  Story	  for	  Simple	  LDA	  
simplified	  LDA,	  and	  only	  showing	  generaBve	  story	  for	  1	  document:	  
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GeneraBve	  Story	  for	  Simple	  LDA	  
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mulBnomial	  distribuBon	  over	  words	  for	  topic	  	  

simplified	  LDA,	  and	  only	  showing	  generaBve	  story	  for	  1	  document:	  



GeneraBve	  Story	  for	  Simple	  LDA	  
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what	  should	  we	  keep	  in	  mind	  	  
when	  choosing	  this	  distribuBon?	  

simplified	  LDA,	  and	  only	  showing	  generaBve	  story	  for	  1	  document:	  



Dirichlet	  DistribuBon	  
•  distribuBon	  over	  vectors	  with	  entries	  that	  are	  
all	  posiBve	  and	  sum	  to	  1	  

•  so	  it’s	  kind	  of	  like	  a	  “distribuBon	  over	  
(categorical)	  distribuBons”	  
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normalizaBon	  term	  that	  depends	  on	  



Dirichlet	  DistribuBon	  
•  parameterized	  by	  a	  posiBve	  vector	  
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•  categorical	  =	  point	  on	  the	  simplex	  	  

	  

•  Dirichlet	  =	  distribuBon	  over	  the	  simplex	  
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[see	  Jupyter	  Notebook]	  
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GeneraBve	  Story	  for	  Simple	  LDA	  
simplified	  LDA,	  and	  only	  showing	  generaBve	  story	  for	  1	  document:	  
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GeneraBve	  Story	  for	  Simple	  LDA	  
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simplified	  LDA,	  and	  only	  showing	  generaBve	  story	  for	  1	  document:	  



GeneraBve	  Story	  for	  LDA	  
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•  now	  we	  show	  explicitly	  the	  generaBon	  of	  the	  word	  
mulBnomials	  (once	  for	  the	  document	  collecBon)	  

•  where	  should	  the	  hyperparameters	  (alpha	  and	  psi)	  
come	  from?	  



Graphical	  Model	  for	  LDA	  
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