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INFERENCE IN BAYESIAN 
NETWORKS 

Today 

¨  Reading 
¤ AIMA 14.4 – 14.5 

¨  Goals 
¤ Approximate inference 
¤  (Case Study: Latent Dirichlet Allocation) 
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Approximate Inference 

¨  Analogous to uninformed/informed search 
algorithms that use an incremental formulation 
¤ Direct sampling 
¤ Rejection sampling 
¤ Likelihood weighting 
 

¨  Analogous to local search algorithms that use a 
complete-state formulation and make local 
modifications 
¤ Gibbs sampling (special case of MCMC methods) 
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Sample: [T, F, T, T] 

Direct Sampling: no evidence 
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Rejection Sampling: evidence 

¨  Perform direct sampling 
¨  “Reject”, i.e. remove, any samples that are 

inconsistent with the evidence 
Cloudy 

Sprinkler Rain 

Wet 
Grass 

 
       [C, S, R, W] 

 [T, T, F, T] 
 [F, F, F, F] 
 [F, T, F, T] 
 [F, F, T, T] 
 [T, F, F, F] 
 [T, T, F, T] 
 [F, T, F, T] 
 [T, F, F, F] 
 [F, T, T, F] 
 [T, T, F, F] 

 
   

[T, T, F, T] 
[F, F, F, F] 
[F, T, F, T] 
[F, F, T, T] 
[T, F, F, F] 
[T, T, F, T] 
[F, T, F, T] 
[T, F, F, F] 
[F, T, T, F] 
[T, T, F, F] 
 

p(R | S = true) 
p(R = true  | S = true) ≈ 1/6 
p(R = false | S = true) ≈ 5/6 

Likelihood weighting 

¨  Fixes the values for the evidence so there are no 
wasted samples 

¨  Sample only the non-evidence variables 
¨  Not every sample is created equal 

¤ Need to weight each sample by how likely the evidence is 
given the sampled values 

¤ Compute the product of the conditional distribution of the 
evidence given the sampled values of its parents 

weight = p(e1| Parents(e1)) * p(e2| Parents(e2)) …  
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Sprinkler 

weight = p(s|c) = .10 
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2/27/14	  

9	  

Cloudy 

Sprinkler Rain 

Wet 
Grass 

Likelihood weighting 

¨  Estimate probability of query using a weighted 
average 

Sample  
[C,S,R,W] 

Weight 

[T, T, F, T] p(s|c) = .10 

[F, T, F, T] p(s|-c) = .50 

[T, T, F, T] p(s|c) = .10 

[F, T, T, F] p(s|-c) = .50 

[T, T, T, T] p(s|c) = .10 

[F, T, F, T] p(s|-c) = .50 

Gibbs Sampling 

¨  Analogous to a local search algorithm where we 
make local modifications to our current state 
¤  Initial state = random assignment of non-evidence variables 

¤  States = complete assignment of values to variables 

¤  Transition = sample a new value for each variable in turn 

Draw state space for WetGrass example on board 
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Gibbs Sampling 

¨  Analogous to a local search algorithm where we 
make local modifications to our current state 
¤  Initial state = random assignment of non-evidence variables 

¤  States = complete assignment of values to variables 

¤  Transition = sample a new value for each variable in turn 

¨  Each step to a new state is recorded as a sample 

¨  In the limit, the probability of being in a state is 
proportional to that state’s posterior probability 

Gibbs Sampling 

¨  Gibbs sampling is an instance of a more general class 
of algorithms known as Markov Chain Monte Carlo 
(MCMC) algorithms 
¤ Note the use of the phrase “Markov chain” which we saw an 

example of earlier 

¨  Other methods you might hear mentioned 

¤ Metropolis-Hastings (a generalization of Gibbs sampling) 

¤ Variational method 

¤  Belief propagation 
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Case Study: Latent Dirichlet Allocation 

Latent Dirichlet Allocation (LDA) is a Bayesian network 
that describes a hypothetical process of generating a 

document 
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Figure 2.1: The plate notation for latent Dirichlet allocation.

where W is the size of the vocabulary, 0  �
ti

 1, and
P

i

�
ti

= 1. The value �
ti

is

the probability of the ith word in the vocabulary under the t-th topic. We denote all T

topics collectively as �. Note that T is a parameter set by the user. For a non-parameteric

extension of LDA, where T is learned from the data see [66].

To generate a document, a distribution over the set of T topics is first sampled. We follow

the convention of using ✓
d

to represent this distribution over topics for the dth document.

Then ✓
d

= (✓
d1

, . . . , ✓
dT

) where 0  ✓
dt

 1, and
P

t

✓
dt

= 1. The value ✓
dt

is the probability

of the t-th topic under the dth document. We denote all D distributions collectively as ✓

where D is the total number of documents.

To generate each word in the document, a topic is first sampled from ✓
d

and then a word

is sampled from the corresponding topic. This process is repeated for each word in the

document. As an example, a document about drug usage in professional sports might give

high-probability to the “football” topic, and a “baseball” topic, as well as a “drug” topic,

and give low (or zero) probability to the remaining topics. To generate a word, we would

first sample a topic. If we sampled the “baseball” topic, we would look up the corresponding

13

Plate notation is a compact 
representation of a BN where 
boxes (i.e. plates) are analogous 
to for-loops 

Case Study: LDA 

Latent Dirichlet Allocation is a Bayesian network that 
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13

¨  Similarities/differences to past 
examples? 

¨  What are the independencies 
encoded in the Bayesian 
Network? 
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Case Study: Inference in LDA 

¨  Marginalize outθandφ 
¨  Use Gibbs sampling to draw samples from the 

posterior distribution: 
   p(z|w)      p(z,w) 

¨  Each sample is an assignment of words to topics 
¨  We want the most likely assignment, i.e. the 

assignment of words to topics that has the highest 
probability 

p(X = x, Y = y|Z = z) = p(X = x|Z = z) · p(Y = y|Z = z)

<
0.2

0.2 + 0.3
,

0.3

0.2 + 0.3
>=< 0.4, 0.6 >

p(X,Y ) / p(X|Y )

p(W,T ) =<
20

50
,
5

50
,
10

50
,
15

50
>=< .40, .10, .20, .30 >

p(j,m, a,¬b,¬e) = p(j|m, a,¬b,¬e)p(m|a,¬b,¬e)p(a|¬b,¬e)p(b|¬e)p(e)
= p(j|a)p(m|a)p(a|¬b,¬e)p(b)p(e)
= 0.9 · 0.7 · 0.001 · 0.999 · 0.998

p(b|j,m) /
X

e

X

a

p(b, j,m, e, a)

=
X

e

X

a

p(b) · p(e) · p(j|a) · p(m|a) · p(a|b, e)

= p(b)
X

e

p(e)
X

a

p(j|a) · p(m|a) · p(a|b, e)

p(B|j,m) = ↵ p(B)
X

e

p(e)
X

a

p(a|B, e) p(j|a) p(m|a)

= ↵ f1(B)
X

e

f2(e)
X

a

f3(A,B,E) f4(A) f5(A)

= ↵ f1(B)
X

e

f2(e) f6(B,E)

= ↵ f1(B) f7(B)

/
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Case Study: Latent Dirichlet Allocation 

1. Introduction 

Many chapters in this book illustrate that applying a statistical method such as Latent Semantic Analysis (LSA; 
Landauer & Dumais, 1997; Landauer, Foltz, & Laham, 1998) to large databases can yield insight into human 
cognition. The LSA approach makes three claims: that semantic information can be derived from a word-document 
co-occurrence matrix; that dimensionality reduction is an essential part of this derivation; and that words and 
documents can be represented as points in Euclidean space. In this chapter, we pursue an approach that is consistent 
with the first two of these claims, but differs in the third, describing a class of statistical models in which the 
semantic properties of words and documents are expressed in terms of probabilistic topics. 

Topic models (e.g., Blei, Ng, & Jordan, 2003; Griffiths & Steyvers, 2002; 2003; 2004; Hofmann, 1999; 2001) are 
based upon the idea that documents are mixtures of topics, where a topic is a probability distribution over words. A 
topic model is a generative model for documents: it specifies a simple probabilistic procedure by which documents 
can be generated. To make a new document, one chooses a distribution over topics. Then, for each word in that 
document, one chooses a topic at random according to this distribution, and draws a word from that topic. Standard 
statistical techniques can be used to invert this process, inferring the set of topics that were responsible for 
generating a collection of documents. Figure 1 shows four example topics that were derived from the TASA corpus, 
a collection of over 37,000 text passages from educational materials (e.g., language & arts, social studies, health, 
sciences) collected by Touchstone Applied Science Associates (see Landauer, Foltz, & Laham, 1998). The figure 
shows the sixteen words that have the highest probability under each topic. The words in these topics relate to drug 
use, colors, memory and the mind, and doctor visits. Documents with different content can be generated by choosing 
different distributions over topics. For example, by giving equal probability to the first two topics, one could 
construct a document about a person that has taken too many drugs, and how that affected color perception. By 
giving equal probability to the last two topics, one could construct a document about a person who experienced a 
loss of memory, which required a visit to the doctor.       

word prob. word prob. word prob. word prob. 
DRUGS .069 RED .202 MIND .081 DOCTOR .074

DRUG .060 BLUE .099 THOUGHT .066 DR. .063
MEDICINE .027 GREEN .096 REMEMBER .064 PATIENT .061

EFFECTS .026 YELLOW .073 MEMORY .037 HOSPITAL .049
BODY .023 WHITE .048 THINKING .030 CARE .046

MEDICINES .019 COLOR .048 PROFESSOR .028 MEDICAL .042
PAIN .016 BRIGHT .030 FELT .025 NURSE .031

PERSON .016 COLORS .029 REMEMBERED .022 PATIENTS .029
MARIJUANA .014 ORANGE .027 THOUGHTS .020 DOCTORS .028

LABEL .012 BROWN .027 FORGOTTEN .020 HEALTH .025
ALCOHOL .012 PINK .017 MOMENT .020 MEDICINE .017

DANGEROUS .011 LOOK .017 THINK .019 NURSING .017
ABUSE .009 BLACK .016 THING .016 DENTAL .015

EFFECT .009 PURPLE .015 WONDER .014 NURSES .013
KNOWN .008 CROSS .011 FORGET .012 PHYSICIAN .012

PILLS .008 COLORED .009 RECALL .012 HOSPITALS .011

Topic 56Topic 247 Topic 5 Topic 43

 
Figure 1. An illustration of four (out of 300) topics extracted from the TASA corpus. 

 

Representing the content of words and documents with probabilistic topics has one distinct advantage over a purely 
spatial representation. Each topic is individually interpretable, providing a probability distribution over words that 
picks out a coherent cluster of correlated terms. While Figure 1 shows only four out of 300 topics that were derived, 
the topics are typically as interpretable as the ones shown here. This contrasts with the arbitrary axes of a spatial 
representation, and can be extremely useful in many applications (e.g., Griffiths & Steyvers, 2004; Rosen-Zvi, 
Griffiths, Steyvers, & Smyth, 2004; Steyvers, Smyth, Rosen-Zvi,  & Griffiths, 2004).  

The plan of this chapter is as follows. First, we describe the key ideas behind topic models in more detail, and 
outline how it is possible to identify the topics that appear in a set of documents. We then discuss methods for 

 2
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Case Study: Latent Dirichlet Allocation 

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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