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Abstract A number of probabilistic methods such as LDA, hidden Markov mod-
els, Markov random fields have arisen in recent years for probabilistic
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1. Introduction

Probabilistic models are widely used in text mining nowadays, and
applications range from topic modeling, language modeling, document
classification and clustering to information extraction. For example,
the well known topic modeling methods PLSA and LDA are special
applications of mixture models.
A probabilistic model is a model that uses probability theory to model

the uncertainty in the data. For example, terms in topics are modeled
by multinomial distribution; and the observations for a random field are
modeled by Gibbs distribution. A probabilistic model describes a set
of possible probability distributions for a set of observed data, and the
goal is to use the observed data to learn the distribution (usually associ-
ated with parameters) in the probabilistic model that can best describe
the current data. In this chapter, we introduce several frequently used
fundamental probabilistic models and their applications in text mining.
For each probabilistic model, we will introduce their general framework
of modeling, the probabilistic explanation, the standard algorithms to
learn the model, and their applications in text mining.
The major probabilistic models covered in this chapter include:

Mixture Models. Mixture models are used for clustering data
points, where each component is a distribution for that cluster,
and each data point belongs to one cluster with a certain proba-
bility. Finite mixture models require user to specify the number of
clusters. The typical applications of mixture model in text mining
include topic models, like PLSA and LDA.

Bayesian Nonparametric Models. Beyesian nonparametric models
refer to probabilistic models with infinite-dimensional parameters,
which usually have a stochastic process that is infinite-dimensional
as the prior distribution. Infinite mixture model is one type of non-
parametric models, which can deal with the problem of selecting
the number of clusters for clustering. Dirichlet process mixture
model belongs to infinite mixture model, and can help to detect
the number of topics in topic modeling.

Bayesian Networks. A Bayesian network is a graphical model with
directed acyclic links indicating the dependency relationship be-
tween random variables, which are represented as nodes in the
network. A Bayesian network can be used to inference the unob-
served node in the network, by learning parameters via training
datasets.
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Hidden Markov Model. A hidden Markov model (HMM) is a sim-
ple case of dynamic Bayesian network, where the hidden states are
forming a chain and only some possible value for each state can be
observed. One goal of HMM is to infer the hidden states according
to the observed values and their dependency relationships. A very
important application of HMM is part-of-speech tagging in NLP.

Markov Random Fields. A Markov random field (MRF) belongs
to undirected graphical model, where the joint density of all the
random variables in the network is modeled as a production of
potential functions defined on cliques. An application of MRF is
to model the dependency relationship between queries and doc-
uments, and thus to improve the performance of information re-
trieval.

Conditional Random Fields. A conditional random field (CRF) is
a special case of Markov random field, but each state of node is
conditional on some observed values. CRFs can be considered as a
type of discriminative classifiers, as they do not model the distri-
bution over observations. Name entity recognition in information
extraction is one of CRF’s applications.

This chapter is organized as follows. In Section 2, mixture models
that are frequently used in topic modeling and clustering is introduced,
as well as its standard learning algorithms. In Section 3, we present sev-
eral Bayesian nonparametric models, where stochastic processes are used
as priors and can be used in modeling the uncertainty of the number of
clusters in mixture models. In Section 4, several well-known graphical
models that use nodes to represent random variables and use links in
the graph to model the dependency relations between variables are in-
troduced. Section 5 introduces several situations that constraints with
domain knowledge can be integrated into probabilistic models. Section
6 is a brief introduction of parallel computing of probabilistic models for
large scale datasets. The concluding remarks are given in Section 7.

2. Mixture Models

Mixture model [39] is a probabilistic model originally proposed to ad-
dress the multi-modal problem in the data, and now is frequently used
for the task of clustering in data mining, machine learning and statis-
tics. Generally, a mixture model defines the distribution of a random
variable, which contains multiple components and each component rep-
resents a different distribution following the same distribution family but
with different parameters. The number of components are specified by
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users in this section, and these mixture models are called finite mixture
models. Infinite mixture models that deal with how to learn the number
of components in mixture models will be covered in Section 3. To learn
the model, not only the probability membership for each observed data
point but also the parameter set for each component need to be learned.
In this section, we introduce the basic framework of mixture models,
their variations and applications in text mining area, and the standard
learning algorithms for them.

2.1 General Mixture Model Framework

In a mixture model, given a set of data points, e.g., the height of
people in a region, they are treated as an instantiation of a set of ran-
dom variables, which are following the mixture model. Then, according
to the observed data points, the parameters in the mixture model can
be learned. For example, we can learn the mean and standard devi-
ation for female and male height distributions, if we model height of
people as a mixture model of two Gaussian distributions. Formally,
assume we have n i.i.d. random variables X1, X2, . . . , Xn with observa-
tions x1, x2, . . . , xn, following the mixture model with K components.
Let each of the kth component be a distribution following a distribution
family with parameters (θk) and have the form of F (x|θk), and let πk
(πk ≥ 0 and

∑
k πk = 1) be the weight for kth component denoting the

probability that an observation is generated from the component, then
the probability of xi can be written as:

p(xi) =
K∑
k=1

πkf(xi|θk)

where f(xi|θk) is the density or mass function for F (x|θk). The joint
probability of all the observations is then:

p(x1, x2, . . . , xn) =
n∏
i=1

K∑
k=1

πkf(xi|θk)

Let Zi ∈ {1, 2, . . . ,K} be the hidden cluster label for Xi, the prob-
ability function can be viewed as the summation over a complete joint
distribution of both Xi and Zi:

p(xi) =
∑
zi

p(xi, zi) =
∑
zi

p(xi|Zi = zi)p(zi)

where Xi|Zi = zi ∼ F (xi|θzi) and Zi ∼ MK(1;π1, . . . , πK), the multino-
mial distribution of K dimensions with 1 observation. Zi is also referred
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to missing variable or auxiliary variable, which identifies the cluster la-
bel of the observation xi. From generative process point of view, each
observed data xi is generated by:

1 sample its hidden cluster label by zi|π ∼ MK(1;π1, . . . , πK)

2 sample the data point in component zi: xi|zi, {θk} ∼ F (xi|θzi)

The most well-known mixture model is the Gaussian mixture model,
where each component is a Gaussian distribution. In this case, the
parameter set for kth component is θk = (μk, σ

2
k), where μk and σ2k are

the mean and variance of the Gaussian distribution.

Example: Mixture of Unigrams. The most common choice
of the component distribution for terms in text mining is multinomial
distribution, which can be considered as a unigram language model and
determines the probability of a bag of terms. In Nigam et al. [50], a
document di composed of a bag of words wi = (ci,1, ci,2, . . . , ci,m), where
m is the size of the vocabulary and ci,j is the number of term wj in
document di, is considered as a mixture of unigram language models.
That is, each component is a multinomial distribution over terms, with
parameters βk,j , denoting the probability of term wj in cluster k, i.e.,
p(wj |βk), for k = 1, . . . ,K and j = 1, . . . ,m. The joint probability of
observing the whole document collection is then:

p(w1,w2, . . . ,wn) =

n∏
i=1

K∑
k=1

πk

m∏
j=1

(βk,j)
ci,j

where πk is the proportion weight for cluster k. Note that, in mixture of
unigrams, one document is modeled as being sampled from exactly one
cluster, which is not typically true, since one document usually covers
several topics.

2.2 Variations and Applications

Besides the mixture of unigrams, there are many other applications
for mixture models in text mining, with some variations to the general
framework. The most frequent variation to the framework of general
mixture models is to adding all sorts of priors to the parameters, which
are sometimes called Bayesian (finite) mixture models [33]. The topic
models PLSA [29, 30] and LDA [11, 28] are among the most famous
applications, which have been introduced in Chapter 5 in a dimension
reduction view. In this section, we briefly describe them in the view
of mixture models. Some other applications in text mining, such as
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comparative text mining, contextual text mining, and topic sentiment
analysis, are introduced too.

2.2.1 Topic Models.

PLSA. Probabilistic latent semantic analysis (PLSA) [29] is also
known as probabilistic latent semantic indexing (PLSI) [30]. Dif-
ferent from the mixture unigram, where each document di connects
to one latent variable Zi, in PLSA, each observed term wj in di
corresponds to a different latent variable Zi,j . The probability of
observation term wj in di is then defined by the mixture in the
following:

p(wj |di) =
K∑
k=1

p(k|di)p(wj |βk)

where p(k|di) = p(zi,j = k) is the mixing proportion of different
topics for di, βk is the parameter set for multinomial distribution
over terms for topic k, and p(wj |βk) = βk,j . p(k|di) is usually de-
noted by the parameter θi,k, and Zi,j is then following the discrete
distribution with K-d vector parameter θi = (θi,1, . . . , θi,K). The
joint probability of observing all the terms in document di is:

p(di,wi) = p(di)

m∏
j=1

p(wj |di)ci,j

where wi is the same defined as in the mixture of unigrams and
p(di) is the probability of generating di. And the joint probability
of observing all the document corpus is

∏n
i=1 p(di,wi).

LDA. Latent Dirichlet allocation (LDA) [11] extends PLSA by fur-
ther adding priors to the parameters. That is, Zi,j ∼ MK(1; θi)
and θi ∼ Dir(α), where MK is the K-dimensional multinomial
distribution, θi is the K-d parameter vector denoting the mix-
ing portion of different topics for document di, Dir(α) denotes
a Dirichlet distribution with K-d parameter vector α, which is
the conjugate prior of multinomial distribution. Usually, another
Dirichlet prior β ∼ Dir(η) [11, 28] is added further to the multi-
nomial distribution β over terms, which serves as a smoothing
functionality over terms, where η is a m-d parameter vector and
m is the size of the vocabulary. The probability of observing all
the terms in document di is then:

p(wi|α, β) =
∫
p(wi, θi|α, β)dθi
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where
p(wi, θi|α, β) = p(wi|θi, β)p(θi|α)

and

p(wi|θi, β) =
m∏
j=1

(

K∑
k=1

p(zi,j = k|θi)p(wj |βk))ci,j

The probability of observing all the document corpus is:

p(w1, . . . ,wn|α, η) =
n∏
i=1

∫
p(wi|α, β)p(β|η)dβ

Notice that, compared with PLSA, LDA has stronger generative
power, as it describes how to generate the topic distribution θi for
an unseen document di.

2.2.2 Other Applications. Now, we briefly introduce some
other applications of mixture models in text mining.

Comparative Text Mining. Comparative text mining (CTM) is
proposed in [71]. Given a set of comparable text collections (e.g.,
the reviews for different brands of laptops), the task of compara-
tive text mining is to discover any latent common themes across
all collections as well as special themes within one collection. The
idea is to model each document as a mixture model of the back-
ground theme, common themes cross different collection, and spe-
cific themes within its collection, where a theme is a topic distri-
bution over terms, the same as in topic models.

Contextual Text Mining. Contextual text mining (CtxTM) is pro-
posed in [43], which extracts topic models from a collection of text
with context information (e.g., time and location) and models the
variations of topics over different context. The idea is to model a
document as a mixture model of themes, where the theme coverage
in a document would be a mixture of the document-specific theme
coverage and the context-specific theme coverage.

Topic Sentiment Analysis. Topic Sentiment Mixture (TSM) is pro-
posed in [42], which aims at modeling facets and opinions in we-
blogs. The idea is to model a blog article as a mixture model of a
background language model, a set of topic language models, and
two (positive and negative) sentiment language models. Therefore,
not only the topics but their sentiments can be detected simulta-
neously for a collection of weblogs.
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2.3 The Learning Algorithms

In this section, several frequently used algorithms for learning param-
eters in mixture models are introduced.

2.3.1 Overview. The general idea of learning parameters
in mixture models (and other probabilistic models) is to find a set of
“good” parameters θ that maximizes the probability of generating the
observed data. Two estimation criterions are frequently used, one is
maximum-likelihood estimation (MLE) and the other is maximum-a-
posteriori-probability (MAP).
The likelihood (or likelihood function) of a set of parameters given

the observed data is defined as the probability of all the observations
under those parameter values. Formally, let x1, . . . , xn (assumed iid) be
the observations, let the parameter set be θ, the likelihood of θ given
the data set is defined as:

L(θ |x1, . . . , xn) = p(x1, x2, . . . , xn|θ) =
n∏
i=1

p(xi|θ)

In the general form of mixture models, the parameter set includes both
the component distribution parameter θk for each component k, and the
mixing proportion of each component πk. MLE estimation is then to
find the parameter values that maximizes the likelihood function. Most
of the time, log-likelihood is optimized instead, as it converts products
into summations and makes the computation easier:

logL(θ |x1, . . . , xn) =
n∑
i=1

log p(xi|θ)

When priors are incorporated to the mixture models (such as in LDA),
the MAP estimation is used instead, which is to find a set of parameters
θ that maximizes the posterior density function of θ given the observed
data:

p(θ|x1, . . . , xn) ∝ p(x1, . . . , xn|θ)p(θ)
where p(θ) is the prior distribution for θ and may involve some further
hyper-parameters.
Several frequently used algorithms of finding MLE or MAP estima-

tions for parameters in mixture models are introduced briefly in the
following.

2.3.2 EMAlgorithm. Expectation-Maximum (EM) [7, 22, 21,
12] algorithm is a method for learning MLE estimations for probabilistic
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models with latent variables, which is a standard learning algorithm for
mixture models. For mixture models, the likelihood function can be
further viewed as the marginal over the complete likelihood involving
hidden variables:

L(θ |x1, . . . , xn) =
∑
Z

p(x1, . . . , xn, z1, . . . , zn|θ) =
n∏
i=1

∑
zi

p(xi, zi|θ)

The log-likelihood function is then:

logL(θ |x1, . . . , xn) =
n∑
i=1

log
∑
zi

p(xi|θ, zi)p(zi)

which is difficult to maximize directly, as there is summation inside the
logarithm operation. EM algorithm is an iterative algorithm involving
two steps that maximizes the above log-likelihood, which can solve this
problem. The two steps in each iteration are E-step and M-step respec-
tively.
In E-step (Expectation step), a tight lower bound for the log-

likelihood called Q-function is calculated, which is the expectation of
the complete log-likelihood function with respect to the conditional dis-
tribution of hidden variable Z given the observations of the data X and
current estimation of parameters θ(t):

Q(θ|θ(t)) = EZ|X,θ(t) [logL(θ;X,Z)]

Note L(θ;X,Z) is a complete likelihood function as it uses both the
observed data X and the hidden cluster labels Z.
In M-step (Maximization-step), a new θ = θ(t+1) is computed

which maximizes the Q-function that is derived in E-step:

θ(t+1) = argmax
θ

Q(θ|θ(t))

It is guaranteed that EM algorithm converges to a local maximum of
the log-likelihood function, since Q-function is a tight lower bound and
the M-step can always find a θ that increases the log-likelihood. The
learning algorithm in PLSA is a typical application of EM algorithm.
Notice that, in M-step there could exist no closed form solution for θ(t+1)

and requires iterative solutions via methods such as gradient descent or
Newton’s method (also called Newton-Raphson method) [34].
There are several variants for EM algorithm when the original EM

algorithm is difficult to compute, and some of which are listed in the
following:
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Generalized EM. For generalized EM (GEM) [12], it relaxes the
requirement of finding the θ that maximizes Q-function in M-step
to finding a θ that increases Q-function somehow. The convergence
can still be guaranteed using GEM, and it is often used when
maximization in M-step is difficult to compute.

Variational EM. Variational EM is one of the approximate algo-
rithms used in LDA [11]. The idea is to find a set of variational
parameters with respective to the hidden variables that attempts
to obtain the tightest possible lower bound in E-step, and to max-
imize the lower bound in M-step. The variational parameters are
chosen in a way that simplifies the original probabilistic model and
are thus easier to calculate.

2.3.3 Gibbs Sampling. Gibbs sampling is the simplest form
of Markov chain Monte Carlo (MCMC) algorithm, which is a sampling-
based approximation algorithm for model inference. The basic idea of
Gibbs sampling is to generate samples that converge to the target distri-
bution, which itself is difficult to obtain, and to estimate the parameters
using the statistics of the distribution according to the samples.
In [28], a Gibbs sampling-based inference algorithm is proposed for

LDA. The goal is to maximize the posterior distribution of hidden vari-
ables (MAP estimation) given the observations of the documents p(Z|w),
which is a very complex density function with hyper-parameters α and
η that are specified by users. As it is difficult to directly maximize the
posterior, Gibbs sampling is then used to construct a Markov chain of Z,
which converges to the posterior distribution in the long run. The hid-
den cluster zi,j for term wi,j , i.e., the term wj in document di, is sampled
according to the conditional distribution of zi,j , given the observations
of all the terms as well as the their hidden cluster labels except for wi,j

in the corpus:

p(zi,j |z−i,j ,w) ∝ p(zi,j , wi,j |z−i,j ,w−i,j) = p(wi,j |z,w−i,j)p(zi,j |z−i,j)

which turns out to be easy to calculate, where z−i,j denotes the hidden
variables of all the terms except for wi,j and w−i,j denotes the all the
terms except wi,j in the corpus. Note that the conditional probability
is also involving the hyper-parameters α and η, which are not shown
explicitly. After thousands of iterations (called burning period), the
Markov chain is considered to be stable and converges to the target
posterior distribution. Then the parameters of θ and β can be estimated
according to the sampled hidden cluster labels from the chain as well as
the given observations and the hyper-parameters. Please refer to [28] and
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[53] for more details of Gibbs sampling in LDA, and more fundamental
introductions for Gibbs sampling and other MCMC algorithms in [3].

3. Stochastic Processes in Bayesian
Nonparametric Models

Priors are frequently used in probabilistic models. For example, in
LDA, Dirichlet priors are added for topic distributions and term distri-
butions, which are both multinomial distributions. A special type of pri-
ors that are stochastic processes, which emerges recently in text related
probabilistic models, is introduced in this section. Different from previ-
ous methods, with the introduction of priors of stochastic processes, the
parameters in such models become infinite-dimensional. These models
belong to the category of Bayesian nonparametric models [51].
Different from the traditional priors as static distributions, stochastic

process priors can model more complex structures for the probabilistic
models, such as the number of the components in the mixture model, the
hierarchical structures and evolution structure for topic models, and the
power law distribution for terms in language models. For example, it is
always a difficult task for users to determine the number of topics when
applying topic models for a collection of documents, and a Dirichlet
process prior can model infinite number of topics and finally determine
the best number of topics.

3.1 Chinese Restaurant Process

The Chinese Restaurant Process (CRP) [33, 9, 67] is a discrete-time
stochastic process, which defines a distribution on the partitions of the
first n integers, for each discrete time index n. As for each n, CRP
defines the distribution of the partitions over the n integers, it can be
used as the prior for the sizes of clusters in the mixture model-based
clustering, and thus provides a way to guide the selection of K, which
is the number of clusters, in the clustering process.
Chinese restaurant process can be described using a random process

as a metaphor of costumers choosing tables in a Chinese restaurant.
Suppose there are countably infinite tables in a restaurant, and the nth
costumer walks in the restaurant and sits down at some table with the
following probabilities:

1 The first customer sits at the first table (with probability 1).

2 The nth customer either sits at an occupied table k with proba-
bility mk

n−1+α , or sits at the first unoccupied table with probability
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α
n−1+α , where mk is the number of existing customers sitting at
table k and α is a parameter of the process.

It is easy to see that the customers can be viewed as data points
in the clustering process, and the tables can be viewed as the clusters.
Let z1, z2, . . . , zn be the table label associated with each customer, let
Kn be the number of tables in total, and let mk be the number of
customers sitting in the kth table, the probability of such an arrangement
(a partition of n integers into Kn groups) is as follows:

p(z1, z2, . . . , zn) = p(z1)p(z2|z1) . . . p(zn|zn−1, . . . , z1) =
αKn

∏Kn
k=1 (mk − 1)!

α(α+ 1) . . . (α+ n − 1)

The expected number of tables Kn given n customers is:

E(Kn|α) =
n∑
i=1

α

i − 1 + α
≈ α log(1 +

n

α
) = O(α log n)

In summary, CRP defines a distribution over partitions of the data
points, that is, a distribution over all possible clustering structures with
different number of clusters. Moreover, prior distributions can also be
provided over cluster parameters, such as a Dirichlet prior over terms
in LDA for each topic. A stochastic process called Dirichlet process
combines the two types of priors, and thus is frequently used as the
prior for mixture models, which is introduced in the following section.

3.2 Dirichlet Process

We now introduce Dirichlet process and Dirichlet process-based mix-
ture model, the inference algorithms and applications are also briefly
mentioned.

3.2.1 Overview of Dirichlet Process. Dirichlet process
(DP) [33, 67, 68] is a stochastic process, which is a distribution defined
on distributions. That is, if we draw a sample from a DP, it would be
a distribution over values instead of a single value. In addition to CRP,
which only considers the distribution over partitions of data points, DP
also defines the data distribution for each cluster, with an analogy of the
dishes served for each table in the Chinese restaurant metaphor. For-
mally, we say a stochastic process G is a Dirichlet process with base dis-
tribution H and concentration parameter α, written as G ∼ DP (α,H),
if for an arbitrary finite measurable partition A1, A2, . . . , Ar of the prob-
ability space of H, denoted as Θ, the following holds:

(G(A1), G(A2), . . . , G(Ar)) ∼ Dir(αH(A1), αH(A2), . . . , αH(Ar))
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where G(Ai) and H(Ai) are the marginal probability of G and H over
partition Ai. In other words, the marginal distribution of G must be
Dirichlet distributed, and this is why it is called Dirichlet process. Intu-
itively, the base distribution H is the mean distribution of the DP, and
the concentration parameter α can be understood as an inverse variance
of the DP, namely, an larger α means a smaller variance and thus a
more concentrated DP around the mean H. Notice that, although the
base distribution H could be a continuous distribution, G will always
be a discrete distribution, with point masses at most countably infinite.
This can be understood by studying the random process of generating
distribution samples φi’s from G:

φn|φn−1, . . . , φ1 =

{
φ∗
k, with probability mk

n−1+α

new draw from H, with probability α
n−1+α

where φ∗
k represents the kth unique distribution sampled from H, indi-

cating the distribution for kth cluster, and φi denotes the distribution
for the ith sample, which could be a distribution from existing clusters
or a new distribution.
In addition to the above definition, a DP can also be defined through

a stick-breaking construction [62]. On one hand, the proportion of each
cluster k among all the clusters, πk, is determined by a stick-breaking
process:

βk ∼ Beta(1, α) and πk = βk

k−1∏
l=1

(1 − βl)

Metaphorically, assuming we have a stick with length 1, we first break
it at β1 that follows a Beta distribution with parameter α, and assign
it to π1; for the remaining stick with length 1 − β1, we repeat the pro-
cess, break it at β2 ∼ Beta(1, α), and assign it (β2(1 − β1)) to π2;
we recursively break the remaining stick and get π3, π4 and so on. The
stick-breaking distribution over π is sometimes written as π ∼ GEM(α),
where the letters GEM stand for the initials of the inventors. On the
other hand, for each cluster k, its distribution φ∗

k is sampled from H. G
is then a mixture model over these distributions, G ∼∑k πkδφ∗k , where
δφ∗k denotes a point mass at φ∗

k.
Further, hierarchical Dirichlet process (HDP) [68] can be defined,

where the base distribution H follows another DP. HDP can model top-
ics across different collections of documents, which share some common
topics across different corpora but may have some special topics within
each corpus.
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3.2.2 Dirichlet Process Mixture Model. By using DP as
priors for mixture models, we can get Dirichlet process mixture model
(DPM) [48, 67, 68], which can model the number of components in
a mixture model, and sometimes is also called infinite mixture model.
For example, we can model infinite topics for topic modeling, infinite
components in infinite Gaussian mixture model [57], and so on. In such
mixture models, to sample a data value, it will first sample a distribution
φi and then sample a value xi according to the distribution φi. Formally,
let x1, x2, . . . , xn be n observed data points, and let θ1, θ2, . . . , θn be the
parameters for the distributions of latent clusters associated with each
data point, where the distribution φi with parameter θi is drawn i.i.d
from G, the generative model for xi is then:

xi|θi ∼ F (θi)

θi|G ∼ G

G|α,H ∼ DP (α,H)

where F (θi) is the distribution for xi with the parameter θi. Notice that,
since G is a discrete distribution, multiple θi’s can share the same value.
From the generative process point of view, the observed data xi’s are

generated by:

1 Sample π according to π|α ∼ GEM(α), namely, the stick-breaking
distribution;

2 Sample the parameter θ∗
k for each distinctive cluster k according

to θk|H ∼ H;

3 For each xi,

(a) first sample its hidden cluster label zi by zi|π ∼ M(1;π),

(b) then sample the value according to xi|zi, {θ∗
k} ∼ F (θ∗

zi
).

where F (θ∗
k) is the distribution of data in component k with parameter

θ∗
k. That is, each xi is generated from a mixture model with component
parameters θ∗

k’s and the mixing proportion π.

3.2.3 The Learning Algorithms. As DPM is a nonpara-
metric model with infinite number of parameters in the model, EM
algorithm cannot be directly used in the inference for DPM. Instead,
MCMC approaches [48] and variational inference [10] are standard in-
ference methods for DPM.
The general goal for learning DPM is to learn the hidden cluster labels

zi’s and the parameters θi’s for its associated cluster component for all
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the observed data points. It turns out that Gibbs sampling is very con-
venient to implement for such models especially when G is the conjugate
prior for the data distribution F , as the conditional distribution of both
θi and zi can be easily computed and thus the posterior distribution
of these parameters or hidden cluster labels can be easily simulated by
the obtained Markov chain. For more details, please refer to [48], where
several MCMC-based algorithms are provided and discussed.
The major disadvantages of MCMC-based algorithms are that the

sampling process can be very slow and the convergence is difficult to
diagnose. Therefore Blei et al. [10] proposed an alternative approach
called variational inference for DPMs, which is a class of deterministic
algorithms that convert inference problems into optimization problems.
The basic idea of variational inference methods is to relax the original
likelihood function or posterior probability function P into a simpler
variational distribution function Qμ, which is indexed by new free vari-
ables μ that are called variational parameters. The goal is to compute
the variational parameters μ that minimizes the KL divergence between
the variation distribution and the original distribution:

μ∗ = argminD(Qμ||P )

where D refers to some distance or divergence function. And then Qμ∗

can be used to approximate the desired P . Please refer to [10] for more
details of variational inference for DPM.

3.2.4 Applications in Text Mining. There are many suc-
cessful applications in text mining by using DPMs, and we select some
of the most representative ones in the following.
In [9], a hierarchical LDA model (LDA) that based on nested Chi-

nese restaurant process is proposed, which can detect hierarchical topic
models instead of topic models in a flat structure from a collection of
documents. In addition, hLDA can detect the number of topics auto-
matically, which is the number of nodes in the hierarchical tree of topics.
Compared with original LDA, hLDA can detect topics with higher inter-
pretability and has higher predictive held-out likelihood in the testing
set.
In [73], a time-sensitive Dirichlet process mixture model is proposed

to detect clusters from a collection of documents with time information,
for example, detecting subject threads for emails. Instead of considering
each document equally important, the weights of history documents are
discounted in the cluster. A time-sensitive DPM (tDPM) is then built
based on the idea, which can not only output the number of clusters,
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but also introduce the temporal dependencies between documents, with
less influence from older documents.
Evolution structure can also be detected using DPMs. A temporal

Dirichlet process mixture model (TDPM) [2] is proposed as a frame-
work to model the evolution of topics, such as retain, die out or emerge
over time. In [1], an infinite dynamic topic model (iDTM) is further
proposed to allow each document to be generated from multiple topics,
by modeling documents in each time epoch using HDP instead of DP.
An evolutional hierarchical Dirichlet process approach (EvoHDP) is pro-
posed in [72] to detect evolutionary topics from multiple but correlated
corpora, which can discover different evolving patterns of topics, in-
cluding emergence, disappearance, evolution within a corpus and across
different corpora.

3.3 Pitman-Yor Process

Pitman-Yor process [52, 66], also known as two-parameter Poisson-
Dirichlet process, is a generalization over DP, which can successfully
model data with power law [18] distributions. For example, if we want to
model the distribution of all the words in a corpus, Pitman-Yor process
is a better option than DP, where each word can be viewed as a table
and the number of occurrences of the word can be viewed as the number
of customers sitting in the table, in a restaurant metaphor.
Compared with CP, Pitman-Yor process has one more discount pa-

rameter 0 ≤ d < 1, in addition to the strength parameter α > −d,
which is written as G ∼ PY (d, α,H), where H is the base distribution.
This can be understood by studying the random process of generating
distribution samples φi’s from G:

φn|φn−1, . . . , φ1 =

{
φ∗
k, with probability mk−d

n−1+α

new draw from H, with probability α+dKn
n−1+α

where φ∗
k is the distribution of table k, mk is the number of customers

sitting at table k, and Kn is the number of tables so far. Notice that
when d = 0, Pitman-Yor process reduces to DP.
Two salient features of Pitman-Yor process compared with CP are:

(1) given more occupied tables, the chance to have even more tables is
higher; (2) tables with small occupancy number have a lower chance to
get more customers. This implies that Pitman-Yor process has a power
law (e.g., Zipf’s law) behavior. The expected number of tables is O(αnd),
which has the power law form. Compared with the expected number of
tables O(α log n) for DP, Pitman-Yor process indicates a faster growing
in the expected number of tables.
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In [66], a hierarchial Pitman-Yor n-gram language model is proposed.
It turns out that the proposed model has the best performance compared
with the state-of-the-art methods, and has demonstrated that Bayesian
approach can be competitive with the best smoothing techniques in lan-
guages modeling.

3.4 Others

There are many other stochastic processes that can be used in Bayesian
nonparametric models, such as Indian buffet process [27], Beta process
[69], Gaussian process [58] for infinite Gaussian mixture model, Gaus-
sian process regression, and so on. We now briefly introduce them in the
following, and the readers can refer to the references for more details.

Indian buffet process. In mixture models, one data point can only
belong to one cluster, with the probability determined by the mix-
ing proportions. However, sometimes one data point can have
multiple features. For example, a person can participate in a num-
ber of communities, all with a large strength. Indian buffet pro-
cess is a stochastic process that can define the infinite-dimensional
features for data points. It has a metaphor of people choosing (in-
finite) dishes arranged in a line in Indian buffet restaurant, which
is where the name “Indian buffet process” is from.

Beta process. As mentioned in [69], a beta process (BP) plays
the role for the Indian buffet process that the Dirichlet process
plays for the Chinese restaurant process. Also, a hierarchical beta
process (hBP)-based method is proposed in [69] for the document
classification task.

Gaussian process. Intuitively, a Gaussian process (GP) extends
a multivariate Gaussian distribution to the one with infinite di-
mensionality, similar to DP’s role to Dirichlet distribution. Any
finite subset of the random variables in a GP follows a multivari-
ate Gaussian distribution. The applications for GP include Gaus-
sian process regression, Gaussian process classification, and so on,
which are discussed in [58].

4. Graphical Models

A Graphical model [32, 36] is a probabilistic model for which a graph
denotes the conditional independence structure between random vari-
ables. Graphical model provides a simple way to visualize the structure
of a probabilistic model and can be used to design and motivate new
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models. In a probabilistic graphical model, each node represents a ran-
dom variable, and the links express probabilistic relationships between
these variables. The graph then captures the way in which the joint
distribution over all of the random variables can be decomposed into
a product of factors each depending only on a subset of the variables.
There are two branches of graphical representations of distributions that
are commonly used: directed and undirected. In this chapter, we discuss
the key aspects of graphical models and their applications in text mining.

4.1 Bayesian Networks

Bayesian networks (BNs), also known as belief networks (or Bayes nets
for short), belong to the directed graphical models, in which the links of
the graphs have a particular directionality indicated by arrows.

4.1.1 Overview. Formally, BNs are directed acyclic graphs
(DAG) whose nodes represent random variables, and edges represent
conditional dependencies. For example, a link from x to y can be infor-
mally interpreted as indicating that x “causes” y.

Conditional Independence. The simplest conditional indepen-
dence relationship encoded in a BN can be stated as follows: a node
is conditionally independent of its non-descendants given its parents,
where the parent relationship is with respect to some fixed topological
ordering of the nodes. This is also called local Markov property, de-
noted by Xv ⊥⊥ XV \de(v)|Xpa(v) for all v ∈ V , where de(v) is the set of
descendants of v. For example, as shown in Figure 8.1(a), we obtain
x1 ⊥⊥ x3|x2.

Factorization Definition. In a BN, the joint probability of all
random variables can be factored into a product of density functions
for all of the nodes in the graph, conditional on their parent variables.
More precisely, for a graph with n nodes (denoted as x1, ..., xn), the joint
distribution is given by:

p(x1, ..., xn) = Πn
i=1p(xi|pai), (8.1)

where pai is the set of parents of node xi. By using the chain rule of
probability, the above joint distribution can be written as a product of
conditional distributions, given the topological order of these random
variables:

p(x1, ..., xn) = p(x1)p(x2|x1)...p(xn|xn−1, ..., x1). (8.2)
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(a) (b) (c)

Figure 8.1. Examples of directed acyclic graphs describing the joint distributions.

The difference between the two expressions is the conditional indepen-
dence of the variables encoded in a BN, that variables are conditionally
independent of their non-descendants given the values of their parent
variables.
Consider the graph shown in Figure 8.1, we can go from this graph

to the corresponding representation of the joint distribution written in
terms of the product of a set of conditional probability distributions, one
for each node in the graph. The joint distributions for Figure 8.1(a)-
(c) are therefore p(x1, x2, x3) = p(x1|x2)p(x2)p(x3|x2), p(x1, x2, x3) =
p(x1)p(x2|x1, x3)p(x3), and p(x1, x2, x3) = p(x1)p(x2|x1)p(x3|x2), re-
spectively.

4.1.2 The Learning Algorithms. Because a BN is a com-
plete model for the variables and their relationships, a complete joint
probability distribution (JPD) over all the variables is specified for a
model. Given the JPD, we can answer all possible inference queries
by summing out (marginalizing) over irrelevant variables. However, the
JPD has size O(2n), where n is the number of nodes, and we have as-
sumed each node can have 2 states. Hence summing over the JPD takes
exponential time. The most common exact inference method is Vari-
able Elimination [19]. The general idea is to perform the summation
to eliminate the non-observed non-query variables one by one by dis-
tributing the sum over the product. The reader can refer to [19] for
more details. Instead of exact inference, a useful approximate algorithm
called Belief propagation [46] is commonly used on general graphs in-
cluding Bayesian network, which will be introduced in Section 4.3.

4.1.3 Applications in Text Mining. Bayesian networks
have been widely used in many applications in text mining, such as
spam filtering [61] and information retrieval [20]. In [61], a Bayesian
approach is proposed to identify spam email by making use of a naive
Bayes classifier. The intuition is that particular words have particular
probabilities of occurring in spam emails and in legitimate emails. For
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(a) Regular Markov model (b) Hidden Markov model

Figure 8.2. Graphical structures for the regular and hidden Markov model.

instance, the words “free” and “credit” will frequently appear in spam
emails, but will seldom occur in other emails. To train the filter, the user
must manually indicate whether an email is spam or not for a training
set. With such a training dataset, Bayesian spam filters will learn a spam
probability for each word, e.g., a high spam probability for the words
“free” and “credit”, and a relatively low spam probability for words such
as the names of friends. Then, the email’s spam probability is computed
over all words in the email, and if the total exceeds a certain threshold,
the filter will mark the email as a spam.

4.2 Hidden Markov Models

In a regular Markov model as Figure 8.2(a), the state xi is directly
visible to the observer, and therefore the state transition probabilities
p(xi|xi−1) are the only parameters. Based on the Markov property, the
joint distribution for a sequence of n observations under this model is
given by

p(x1, ..., xn) = p(x1)

n∏
i=2

p(xi|xi−1). (8.3)

Thus if we use such a model to predict the next observation in a se-
quence, the distribution of predictions will depend on the value of the
immediately preceding observation and will be independent of all earlier
observations, conditional on the preceding observation.

4.2.1 Overview. A hidden Markov model (HMM) can be con-
sidered as the simplest dynamic Bayesian network. In a hidden Markov
model, the state yi is not directly visible, and only the output xi is visi-
ble, which is dependent on the state. The hidden state space is discrete,
and is assumed to consist of one of N possible values, which is also
called latent variable. The observations can be either discrete or con-
tinuous, which are typically generated from a categorical distribution
or a Gaussian distribution. Generally, a HMM can be considered as a
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generalization of a mixture model where the hidden variables are related
through a Markov process rather than independent of each other.
Suppose the latent variables form a first-order Markov chain as shown

in Figure 8.2(b). The random variable yt is the hidden state at time t,
and the random variable xt is the observation at time t. The arrows in
the figure denote conditional dependencies. From the diagram, it is clear
that yt−1 and yt+1 are independent given yt, so that yt+1 ⊥⊥ yt−1|yt. This
is the key conditional independence property, which is called theMarkov
property. Similarly, the value of the observed variable xt only depends
on the value of the hidden variable yt. Then, the joint distribution for
this model is given by

p(x1, ..., xn, y1, ..., yn) = p(y1)

n∏
t=2

p(yt|yt−1)

n∏
t=1

p(xt|yt), (8.4)

where p(yt|yt−1) is the state transition probability, and p(xt|yt) is the
observation probability.

4.2.2 The Learning Algorithms. Given a set of possi-
ble states ΩY = {q1, ..., qN} and a set of possible observations ΩX =
{o1, ..., oM}. The parameter learning task of HMM is to find the best
set of state transition probabilities A = {aij}, aij = p(yt+1 = qj |yt = qi)
and observation probabilities B = {bi(k)}, bi(k) = p(xt = ok|yt = qi)
as well as the initial state distribution Π = {πi}, πi = p(y0 = qi) for a
set of output sequences. Let Λ = {A,B,Π} denote the parameters for
a given HMM with fixed ΩY and ΩX . The task is usually to derive the
maximum likelihood estimation of the parameters of the HMM given the
set of output sequences. Usually a local maximum likelihood can be de-
rived efficiently using the Baum-Welch algorithm [5], which makes use of
forward-backward algorithm [55], and is a special case of the generalized
EM algorithm [22].
Given the parameters of the model Λ, there are several typical in-

ference problems associated with HMMs, as outlined below. One com-
mon task is to compute the probability of a particular output sequence,
which requires summation over all possible state sequences: The prob-
ability of observing a sequence XT

1 = o1, ..., oT of length T is given by
P (XT

1 |Λ) = ∑Y T
1
P (XT

1 |Y T
1 ,Λ)P (Y

T
1 |Λ), where the sum runs over all

possible hidden-node sequences Y T
1 = y1, ..., yT .

This problem can be handled efficiently using the forward-backward
algorithm. Before we describe the algorithm, let us define the forward
(alpha) values and backward (beta) values as follows: αt(i) = P (x1 =
o1, ..., xt = ot, yt = qi|Λ) and βt(i) = P (xt+1 = ot+1, ..., xT = oT |yt =
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qi,Λ). Note the forward values enable us to solve the problem through
marginalizing, then we obtain

P (XT
1 |Λ) =

N∑
i=1

P (o1, ..., oT , yT = qi|Λ) =
N∑
i=1

αT (i).

The forward values can be computed efficiently with the principle of
dynamic programming :

α1(i) = πibi(o1),

αt+1(j) =

[
N∑
i=1

αt(i)aij

]
bj(ot+1).

Similarly, the backward values can be computed as

βT (i) = 1,

βt(i) =

N∑
j=1

aijbj(ot+1)βt+1(j).

The backward values will be used in the Baum-Welch algorithm.
Given the parameters of HMM and a particular sequence of observa-

tions, another interesting task is to compute the most likely sequence of
states that could have produced the observed sequence. We can find
the most likely sequence by evaluating the joint probability of both
the state sequence and the observations for each case. For example, in
part-of-speech (POS) tagging [37], we observe a token (word) sequence
XT

1 = o1, ..., oT , and the goal of POS tagging is to find a stochastic opti-
mal tag sequence Y T

1 = y1y2...yT that maximizes P (Y n
1 , X

n
1 ). In general,

finding the most likely explanation for an observation sequence can be
solved efficiently using the Viterbi algorithm [24] by the recurrence
relations:

V1(i) = bi(o1)πi,

Vt(j) = bi(ot)max
i

(Vt−1(i)aij) .

Here Vt(j) is the probability of the most probable state sequence respon-
sible for the first t observations that has qj as its final state. The Viterbi
path can be retrieved by saving back pointers that remember which state
yt = qj was used in the second equation. Let Ptr(yt, qi) be the function
that returns the value of yt−1 used to compute Vt(i) as follows:

yT = arg max
qi∈ΩY

VT (i),

yt−1 = Ptr(yt, qi).
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The complexity of this algorithm is O(T × N2), where T is the length
of observed sequence and N is the number of possible states.
Now we need a method of adjusting the parameters Λ to maximize the

likelihood for a given training set. The Baum-Welch algorithm [5] is
used to find the unknown parameters of HMMs, which is a particular
case of a generalized EM algorithms [22]. We start by choosing arbitrary
values for the parameters, then compute the expected frequencies given
the model and the observations. The expected frequencies are obtained
by weighting the observed transitions by the probabilities specified in the
current model. The expected frequencies obtained are then substituted
for the old parameters and we iterate until there is no improvement. On
each iteration we improve the probability of being observed from the
model until some limiting probability is reached. This iterative proce-
dure is guaranteed to converge to a local maximum [56].

4.2.3 Applications in Text Mining. HMM models have
been applied to a wide variety of problems in information extraction and
natural language processing, which have been introduced in Chapter 2,
including POS tagging [37] and named entity recognition [6]. Taking
POS tagging [37] as an example, each word is labeled with a tag indi-
cating its appropriate part of speech, resulting in annotated text, such
as: “[VB heat] [NN water] [IN in] [DT a] [JJ large] [NN vessel]”. Given
a sequence of words Xn

1 , e.g., “heat water in a large vessel”, the task is
to assign a sequence of labels Y n

1 , e.g., “VB NN IN DT JJ NN”, for the
words. Based on HMM models, we can determine the sequence of labels
by maximizing a joint probability distribution p(Xn

1 , Y
n
1 ).

With the success of HMMs in POS tagging, it is natural to develop a
variant of an HMM for the name entity recognition task [6]. Intuitively,
the locality of phenomena may indicate names in the text, such as titles
like “Mr.” preceding a person’s name. The HMM classifier models such
kinds of dependencies, and performs sequence classification by assigning
each word to one of the named entity types. The states in the HMM are
organized into regions, one region for each type of named entity. Within
each of the regions, a statistical bi-gram language model is used to com-
pute the likelihood of words occurring within that region (named entity
type). The transition probabilities are computed by deleted interpola-
tion, and the decoding is done through the Viterbi algorithm.
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4.3 Markov Random Fields

Now we turn to another major class of graphical models that are de-
scribed by undirected graphs and that again specify both a factorization
and a set of conditional independence relations.

4.3.1 Overview. A Markov random field (MRF), also known
as an undirected graphical model [35], has a set of nodes each of which
corresponds to a variable or group of variables, as well as a set of links
each of which connects a pair of nodes. The links are undirected, that
is they do not carry arrows.

Conditional Independence. Given three sets of nodes, denoted
A, B, and C, in an undirected graph G, if A and B are separated in G
after removing a set of nodes C from G, then A and B are conditionally
independent given the random variables C, denoted as A ⊥⊥ B|C. The
conditional independence is determined by simple graph separation. In
other words, a variable is conditionally independent of all other vari-
ables given its neighbors, denoted as Xv ⊥⊥ XV \{v∪ne(v)}|Xne(v), where
ne(v) is the set of neighbors of v. In general, an MRF is similar to a
Bayesian network in its representation of dependencies, and there are
some differences. On one hand, an MRF can represent certain depen-
dencies that a Bayesian network cannot (such as cyclic dependencies);
on the other hand, MRF cannot represent certain dependencies that a
Bayesian network can (such as induced dependencies).

Clique Factorization. As the Markov properties of an arbitrary
probability distribution can be difficult to establish, a commonly used
class of MRFs are those that can be factorized according to the cliques
of the graph. A clique is defined as a subset of the nodes in a graph
such that there exists a link between all pairs of nodes in the subset. In
other words, the set of nodes in a clique is fully connected.
We can therefore define the factors in the decomposition of the joint

distribution to be functions of the variables in the cliques. Let us denote
a clique by C and the set of variables in that cliques by xC . Then the
joint distribution is written as a product of potential functions ψC(xC)
over the maximal cliques of the graph

p(x1, x2, ..., xn) =
1

Z
ΠCψC(xC),

where the partition function Z is a normalization constant and is given
by Z =

∑
xΠCψC(xC). In contrast to the factors in the joint distri-

bution for a directed graph, the potentials in an undirected graph do
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not have a specific probabilistic interpretation. Therefore, how to moti-
vate a choice of potential function for a particular application seems
to be very important. One popular potential function is defined as
ψC(xC) = exp(−ε(xC)), where ε(xC) = − lnψC(xC) is an energy func-
tion [45] derived from statistical physics. The underlying idea is that
the probability of a physical state depends inversely on its energy. In
the logarithmic representation, we have

p(x1, x2, ..., xn) =
1

Z
exp

(
−
∑
C

ε(xC)

)
.

The joint distribution above is defined as the product of potentials, and
so the total energy is obtained by adding the energies of each of the
maximal cliques.
A log-linear model is a Markov random field with feature functions fk

such that the joint distribution can be written as

p(x1, x2, ..., xn) =
1

Z
exp

(
K∑
k=1

λkfk(xCk
)

)
,

where fk(xCk
) is the function of features for the clique Ck, and λk is the

weight vector of features. The log-linear model provides a much more
compact representation for many distributions, especially when variables
have large domains such as text.

4.3.2 The Learning Algorithms. In MRF, we may compute
the conditional distribution of a set of nodes given valuesA to another set
of nodes B by summing over all possible assignments to v /∈ A, B, which
is called exact inference. However, the exact inference is computationally
intractable in the general case. Instead, approximation techniques such
as MCMC approach [3] and loopy belief propagation [46, 8] are often more
feasible in practice. In addition, there are some particular subclasses of
MRFs that permit efficient maximum-a-posterior (MAP) estimation, or
more likely assignment, inference, such as associate networks. Here we
will briefly describe belief propagation algorithm.
Belief propagation is a message passing algorithm for performing in-

ference on graphical models, including Bayesian networks and MRFs.
It calculates the marginal distribution for each unobserved node, con-
ditional on any observed nodes. Generally, belief propagation operates
on a factor graph, which is a bipartite graph containing nodes corre-
sponding to variables V and factors U , with edges between variables
and the factors in which they appear. Any Bayesian network and MRF
can be represented as a factor graph. The algorithm works by passing
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Figure 8.3. Graphical structure for the conditional random field model.

real valued function called messages along the edges between the nodes.
Taking pairwise MRF as an example, let mij(xj) denote the message
from node i to node j, and a high value of mij(xj) means that node i
“believes” the marginal value P (xj) to be high. Usually the algorithm
first initializes all messages to uniform or random positive values, and
then updates message from i to j by considering all messages flowing
into i (except for message from j) as follows:

mij(xj) =
∑
xi

fij(xi, xj)
∏

k∈ne(i)\j
mki(xi),

where fij(xi, xj) is the potential function of the pairwise clique. After
enough iterations, this process is likely to converge to a consensus. Once
messages have converged, the marginal probabilities of all the variables
can be determines by

p(xi) ∝
∏

k∈ne(i)
mki(xi).

The reader can refer to [46] for more details. The main cost is the
message update equation, which is O(N2) for each pair of variables (N
is the number of possible states).

4.3.3 Applications in Text Mining. Recently, MRF has
been widely used in many text mining tasks, such as text categoriza-
tion [16] and information retrieval [44]. In [44], MRF is used to model
the term dependencies using the joint distribution over queries and doc-
uments. The model allows for arbitrary text features to be incorporated
as evidence. In this model, an MRF is constructed from a graph G,
which consists of query nodes qi and a document node D. The authors
explore full independence, sequential dependence, and full dependence
variants of the model. Then, a novel approach is developed to train the
model that directly maximizes the mean average precision. The results
show significant improvements are possible by modeling dependencies,
especially on the larger web collections.
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4.4 Conditional Random Fields

So far, we have described the Markov network representation as a
joint distribution. In this subsection, we introduce one notable variant
of an MRF, i.e., conditional random field (CRF) [38, 65], which is yet
another popular model for sequence labeling and has been widely used
in information extraction as described in Chapter 2.

4.4.1 Overview. A CRF is an undirected graph whose nodes
can be divided into exactly two disjoint sets, the observed variables
X and the output variables Y , which can be parameterized as a set of
factors in the same way as an ordinary Markov network. The underlying
idea is that of defining a conditional probability distribution p(Y |X) over
label sequences Y given a particular observation sequenceX, rather than
a joint distribution over both label and observation sequences p(Y,X).
The primary advantage of CRFs over HMMs is their conditional nature,
resulting in the relaxation of the independence assumptions required by
HMMs in order to ensure tractable inference.
Considering a linear-chain CRF with Y = {y1, y2, ..., yn} and X =

{x1, x2, ..., xn} as shown in Figure 8.3, an input sequence of observed
variable X represents a sequence of observations and Y represents a
sequence of hidden state variables that needs to be inferred given the
observations. The yi’s are structured to form a chain, with an edge
between each yi and yi+1. The distribution represented by this network
has the form:

p(y1, y2, ..., yn|x1, x2, ..., xn) =
1

Z(X)
exp

(
K∑
k=1

λkfk(yi, yi−1, xi)

)
,

where Z(X) =
∑

yi
exp
(∑K

k=1 λkfk(yi, yi−1, xi)
)
.

4.4.2 The Learning Algorithms. For general graphs, the
problem of exact inference in CRFs is intractable. Basically, the infer-
ence problem for a CRF is the same as for an MRF. If the graph is
a chain or a tree, as shown in Figure 8.3, message passing algorithms
yield exact solutions, which are similar to the forward-backward [5, 55]
and Viterbi algorithms [24] for the case of HMMs. If exact inference
is not possible, generally the inference problem for a CRF can be de-
rived using approximation techniques such as MCMC [48, 3], loopy belief
propagation [46, 8], and so on. Similar to HMMs, the parameters are
typically learned by maximizing the likelihood of training data. It can
be solved using an iterative technique such as iterative scaling [38] and
gradient-descent methods [63].
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4.4.3 Applications in Text Mining. CRF has been applied
to a wide variety of problems in natural language processing, includ-
ing POS tagging [38], shallow parsing [63], and named entity recogni-
tion [40], being an alternative to the related HMMs. Based on HMM
models, we can determine the sequence of labels by maximizing a joint
probability distribution p(X ,Y). In contrast, CRMs define a single log-
linear distribution, i.e., p(Y|X ), over label sequences given a particular
observation sequence. The primary advantage of CRFs over HMMs is
their conditional nature, resulting in the relaxation of the independence
assumptions required by HMMs in order to ensure tractable inference.
As expected, CRFs outperform HMMs on POS tagging and a number
of real-word sequence labeling tasks [38, 40].

4.5 Other Models

Recently, there are many extensions of basic graphical models as men-
tioned above. Here we just briefly introduce the following two mod-
els, probabilistic relational model (PRM) [25] and Markov logic net-
work (MLN) [59]. A Probabilistic relational model is the counterpart
of a Bayesian network in statistical relational learning, which consists
of relational schema, dependency structure, and local probability mod-
els. Compared with BN, PRM has some advantages and disadvantages.
PRMs allow the properties of an object to depend probabilistically both
on other properties of that object and on properties of related objects,
while BN can only model relationships between at most one class of in-
stances at a time. In PRM, all instances of the same class must use the
same dependency mode, and it cannot distinguish two instances of the
same class. In contrast, each instance in BN has its own dependency
model, but cannot generalize over instances. Generally, PRMs are sig-
nificantly more expressive than standard models, such as BNs. The
well-known methods for learning BNs can be easily extended to learn
these models.
A Markov logic network [59] is a probabilistic logic which combines

first-order logic and probabilistic graphical models in a single represen-
tation. It is a first-order knowledge base with a weight attached to each
formula, and can be viewed as a template for constructing Markov net-
works. Basically, probabilistic graphical models enable us to efficiently
handle uncertainty. First-order logic enables us to compactly represent a
wide variety of knowledge. From the point of view of probability, MLNs
provide a compact language to specify very large Markov networks, and
the ability to flexibly and modularly incorporate a wide range of domain
knowledge into them. From the point of view of first-order logic, MLNs
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add the ability to handle uncertainty, tolerate imperfect and contradic-
tory knowledge, and reduce brittleness. The inference in MLNs can be
performed using standard Markov network inference techniques over the
minimal subset of the relevant Markov network required for answering
the query. These techniques include belief propagation [46] and Gibbs
sampling [23, 3].

5. Probabilistic Models with Constraints

In probabilistic models, domain knowledge is encoded into the model
implicitly for most of the time. In this section, we introduce several
situations that domain knowledge can be modeled as explicit constraints
to the original probabilistic models.
By merely using PLSA or LDA, we may derive different topic models

when the algorithms converge to different local maximums. It will be
very useful if users can explicitly state which topic model they favor.
A simple way to handle this issue is to list the terms that are desired
by the users in each topic. For example, if “sport”, “football” must be
contained in Topic 1, users can indicate a related term distribution as
prior distribution for Topic 1. This prior can be integrated into PLSA.
Another sort of guidance is to specify which terms should have similar
probabilities in one topic (must-link) and which terms should not have
similar probabilities in any topic (cannot-link). This kind of prior can
be modeled as Dirichlet forest prior, which is discussed in [4].
In traditional topic models, documents are considered indepedent with

each other. However, in reality there could be correlations among doc-
uments. For example, linked webpages tends to be similar with each
other, a paper cites another paper indicates the two papers are some-
how similar. NetPLSA [41] and iTopicModel [64] are two algorithms that
improve the original PLSA by consider the network constraints among
the documents. NetPLSA takes the network constraints as an additional
graph regularization term that forces two linked documents much simi-
lar, while iTopicModel models the network constraints using a Markov
random field and also considers the direction of links in the network.
These algorithms can still be solved by EM algorithm. By looking at
the E-step, we can see that the constraints can be integrated into E-step,
with a nice interpretation.
In [26], it proposes a framework of posterior regularization for prob-

abilistic models. Different from traditional priors that are directly ap-
plied onto parameters, posterior regularization framework allows users
to specify the constraints which are dependent on data space. For exam-
ple, in an unsupervised part-of-speech tagging task, users may require
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each sentence have at least one verb according to domain knowledge,
which is difficult to encode as priors for model parameters only. In order
to take the data-dependent constraints into consideration, a posterior
regularization likelihood is proposed, which integrates both the model
likelihood and the constraints. By studying several tasks with different
constraint types, the new method has shown its flexibility and effective-
ness.
Another line of systematical study of integrating probabilistic models

and constraints are Constrained Conditional Models (CCMs) [54, 60,
13, 14]. CCM is a learning and inference framework that augments
the learning of conditional models with declarative constraints. The
objective function of a CCM includes two parts, one part involves the
features of a task, and the other involves the penalties when constraints
are violated. To keep the simplicity of the probabilistic model, complex
global constraints are encoded as constraints instead of features. Usually,
the inference problem given a trained model can be solved using integer
linear programming. There are two strategies for the training stage, a
local model that decouples learning and inference and a global model
(joint learning) that optimizes the whole objective function. In practice,
the local model for training is especially beneficial when joint learning
for global model is computationally intractable or when training data
is not available for joint learning. That is, it is more practical to train
simple models using limited training data but inference with both the
trained model and the global constraints at the decision stage.

6. Parallel Learning Algorithms

The efficiency of the learning algorithms is always an issue, especially
for large scale of datasets, which is quite common for text data. In
order to deal with such large datasets, algorithms with linear or even
sub-linear time complexity are required, for which parallel learning al-
gorithms provide a way to speed up original algorithms significantly. We
now introduce several such algorithms among them.
The time complexity for original EM learning algorithm for PLSA

is about linear to the total document-word occurrences in the corpus
and the number of topics. By partitioning the document-word occur-
rence table into blocks, the calculation of the conditional probability
for each term in each document can be parallelized for blocks with no
conflicts. The tricky part is to partition the blocks such that the work-
load for each processing unit is balanced. Under this idea, [31] proposes
a parallelized PLSA with 6 times’ speedup on an eight-processor ma-
chine compared with the baseline. In [15], a Graphic Processing Unit
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(GPU) instead of a multi-core machine is used to parallelize PLSA. GPU
has a hundreds-of-core structure and high memory bandwith. It was
designed to handle high-granularity graphics-related applications where
many workloads can be simultaneously dispatched to processor elements,
and now gradually becomes a general platform for parallel computing.
In [15], both co-occurrence table-based partition and document-based
partition are studied for the parallelization, which turn out to gain a
significant speedup.
There are also some parallel learning algorithms for fast computing

LDA. [47] proposes parallel version of algorithms based on variational
EM algorithm for LDA. Two settings of implementations are considered,
one is in a multiprocessor architecture and the other is in a distributed
environment. In both settings, multiple threads or machines calculate
E-step simultaneously for different partitions of the dataset, and a main
program or a master machine will aggregate all the information and
calculate M-step. In [49], parallel algorithms for LDA are based on
Gibbs sampling algorithm. Two versions of algorithms, AD-LDA and
HD-LDA, are proposed. AD-LDA is an approximate algorithm that
applies local Gibbs sampling on each processor with periodic updates.
HD-LDA is an algorithm with a theoretical guarantee to converge to
Gibbs sampling using only one processor, which relies on a hierarchi-
cal Bayesian extension of the standard LDA model. Both algorithms
have similar effectiveness performance as the single-processor learning,
but with a significant time speedup. In PLDA [70], a further improve-
ment is made by implementing AD-LDA on MPI (Message Passing In-
terface) and MapReduce, where MPI is a standardized and portable
message-passing system for communicating between parallel computers,
and MapReduce is a software framework introduced by Google to sup-
port distributed computing on clusters of computers.
In [17], instead of parallelizing one algorithm at a time, it proposes a

broadly applicable paralleling programming method, which is easy to ap-
ply to many different learning algorithms. In the paper, it demonstrates
the effectiveness of their methodology on a variety of learning algorithms
by using MapReduce paradigm, which include locally weighted linear re-
gression (LWLR), k-means, logistic regression (LR), naive Bayes (NB),
SVM, ICA, PCA, gaussian discriminant analysis (GDA), EM, and back-
propagation (NN).

7. Conclusions

In this chapter, we have introduced the most frequently used proba-
bilistic models in text mining, which include mixture models with the



290 MINING TEXT DATA

applications of PLSA and LDA, the nonparametric models that use
stochastic processes as priors and thus can model infinite-dimensional
data, the well-known graphical models including Bayesian networks,
HMM, Markov random field and conditional random field. In some
scenarios, it will be helpful to model user guidance as constraints to the
existing probabilistic models.
The goal of learning algorithms for these probabilistic models are to

find MLE, MAP estimators for parameters in these models. Most of the
time, no closed form solutions can be provided. Iterative algorithms such
as EM algorithm is a powerful tool to learn mixture models. In other
cases, exact solutions are difficult to obtain, and sampling methods based
on MCMC, belief propagation or variational inference methods are the
options. When dealing with large scale of text data, parallel algorithms
could be the right way to go.
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