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Abstract

Many tasks involve predicting a large number of variables that depend
on each other as well as on other observed variables. Structured
prediction methods are essentially a combination of classification and
graphical modeling. They combine the ability of graphical models
to compactly model multivariate data with the ability of classifica-
tion methods to perform prediction using large sets of input features.
This survey describes conditional random fields, a popular probabilistic
method for structured prediction. CRFs have seen wide application in
many areas, including natural language processing, computer vision,
and bioinformatics. We describe methods for inference and parame-
ter estimation for CRFs, including practical issues for implementing
large-scale CRFs. We do not assume previous knowledge of graphical
modeling, so this survey is intended to be useful to practitioners in a
wide variety of fields.
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1

Introduction

Fundamental to many applications is the ability to predict multiple
variables that depend on each other. Such applications are as diverse
as classifying regions of an image [49, 61}, 69], estimating the score in a
game of Go [I30], segmenting genes in a strand of DNA [7], and syn-
tactic parsing of natural-language text [144]. In such applications, we
wish to predict an output vector y = {yo,y1,...,yr} of random vari-
ables given an observed feature vector x. A relatively simple example
from natural-language processing is part-of-speech tagging, in which
each variable y; is the part-of-speech tag of the word at position s, and
the input x is divided into feature vectors {xg,xi,...,x7}. Each x4
contains various information about the word at position s, such as its
identity, orthographic features such as prefixes and suffixes, member-
ship in domain-specific lexicons, and information in semantic databases
such as WordNet.

One approach to this multivariate prediction problem, especially
if our goal is to maximize the number of labels y; that are correctly
classified, is to learn an independent per-position classifier that maps
x +— ys for each s. The difficulty, however, is that the output variables
have complex dependencies. For example, in English adjectives do not
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usually follow nouns, and in computer vision, neighboring regions in an
image tend to have similar labels. Another difficulty is that the output
variables may represent a complex structure such as a parse tree, in
which a choice of what grammar rule to use near the top of the tree
can have a large effect on the rest of the tree.

A natural way to represent the manner in which output variables
depend on each other is provided by graphical models. Graphical
models — which include such diverse model families as Bayesian net-
works, neural networks, factor graphs, Markov random fields, Ising
models, and others — represent a complex distribution over many vari-
ables as a product of local factors on smaller subsets of variables. It
is then possible to describe how a given factorization of the proba-
bility density corresponds to a particular set of conditional indepen-
dence relationships satisfied by the distribution. This correspondence
makes modeling much more convenient because often our knowledge of
the domain suggests reasonable conditional independence assumptions,
which then determine our choice of factors.

Much work in learning with graphical models, especially in statisti-
cal natural-language processing, has focused on generative models that
explicitly attempt to model a joint probability distribution p(y,x) over
inputs and outputs. Although this approach has advantages, it also
has important limitations. Not only can the dimensionality of x be
very large, but the features may have complex dependencies, so con-
structing a probability distribution over them is difficult. Modeling the
dependencies among inputs can lead to intractable models, but ignoring
them can lead to reduced performance.

A solution to this problem is a discriminative approach, similar to
that taken in classifiers such as logistic regression. Here we model the
conditional distribution p(y|x) directly, which is all that is needed for
classification. This is the approach taken by conditional random fields
(CRFs). CRFs are essentially a way of combining the advantages of dis-
criminative classification and graphical modeling, combining the ability
to compactly model multivariate outputs y with the ability to leverage
a large number of input features x for prediction. The advantage to a
conditional model is that dependencies that involve only variables in x
play no role in the conditional model, so that an accurate conditional
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model can have much simpler structure than a joint model. The differ-
ence between generative models and CRFs is thus exactly analogous
to the difference between the naive Bayes and logistic regression classi-
fiers. Indeed, the multinomial logistic regression model can be seen as
the simplest kind of CRF, in which there is only one output variable.

There has been a large amount of interest in applying CRFs to
many different problems. Successful applications have included text
processing [105] [124] [125], bioinformatics |76}, [123], and computer vision
[49, 61]. Although early applications of CRF's used linear chains, recent
applications of CRF's have also used more general graphical structures.
General graphical structures are useful for predicting complex struc-
tures, such as graphs and trees, and for relaxing the independence
assumption among entities, as in relational learning [142].

This survey describes modeling, inference, and parameter estima-
tion using CRFs. We do not assume previous knowledge of graphical
modeling, so this survey is intended to be useful to practitioners in a
wide variety of fields. We begin by describing modeling issues in CRF's
(Section , including linear-chain CRFs, CRFs with general graphical
structure, and hidden CRFs that include latent variables. We describe
how CRFs can be viewed both as a generalization of the well-known
logistic regression procedure, and as a discriminative analogue of the
hidden Markov model.

In the next two sections, we describe inference (Section and
learning (Section in CRFs. In this context, inference refers both
to the task of computing the marginal distributions of p(y|x) and to
the related task of computing the maximum probability assignment
y* = argmaxy p(y|x). With respect to learning, we will focus on the
parameter estimation task, in which p(y|x) is determined by parame-
ters that we will choose in order to best fit a set of training examples
{x(i),y(i)}f\il. The inference and learning procedures are often closely
coupled, because learning usually calls inference as a subroutine.

Finally, we discuss relationships between CRFs and other families
of models, including other structured prediction methods, neural
networks, and maximum entropy Markov models (Section @
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1.1 Implementation Details

Throughout this survey, we strive to point out implementation details
that are sometimes elided in the research literature. For example, we
discuss issues relating to feature engineering (Section , avoiding
numerical underflow during inference (Section , and the scalability
of CRF training on some benchmark problems (Section .

Since this is the first of our sections on implementation details, it
seems appropriate to mention some of the available implementations of
CRFs. At the time of writing, a few popular implementations are:

CRF++ http://crfpp.sourceforge.net/

MALLET http://mallet.cs.umass.edu/

GRMM http://mallet.cs.umass.edu/grmm/
CRFSuite http://www.chokkan.org/software/crfsuite/
FACTORIE http://www.factorie.cc

Also, software for Markov Logic networks (such as Alchemy:
http://alchemy.cs.washington.edu/) can be used to build CRF models.
Alchemy, GRMM, and FACTORIE are the only toolkits of which we
are aware that handle arbitrary graphical structure.


http://crfpp.sourceforge.net/
http://mallet.cs.umass.edu/
http://mallet.cs.umass.edu/grmm/
http://www.chokkan.org/software/crfsuite/
http://www.factorie.cc
http://alchemy.cs.washington.edu/
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