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Abstract

Conditional random field (CRF) is a popular
graphical model for sequence labeling. The flexi-
bility of CRF poses significant computational chal-
lenges for training. Using existing optimization
packages often leads to long training time and un-
satisfactory results. In this paper, we develop CRF-
OPT, a general CRF training package, to improve
the efficiency and quality for training CRFs.
We propose two improved versions of the forward-
backward algorithm that exploit redundancy and
reduce the time by several orders of magnitudes.
Further, we propose an exponential transforma-
tion that enforces sufficient step sizes for quasi-
Newton methods. The technique improves the
convergence quality, leading to better training re-
sults. We evaluate CRF-OPT on a gene prediction
task on pathogenic DNA sequences, and show that
it is faster and achieves better prediction accuracy
than both the HMM models and the original CRF
model without exponential transformation.

Introduction
Conditional random field (CRF) (Lafferty, McCallum,
& Pereira 2001) is a major model for sequential data
labeling. It significantly relaxes the independence as-
sumptions of the hidden Markov model (HMM). How-
ever, the added flexibility of CRF greatly increases the
optimization difficulties. In most applications, an op-
timization package is called to learn the CRF weights.
We find that for large-scale problems this approach can
be slow and result in unsatisfactory solution quality.

In this paper, we propose to enhance generic opti-
mization solvers by a number of techniques that are de-
signed specifically for improving the speed and quality
of CRF training. First, we observe that, in gradient-
based optimization, most of the time is spent on the
evaluations of objective and gradients. For example,
TAO (Bensonet al. 2005), a state-of-the-art quasi-
Newton solver, requires up to two days on a PC in a
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gene prediction task with only 1615 bases. The real
problem may have more than 100K bases. We find
that, there are much computational redundancy in the
standard implementation of the forward-backward al-
gorithm. We propose two techniques that can improve
the speed by eliminating the redundancy.

CRF training is a convex continuous optimization
problem for which gradient-based search algorithms
have solid theoretical convergence guarantees. How-
ever, we observe that, gradient-based search algorithms
on CRF models usually terminate prematurely without
reaching the actual optimal point. Moreover, different
starting points usually lead to various different solutions
other than the unique global optimum. We propose an
exponential transformation technique that can force suf-
ficient reduction in each step and achieve much better
convergence quality.

Parameter Estimation for CRF
As shown in Figure 1(a), a CRF is a graphical
model based on a graphG = (V, E), whereY =
(Yv)v∈V is the set of hidden variables, andX is the
set of observation variables. The random variablesYv

obey the Markov property:p(Yv|X, Yu, · · · , Yw) =
p(Yv|X, Yw, w ∼ v), wherew ∼ v indicates thatw
andv are neighbors inG. Each clique in G defines a
featurefor the CRF.

In this paper, we focus on linear-chain CRF in
which each feature only involves two consecutive hid-
den states as shown in Figure 1(b). A linear-chain CRF
defines the conditional distribution of a label sequence
y, given the observation sequencex, as

p(y|x) =
1

Z(x)
exp

{

T
∑

t=1

F
∑

k=1

λkfk(yt, yt−1, xt)

}

, (1)

where Λ = {λk} ∈ RF is the weight vector, and
{fk(yt, yt−1, xt)}

F
k=1 is a set of feature functions, and

Z(x) is a normalization function

Z(x) =
∑

y’

exp

{

T
∑

t=1

F
∑

k=1

λkfk(y′
t, y

′
t−1, xt)

}

. (2)
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