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Derivatives of Conditional Log Likelihood
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Abstract  In general, Bayesian network classifiers trained by discriminative strategy have higher
classification accuracy than others. However, the performance of discriminative parameter learn-
ing algorithms is limited in dealing with redundant edges. In order to improve the classification
accuracy in a real situation, in this paper we describe the quantitative relations between Bayesian
network structures and joint probability distributions, propose a Forest-Augmented Naive Bayes
classifier and its learning algorithm. An FAN classifier is a kind of Bayesian network whose
structure has few redundant edges, and FAN algorithm is optimized by properties of partial deriv-
atives of conditional log likelihood. Experimental results have shown that redundant edges in the
structure of a Bayesian network classifier could degrade classification performance in common sit-
uation, and most of restricted Bayeisian network classifiers have redundant edges. Therefore,
FAN classifier without redundant edges is suitable for discriminative parameter learning strategy.
On most of datasets, classification accuracies of classifiers trained by FAN algorithm are en-

hanced.
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data items described by means of a set of features or attrib-

utes. A classifier is a function that maps an instance into a
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class label. The problem of the automatic induction of classi-
fiers from data sets of pre-classified instances has long re-
ceived considerable attention within the machine learning
community. Bayesian network is an effective approach to this
problem and has also been successfully applied in many ways
by inducing classifiers using different types of Bayesian net-
work learning algorithms. However, learning (the most
probable a posteriori under certain conditions) Bayesian net-
work from data is an NP-hard problem.

There are many learning algorithms for automatically
building restricted Bayesian networks from data. Some of
these are based on testing conditional independences, others
are based on the so-called score+search paradigm. Recently,
some researches show that discriminative parameter learning
strategies are good at restricted Bayesian network structures.
This paper is interested in optimizing Bayesian classifier on
this field. We indicate that there are always maintaining a
portion which is more complex than truth, even in the simp-
lest Bayesian network structures. And discriminative param-
eter learning strategy is not feasible to the case above. In or-
der to enhance the performance of classifier, we propose an

algorithm for simplifying structure based on the relationship

between redundant edges in network structure and gradient

orientation of conditional log likelihood function.

The work is supported by National Natural Science
Foundation of China (60673089, 60973011). From the view-
point of real applications, this project focuses on more effi-
cient and accurate learning techniques based on restricted
Bayesian network classifiers, and tastes to actually apply
them to large-scale databases. The mainly details are:
(1) Research on how to specify directions of dependent rela-
tions efficiently and effectively in Bayesian networks; (2) In the
space of discrete random variables, focus on the algorithms for
solving a near-maximum spanning forest based on directed
graph with asymmetric dependent relations, and the mechani-
zes for multi-level dependences transformation; (3) Develop
on semi-lazy learning techniques and their applications; and
(4) Research on the applications of emerging pattern tech-
niques in building a restricted Bayesian network. These re-
sults will be meaningful not only for learning techniques of
restricted Bayesian network, but also for improvements on
other learning models. At the same time, they would be
more important for the problems of general network optimi-
zation both on theoretical aspects and real applications. Until
now, the research team has published more than 20 papers

about the restricted Bayesian networks learning strategies.



