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Motivations 
1. In Bayesian classification, generative learning and 
discriminative learning are widely used to learn representative 
class information from samples of different classes.  

2. The training data is often insufficient or contains noise, 
therefore the class distribution estimated by generative learning 
algorithms often deviates from real ones, leading to 
unsatisfactory classifiers.  
3. Discriminative learning algorithms directly consider the 
discrimination between classes in the training phase and focus 
on the difference between classes instead of the distribution of 
the data within each class.  
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Main ideas 

1. The optimal binary classifier is defined as the one that 
maximizes the separation between two classes under the 
constraints of correct classification of training data.  

2. The maximum separation between two classes for each 
sample is pursued by the previous discriminative learning 
approaches for Bayesian classification.  

3. Based on the defined learning criterion, we employ the 
sequential unconstrained minimization technique . 
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Methods 

1. Learning objective is formatted based on Bayes formula 
and two constraints are involved .  

2. For the optimization, we adopt the exterior point 
minimization algorithm (Algorithm 1) and gradient descent 
algorithm (Algorithm 2) to update the model parameters. 

3. Two strategies are employed to expand the method to 
multi-class classification, one-against-one (1v1) and one-
against-others (1vO). Front In
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Major results 
1. Compared with the best previous method, the proposed 
CMM approach has delivered better recognition rates on 6 
test sets out of total 10 sets. 
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Major results (Cont’d) 
2. Recognition rates on test sets of different datasets, the 
proposed CMM method has achieved the best average 
result. 
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Major results (Cont’d) 
3. The non-parametric Wilcoxon test is performed for 
comparison of different methods. The CMM approach 
significantly outperforms the EM and SVM method. 
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Conclusions 

1. The separation between all the samples of a class and 
those of another class would be maximized, since the 
margin was defined on the class level. 

2. The penalty factor and its magnification coefficient of 
the constraint item would boost the learning results by 
increasing the effect of misclassification samples during 
the optimization. 

3. Experimental results demonstrated that our CMM 
approach was effective and promising.  
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