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1.1 Reversed Multinomial Naive Bayes

The Reversed Multinomial Naive Bayes Classifier is described by Juan and Ney [2].
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They used uniform priors for category distributions. Then,
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1.2 Parameter Smoothing
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As mentioned earlier, the Laplace estimation is often used for the parameter estimation in Naive Bayes

classification [2] :
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Many smoothing methods have been proposed in the literature of statistical language modelling. Those

methods can be applied to our case.

e Absolute discounting with backing-off
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where Ny is the number of pairs < w;, ¢ > that did not occur in the training data.

e Absolute discounting with interpolation
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(|IV]—=No)o/ >, N(i,c) is the probability mass not asgigned to the pairs < w;, ¢ > whose N (i, ¢) is positive.



1.3 Poisson NB

1.4 Negative binomial NB

2 Obtaining more accurate probabilities with NB

2.1 Document length normalization

N(i,x)

NGx) = =Ny

where L is a constant.

The decision rule itself doesn’t change with this normalization [2] .

2.2 Histogram method (or Binning)

Zadrozny and Elkan [7] used the histogram method to obtain more accurate probabilities.

This method is applicable to only binary classification.

Suppose we have output values P(c|x) produced by a naive bayes classifier (¢ € {0,1}). These values are
usually not accurate [3].

We quote a sentence from the paper written by Zadrozny and Elkan:

We sort the training examples according to their scores and divide the sorted set into b subsets

of equal size, called bins.

Then, the modified probability of a class given x in the i-th bin B(7) is

_ _ X eBi)Ax' ccnx € TR}
Plelx) = {x' € B(i) Nx' € TR} ' (26)

The naive-bayes output values P(c|x) do not have to be probabilities. They can be scores as well.
Therefore, this method has also been applied to SVMs [1].

For multiclass case, see [8].
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3.1 Naive Bayes + EM
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3.2 Calibration

The purpose of this method [6] is to obtain more accurate probabilities, when the estimated values are

biased as a result of EM computation. 5



O 1: NB vs. NB+EM

tr Naive Bayes Naive Bayes + EM
20 20 35

300 52 66

5500 76 78

1. given unlabeled exmaples x, transform the scores (probabilities) P(c|x) by sigmoid function f(t) =
1/(1 + exp(—t)).

2. sort the transformed scores in descending order.
3. shift all the transformed scores so that the proportion of ¢ be the same as that for training data.

4. transform the shifted scores back into probability values by F(T) = log %

Applicable only to binary classification.
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