











|S(Us,t,C)| to estimate P(Us(t)) and P(C,U;(t)) re-
spectively. As a result:
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1 For every instance ¢ to be classified
2 Initialize U to empty
//Build an active memory pool E
For every training instance d;
If |M(d;,t)| >0
Add d; to E
EMAX = MAX(|M(d;,t)|)
//Search process
For j = EMAX to 1 do
For every |M(d;,t)| =34,V d; € E
If |S(M(d;,t),t)| > «
Add M(d;,t) to U
//Prune nodes
For every dy, € E
If M(dg,t) C M(d;,t)
Remove dj from FE.
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Figure 2: Exploration process of the memory image
lattice

In fact (Y17 (1S(U, )| L(CIU(0)))/(Z1Z) 1S, 1))
is a weighted summation. The weight is the size of
S(U;,t). The set with more instances will be assigned
larger weight because its parameter estimation is more
reliable.

5 Preliminary Experiments

We have conducted preliminary experiments on 5 bench-
mark data sets from the UCI repository of machine
learning database [2]. They are either classical or with
extreme number of attributes or instances. We par-
titioned each data set into 10 even portions and then
conducted 10-fold cross-validation. The mean and the
standard deviation of the accuracies of 10-fold cross-
validation are used to measure the performance. For
comparison, we also investigate the performance of
Naive Bayesian, SVM, kNN, and J48, which are from
the Weka-3-2-2 machine learning software [9]. The re-
sults indicate that SMILE has superior or at least com-
parable performance on most of the data sets in com-
parison with other classical learning models. For data
sets with large size and large attribute set, SMILE work

efficiently due to the efficient lattice exploration design.
SMILE also shows benefits on small data sets in terms
of accuracy. The intelligent search process and the in-
troduction of memory images enable SMILE to handle
data sparseness effectively.

[ Data Set [ SMILE [ kNN [ Naive Bayesian [ J48 [ SVM ]
Iris 94.0 96.0 96.0 95.3 | 85.3
Letter 86.8 94.8 64.2 87.8 | 81.7
Sonar 84.6 73.0 | 65.9 74.1 | 77.8
Weather 80.0 70.0 70.0 65.0 | 40.0
Zoo 98.1 88.2 95.2 92.1 | 92.1

Table 1: Classification performance of SMILE and

other classifiers. The performance is measured by
classification accuracy (in percentage) and standard
deviation of 10-fold cross validation.
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