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Abstract Recently, as technologies for realizing artificial intelligence have become more common, machine learning
is widely used. Machine learning provides insight into collecting large amounts of data, batch processing, and taking
final action, but the effects of the work are not immediately integrated into the learning process. In this paper
proposed an adaptive learning model to improve the performance of real-time stream analysis as a big business issue.
Adaptive learning generates the ensemble by adapting to the complexity of the data set, and the algorithm uses the
data needed to determine the optimal data point to sample. In an experiment for six standard data sets, the adaptive
learning model outperformed the simple machine learning model for classification at the learning time and accuracy.
In particular, the support vector machine showed excellent performance at the end of all ensembles. Adaptive
learning is expected to be applicable to a wide range of problems that need to be adaptively updated in the inference
of changes in various parameters over time.
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Table 1. Condensed nearest neighbor rule

Given
Xrrain Training set, with patterns xi, xz,°*, X
| Xrrain| Number of patterns in the training set
CNN Condensed Nearest Neighbor set
Additions A Boolean flag

Do

1 CNN = {x1}

2 Repeat

3 Additions=FALSE

4 For i = 2 to |Xrrainl

5 Classify x; with CNN

6 If x; is incorrectly classified

7 CNN = CNN N { x; }

8 Additions=TRUE

9 Until Additions = FLASE
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Fig. 1. (a) A margin exists between two data sets,
(b) A positive distance exists between two
data sets
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Table 2. Datasets used in the experiments

Datasets Number of Number of Number of
Samples Features Classes
Iris 150 4 3
lonosphere 351 34 2
Heart 270 13 2
Sonar 208 60 2
Wine 178 13 3
Z0o 101 17 7
Table 3& 37119} Q12812 7k &7 &312]F kNN,
CNN, SVM$E 671¢] dlo]HAEd] A& AAE 1o
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Table 3. Accuracy and training time of datasets

Accuracy Training

Datasets CNN SVM kNN Time

Iris 95.08 97.1 97.95 0.80

lonosphere 91.72 93.23 93.46 9.45
Heart 89.35 89.43 91.9 3.1

Sonar 88.63 90.8 89.46 1.56

Wine 97.84 98.21 98.05 1
Zoo 935 94.43 96.66 0.83
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Fig. 3. Results of applying the algorithms to dataset
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