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ABSTRACT

The LWR (Locally Weighted Regression) model, which is traditionally a lazy learning model, is designed to obtain the solution of the
prediction according to the input variable, the query point, and it is a kind of the regression equation in the short interval obtained as a
result of the learning that gives a higher weight value closer to the query point. We study on an incremental ensemble learning approach
for LWR, a form of lazy learning and memory-based learning. The proposed incremental ensemble learning method of LWR is to
sequentially generate and integrate LWR models over time using a genetic algorithm to obtain a solution of a specific query point. The
weaknesses of existing LWR models are that multiple LWR models can be generated based on the indicator function and data sample
selection, and the quality of the predictions can also vary depending on this model. However, no research has been conducted to solve the
problem of selection or combination of multiple LWR models. In this study, after generating the initial LWR model according to the
indicator function and the sample data set, we iterate evolution learning process to obtain the proper indicator function and assess the
LWR models applied to the other sample data sets to overcome the data set bias. We adopt Eager learning method to generate and store
LWR model gradually when data is generated for all sections. In order to obtain a prediction solution at a specific point in time, an LWR
model is generated based on newly generated data within a predetermined interval and then combined with existing LWR models in a
section using a genetic algorithm. The proposed method shows better results than the method of selecting multiple LWR models using the
simple average method. The results of this study are compared with the predicted results using multiple regression analysis by applying
the real data such as the amount of traffic per hour in a specific area and hourly sales of a resting place of the highway, etc.
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Table 1. Comparison of Combiners

Combiner

Bagging Boosting Stacking

Characteristic

Giving
mis—classified
higher
preference

Partitioning of the

data into subsets Various

Random

Increase
predictive force

Gradient
descent

Minimize

. Both
variance

Goal to achieve

Random

Methods used
subspace

Blending

Function to
combine single
models

(Weighted)
average

Weighted
majority vote

Logistic
regression
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Appendix
Table 2. Multiple Regression Patterns and Connected Patterns in This Study
. . . Fitness value
Problem No. of Comparison of multiple regression pattern > CPU
Data LWR patterns connected Multlple This study time(sec)
regression
LWH —
Multiple Rearession: —=--
1 168 2.15 154 30.76
2 260 0.32 0.27 32.83
3 336 0.92 0.54 29.93
4 418 1.31 0.89 83.89
5 1982 2.52 0.49 91.12




