THBALEL A E

IPSJ SIG Technical Report

ROSESa—JLIZHEITHAR2EETIZLD
BHEE7ILT Y XLBEOER L

AR (Lo T

T 50 75 1

BE: oy FoEfEEL L HEMZEOEFSEMEGRIC > TERT 2 720121%, AMRE+HOZOR & TR 5 B X
DHEMEORE R E 2T T BERH D, —F, viRy NEBESEIREICBON L, BEO&AMR 7 2 IUE
THERBEPRABE SN TNDED, T b BHIEEORESCEEDOHR OO ORI IR O N - BEREICKFET 572
L, IR ENAITIEE S TWARY. 22T, AT, aRy b T77V r—a COERSERETT O
Ry 7 & LTELEE LTS ROS BREEICEBWT, ANERDT—FkEy hEEREINTEZZAZITSLCT, &
DY) BB T Y R AEIRET D A X R E ROS £V 2 —/L e LCHET 5 X5 EHRT D, AT,
EFEI AT HITATTHT NI RAOREELT I A XFHZ A7 3¢5, LET 5. TSR TIE, WG/ kEM
BERWT, BESNLHMTE 7 VY X L0, F XORERROBEMTE 7L 3 Y XA LD E R,

F—DO—F : BEROEE, A & 508, ROS, mfEYE

Evaluating Meta-Learning Method for Selecting Machine Learning
Algorithm on ROS Environment
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Abstract: In the robot application environment, developers often face on try-and-error to adjust the robot operation as static
values or/and decisions in their computer programming codes. This adjustment process is not so important for human expert of
the target task, and it is not affected to their expertise. In order to reduce the cost of the adjustment, people want to utilize
machine learning algorithms for automating the adjustment of the values and the decisions. However, it is not so easy to
introduce the machine learning applications to the process, because the developers have to know the characteristics of the
algorithm and their input dataset. On the other hand, to solve the machine learning algorithm selection problem, some
meta-learning frameworks have been developed. Thus, in this study, we developed a framework for performing more adequate
machine learning algorithms to each given dataset, focusing on classification learning applications. \We propose a combination of
the tasks consists of meta-learning framework for determining classification learning applications, classification learning model
generation task with the determined feature selection and machine learning algorithms, and classification label prediction task
with the generated classification learning models. After implementing the tasks as ROS (Robot Operating System) modules, we
perform an experimentation to compare their accuracies, execution times to the conventional machine learning algorithms on a
small benchmark datasets.
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Figure 1 Task Flow Overview of Classification Learning Tasks
including Meta-Learning Framework.
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Figure 2 ROS Message for Describing Classification Learning
Algorithms and Attribute(Feature) Selection Algorithms Chosen
by Meta-Learning Framework.
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Figure 3 Interface Specification of ROS Service for
Classification Model Generation Task Applied to Meta-Learning
Framework.
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Figure 4 ROS Message for Classification Learning Model

with Chosen Classification Learning Algorithm
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Figure 5 Interface Specification of ROS Service for
Predicting Classification Labels of Test Dataset Task Applied to

Meta-Learning Framework.
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Table 1 Statistics of Machine Learning Algorithms and
Attribute Selection Algorithms as Classification Learning
Applications Chosen by AutoWeka
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Figure 2 Results of Averaged Accuracies, Averaged
Classification Learning Model Build Time, and Averaged
Classification Prediction Time of The Machine Learning

Algorithms
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