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ABSTRACT

Purpose: The purpose of this study was to design a framework for generating one—class classification algorithm
based on Hyper—Rectangle(H-RTGL) in a distributed environment connected by network.

Methods: At first, we devised one—class classifier based on H-RTGL which can be performed by distributed comput—
ing nodes considering model and data parallelism. Then, we also designed facilitating components for execution
of distributed processing. In the end, we validate both effectiveness and efficiency of the classifier obtained from
the proposed framework by a numerical experiment using data set obtained from UCI machine learning repository.
Results: We designed distributed processing framework capable of one—-class classification based on H-RTGL in
distributed environment consisting of physically separated computing nodes. It includes components for im-
plementation of model and data parallelism, which enables distributed generation of classifier. From a numerical
experiment, we could observe that there was no significant change of classification performance assessed by statistical
test and elapsed time was reduced due to application of distributed processing in dataset with considerable size.
Conclusion: Based on such result, we can conclude that application of distributed processing for generating classifier
can preserve classification performance and it can improve the efficiency of classification algorithms. In addition,

we suggested an idea for future research directions of this paper as well as limitation of our work.
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Figure 1. Concept of distributed machine learning
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2)52] 2 Table 1.7 #tHGiacomelli, 2013).
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Table 1. List of algorithms provided by Mahout library

Category Detailed algorithms
Collaborative filtering (CF) [tem-based, Matrix Factorization
Classification Naive Bayes, Complementary Naive Bayes, Random Forest

K-means Clustering, Spectral Clustering, Canopy Clustering, Fuzzy

Clustering k-means, Streaming k-means clustering

Lanczos Algorithm, Stochastic Singular Value Decomposition, Principal

Dimensionality reduction Component Analysis

Topic model Latent Dirichlet Allocation

Frequent Pattern Matching, RowSimilarity Job, ConcatMatrices,

Miscellaneous Collocations

il
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Figure 2. Concept of OCC based on H-RTGL
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W 20 H-RTGL 7|9F ©d 2577] A4S 918k vlolE #4H2 Chunk generatorE &3l thaa} o] =¥t}
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Figure 7. Example of data parallelism

A AAIE A AT ZY AL AE o] gste] AdE H-RTGL 79t 7]5}sh4 b @l #7719 458 Hs
at7] 91k A APE vt ol AAEITh A, 7174 SF F dHlolH 4 4

UCI machine learning repositoryoll A A &%= o8 HES o]&315 0w, 7|9} £449] 71 thedst 5719
tlo]E] @32l Iris, Breast, Vehicle, Abalone, Satellite 35S 1183830t} o]

27 FE0] 7] Wil EAT FeaE B s AAsta, e S

i One-Versus—All (OvA) A& 8313t Table 2.5 Ztzke] dlolg] ol tigh RS Jeh)a 9lor, 3

dole HFIN BE Felsz AHgE Fdso JuE 2@y 9



Kim & Choi . Design of Distributed Processing Framework Based on H-RTGL One—class Classifier for Big Data 561

Table 2. Information about dataset used in this paper

Dataset Iris Breast Vehicle Abalone Satellite
# of features 4 9 18 10 36
Target class Virginica Malignant Van Class 1-8 Grey Soil
Size of target class 50 241 199 1,407 961
Size of outliers 100 458 647 2,770 3,474
B ERAAE ofsh 28 dlold Pl tiE £X WL Fal D) B4 AU2 Fa A4 9 BRI BF
A 9 2) BN AYE B B/ AY B4 Bedel B 9SSR BA, B AREE 9

7] 913 X 24 Receiver Operating Characteristics (ROC) FA419] W4& YElf:= Area Under ROC curve
(AUC)E 1&3kglth ROC 42 53 S92 WY A2exs 5 AAZE 51 S22 A2 9] v &S
UElf+= True Positive Rate(TPR)$} AA|2&= o]k dolE|el AAEA9 HES YEl= False Positive
Rate(FPR)& o2 A&3sto] A& = ot} o] A A, BEF7I2A AFSSE H-RTGLY 27| 243t vl

FF F7H71EA ROC H4S AEsgnt, B3, BE FUat Tgeha o4 E WA 27718 Bk v

952 5 S0 ,
PAT BRIR WA 5 AES BE FYse) AaEa F H0%TE BRI S 918 AH8sta, YA 50%
o B Fohs QsEsst o RAE BF A% AL A% AY HlolHR gelsant ¥R A4 H4e &84
Z4e F4 A%l 8l H-RIGL 719wl $571% A4el] 919 dasl A7 wigom 24 A 9@
el &6 F7hFS ANkl BrhstaA sl

A RS AT B4 87 4ol ved gk MEYAE 948 29 Fe2HE wefsh, Feay 1o

Orchestrator ¥ 3}+2] worker =22 ¥ &35}aL S8 28 2+ 2709 worker nodesWte. 2 FAE Y. 2+ S8 2H
= 25 Intel ® Core (TM) i5-3570 4GHZ, RAM 16GBY] 543t A4S 7FA 1 it} =, 3709 worker nodes7}
FAlol H-RTGL 719 @ B77] dug]&s dshy, 4 28] W40 2= chunk generatorg ©]&-3F Ho|H
= &

e DSk A A E Aea e da AP Felxy 192 olgstel 4Ue St E,
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Table 3. AUC and Elapsed time of experiments

Dataset Iris Breast Vehicle Abalone Satellite
Classifier
AUC * 100 (Standard deviation) / Elapsed time (ms) (Standard deviation)
Distributed processing using data parallelism (Method 2)
Merein 95.7 (0.9) / 94.6 (0.9) / 92.3 (1.9) / 86.3 (0.7) / 90.6 (1.3) /
sme 454 (0.11) 4.79 (0.13) 6.63 (0.15) 9.82 (0.24) 14.38 (0.63)
Partitionin 97.2 (1.0) / 95.8 (0.8) / 83.0 (2.3) / 68.6 (1.8) / 82.9 (1.0) /
tHonng 4.48 (0.09) 4.71 (0.11) 6.55 (0.14) 9.79 (0.23) 14.03 (0.58)
G an 97.6 (1.1) / 96.1 (1.0) / 93.1 (1.6) / 87.4 (0.9) / 91.6 (1.1) /
aussia 452 (0.10) 4.81 (0.13) 6.69 (0.18) 9.88 (0.26) 14.52 (0.65)
Without distributed processing (H-RTGL based One-Class Classifier)
Merei 96.1 (1.1) / 95.1 (1.2) / 92.7 (2.2) / 86.7 (0.5) / 91.2 (1.1) /
crems 4.10 (0.08) 5.17 (0.12) 8.16 (0.17) 12.33 (0.63) 19.11 (0.81)
Partitionin 97.6 (0.9) / 96.2 (0.9) / 83.6 (2.1) / 69.0 (1.6) / 83.4 (0.9) /
tHonng 4.02 (0.06) 5.09 (0.15) 7.92 (0.18) 11.84 (0.59) 18.65 (0.74)
Gaussian 97.9 (0.8) / 96.3 (0.7) / 93.2 (1.8) / 87.8 (0.8) / 91.9 (1.2) /
4.13 (0.09) 5.21 (0.13) 8.27 (0.19) 12.59 (0.68) 19.41 (0.77)
Without distributed processing (Other One-Class Classifier from Tax (2010), AUC only)
Naive Parzen 95.4 (1.1) 96.5 (0.4) 86.9 (0.2) 85.9 (0.4) 92.3 (0.1)
k—-means 95.4 (0.5 84.6 (3.5) 88.9 (0.6) 79.2 (1.1) 88.6 (18.6)
SVDD 98.1 (0.8) 70.3 (0.5) 91.3 (1.4) 80.6 (0.1) 91.7 (0.1)
Neural Network 96.6 (0.3) 79.0 (2.3) 84.6 (0.8) 81.4 (0.3) 89.8 (1.9)
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o] Al 3t we 717 G H(rejection region) > A FAF t7F [t] Dt) 95 19 = 2.093F W= G0

¥t} Table 4.5= 37149 H-RTGL 7|WF @ 5771 theh g F3 t-d74e] 23 vehfis, 2E 75l
A A t7F 717 el alBetA] &AL 7] WEel Hy7F AvEs & 5 ok

Table 4. Result of t—test for verifying difference of AUC

Classifier t-statistics Acceptance of H

Merging 1.7738 Accept
Partitioning 1.8934 Accept

Gaussian 1.6953 Accept

AnH oz AA Ans 7utoz Bk e st A4E H-RTGL 7)4 g 8579} B2 2] ¢lo|
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Table 5. Calculated speedup value of classifiers in dataset

Classifier Iris Breast Vehicle Abalone Satellite

Merging -9.63% 7.35% 18.75% 20.36% 24.72%
Partitioning -9.52% 7.46% 17.30% 17.31% 24.77%

Gaussian -9.48% 7.69% 18.86% 21.53% 25.19%
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