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Outlier Detection Method Based on Adaptive Graph Autoencoder

TAN Qiyin', YU Jiong"* and CHEN Zixin'
1 School of Software Engineering, Xinjiang University, Urumqi 830000, China

2 College of Information Science and Engineering, Xinjiang University, Urumqi 830000, China

Abstract Outlier detection involves identifying a small number of individuals in a dataset that differ from the majority of sam-
ples,thereby obtaining insights into the overall health and abnormal information of the data. Currently,in the context of Euclidean
structured datasets,most detection algorithms predominantly treat data as independent entities,overlooking the correlations be-
tween data instances. This informational bias hinders the effective identification of potential outliers that might exist within the
normal data regions. To address this issue, this paper proposes a deep joint representation learning algorithm named adaptive
neighbor graph autoencoder(ANGAE). This algorithm constructs a graph from the perspective of graph generation to capture the
relationships between data points and leverages structural and attribute autoencoders to learn latent representations of the data.
ANGAE introduces an adaptive neighbor graph construction mechanism to dynamically update the graph structure,ensuring the
adjustment and improvement of inaccurate graph structures during model training. By integrating structural embeddings and at-
tribute embeddings, ANGAE f{acilitates effective interaction between network structure and node attributes. Experimental results
demonstrate that the proposed method achieves superior performance across 11 datasets, maintaining high precision while exhibi-
ting robust resilience,thereby substantiating the method’s efficacy.

Keywords Outlier detection,Deep learning,Graph convolutional networks, Graph representation learning, Attribute networks
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%2 HORERER

Table 2 Overview of datasets

B & HAK  AE  BHA A3, BRE/%
Annthyroid 7200 6 534 [ % 7.40
Vertebral 240 6 30 LXK 12. 50
Pima 768 8 268 [ % 34. 80
Breastw 683 9 239 [ % 34. 90
Waveform 3443 21 100 & 2.90
WPBC 198 33 47 [ % 23.74
satellite 6435 36 2036 #E R 31. 64
CWRU 680 23 600 2 11.76
WDBC 367 30 10 [ % 2.70
Lympho 148 18 6 E ¥ 4.10
GLASS 214 9 9 AR A E 4,20

4.2 iFfHIERR

TE B3R ORI T, BRSO R R I . R TR AR
T A [ R S 4 25 SR S, R 3 A 6 B M RE R A R DT A
ASTR] Y A I 59, 4y B & F1 423 3 (F1-Score) . ROC-AUC
(ROC i £ F 9 B FIHERA BE (ACC), F1 38R — 46
M LA AL PE RE (DS bR, B A A TR B SRR [ SR A B
PEAG A8 A o G S T AR T Sy 1 2 A B AR T SR R IE
JEE AR T A TR % 0] A R TR R A Ty R Y OE S RE AR
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Table 3 Parameter settings

5% FETINY ¥ Rk ae  mupg  TONORER A

F AR KD

ANGAE (2,min(n/2,100)) 0.005~0.01 20~50 3 - - 0.001~10

AE - 0.005~0.01 20~50 3 - - -
LOF (2,min(n/2,100)) - - - - - -
KNN (2,min(n/2,100)) - - - - - -
LUNAR (2,min(n/2,100)) 0.005~0.1 20~50 3 - - -
SO-GAAL - 0.005~1 20~50 3 — — —

IForest 100,56 ~256
OCSVM — — — — rbf —
GUIDE - 0.005~0.1 20~50 3 - — —

X F T WX F R AR SCHE B 2 4 A 2 Bk B T R
Python T.E4f pyod™* Fl pygod™* Hr #E47,

4.4 SLIGHER

FA—3 6 BRANFIH T ANGAE 586 SCH2 & i HoAth 8 Ff

B AR 11 8 da 4B L Y R B 45 b, 1§56 F1-Score, AUC Al
ACC, N T HWEISELE 25 R bric T a4 R. ©F
FEERERY L ANGAE 78 R Z B8R R H . W TR

PR TE R M5 B0HR 4 1 M AR 1Y SR8 AR F1 2041 ANGAE
TE 8 NEUHE 4 (Vertebral, Lympho, Pima, WDBC, Waveform,
WPBC, satellite, CWRU) - 3483 T e HE & . 4+ AUC 4
. ANGAE 7£ 8 4R 4L B ¥RA5 T I 5 4 450, 2 Wk 4 A5 Al
BABRBX2RE S, 78 ACC 43 %0+ , ANGAE 7& 8 4 %udi
B EHUS T R RROR , BT ANGAE 78 5 51 3 3 5 M IE
B T ) R AN AR Sk

# 4 F1-Score %5 F %ttt

Table 4 Comparison of F1-Score

HEE LOF IForest KNN OCSVM  SO-GAAL LUNAR GUIDE AE Ours
Annthyroid 0.20 0.40 0.25 0.14 0.15 0.24 0.19 0. 20 0.28
Vertebral 0.24 0.17 0.15 0.23 0.23 0.15 0.26 0.19 0.33
Lympho 0.14 0.62 0. 64 0.38 0.07 0.65 0.59 0.56 0.67
GLASS 0.25 0.19 0.27 0.07 0.24 0.27 0.18 0.12 0.25
Pima 0.48 0.57 0.59 0.49 0. 36 0.59 0.55 0.47 0.63
WDBC 0.67 0.75 0.55 0.58 0. 36 0.60 0.71 0.79 0.90
Breastw 0.53 0.91 0.91 0.69 0.83 0.95 0.87 0. 87 0.92
Waveform 0.20 0.13 0.13 0.06 0.06 0.13 0.17 0.18 0.32
WPBC 0.54 0.57 0.54 0.49 0. 66 0.55 0.68 0.61 0.73
satellite 0.58 0.54 0.57 0.44 0.45 0.48 0.51 0.52 0.62
CWRU 0.31 0.09 0.10 0.12 0.21 0.09 0.27 0.18 0.31
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#£5 AUC 4RI
Table 5 Comparison of AUC

%EE LOF IForest KNN OCSVM  SO-GAAL LUNAR GUIDE AE Ours
Annthyroid 0.67 0.83 0.69 0.53 0.56 0.75 0.72 0.63 0.75
Vertebral 0.53 0.45 0. 35 0. 54 0.58 0. 40 0.61 0.50 0.72
Lympho 0.68 0.99 0.98 0.90 0.53 0.99 0. 89 0.99 1.00
GLASS 0. 84 0. 84 0.87 0. 44 0.83 0.87 0.82 0.74 0.89
Pima 0.59 0.71 0.73 0. 60 0. 44 0.73 0.63 0.58 0.76
WDBC 0.90 0.98 0.98 0.94 0.97 0.99 0.87 0.90 1. 00
Breastw 0.52 0.95 0.99 0. 80 0.88 0. 96 0. 89 0. 80 0.98
Waveform 0.72 0.79 0.78 0.54 0.55 0.78 0. 65 0.73 0.80
WPBC 0.54 0.55 0.51 0.47 0.69 0.55 0.54 0.46 0.67
satellite 0.68 0.68 0.74 0.61 0.69 0.67 0.67 0.69 0.75
CWRU 0.80 0.75 0.74 0.48 0.67 0.46 0.74 0.61 0.84
6 ACCHRM I
Table 6 Comparison of ACC
HIEE LOF IForest KNN OCSVM  SO-GAAL LUNAR GUIDE AE Ours
Annthyroid 0.68 0.73 0.70 0.53 0.61 0.80 0.69 0.65 0.81
Vertebral 0.60 0.48 0.42 0.55 0.60 0.47 0.55 0.51 0.69
Lympho 0.68  0.95  0.97  0.91 0.59 0.99 0.94  0.99  0.95
GLASS 0.81 0.76 0.83 0.52 0.87 0.91 0. 85 0.77 0.93
Pima 0.62 0.68 0.69 0. 60 0.72 0.78 0.70 0.67 0.81
WDBC 0.97 0.98 0.96 0.96 0.97 0.96 0.95 0.93 1. 00
Breastw 0. 66 0.97 0.96 0.77 0.91 0.98 0.87 0.88 0.99
Waveform 0.71 0.72 0.73 0.54 0.67 0.79 0.54 0.68 0.77
WPBC 0.51 0.57 0.51 0.47 0.71 0. 64 0.58 0. 60 0.67
satellite 0.57 0.70 0.74 0.61 0.75 0.71 0. 65 0.73 0.79
CWRU 0.78 0.41 0.45 0.51 0.74 0.43 0.78 0.61 0.80
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