N & Pl 'S/
> T A WA F
COMPUTER SCIENCE

EFHRRELTHEEERN
TiE, WOR KEER FEF

SIAAX
Witk BNRE, KREE F CF ETHSARELIEERAD]. THENREE, 2022, 49(4): 116-123.
YANG Hui, TAO Li-hong, ZHU Jian-yong, NIE Fei-ping. Fast Unsupervised Graph Embedding Based on

Anchors[J]. Computer Science, 2022, 49(4): 116-123.

ECENREE (EERAXINEE IE WEREEXER)

Similar articles recommended (Please use Firefox or IE to view the article)

B E PR R IEII T R RN & R R TR B A
Link Prediction for Node Featureless Networks Based on Faster Attention Mechanism

THENRLE, 2022, 49(4): 43-48. https://doi.org/10.11896/jsjkx.210800276

ETF GR-AD-KNN E5%H) IPv6 /45 DoS NEHEIRARFT
Research on DoS Intrusion Detection Technology of IPv6 Network Based on GR-AD-KNN Algorithm

IHEMRIE, 2021, 48(6A): 524-528. https://doi.org/10.11896/jsjkx.200500001

ETF LSTM-Attention J RFID B aIXSSR A ETTN
Prediction of RFID Mobile Object Location Based on LSTM-Attention

THEMAIE, 2021, 48(3): 188-195. https://doi.org/10.11896/jsjkx.200600134

BYERFESTITEERERNTTE
Unsupervised Anomaly Detection Method for High-dimensional Big Data Analysis

THENAIE, 2021, 48(2): 121-127. https://doi.org/10.11896/jsjkx.191100141

KEBRIEEFTTERRGR
Point-of-interest Recommendation:A Survey

IHENAIE, 2021, 48(11A): 176-183. https://doi.org/10.11896/jsjkx.201100021


https://www.jsjkx.com/CN/Y2022/V49/I4/116
https://www.jsjkx.com/EN/Y2022/V49/I4/116
https://www.jsjkx.com/EN/Y2022/V49/I4/116
https://www.jsjkx.com/CN/Y2022/V49/I4/43
https://www.jsjkx.com/CN/Y2021/V48/I6A/524
https://www.jsjkx.com/CN/Y2021/V48/I3/188
https://www.jsjkx.com/CN/Y2021/V48/I2/121
https://www.jsjkx.com/CN/Y2021/V48/I11A/176

0 Vf :ﬁ- *fh 1‘*‘ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 210200098

ETH A REL EEE#HAN

wm & BAhRY KEBE JFEEE

IR AXBAAFRAGEA I RFR W& 330013
2UAWEEHEH SR ELLRE W E 330013
ST L ARFRFRGANEFI FL WL 710072
(yhshuo@163. com)

H E BA#ABRLET RS TEAZER 2R, B4 BH# AL EHMHE K-Nearest Neighbors(K-NN) B 93+ 8 &k & £ )

FOnPd) b n AHRK . dAHEREE, ERBEZRAFEALT At K-NN BRFEFHLE, BA LT E L L ESHERING

FAREL, X RAARNLFERABHEE LGN, ARRKABRI RN EI LR RE—AATHEORELEF

B #% N 7% (Fast Unsupervised Graph Embedding Based on Anchors,FUGE), #ZH & A LM EE PRI E (R AL . RS

#ﬁiﬁﬁ%,i—%,ﬁ%ﬂﬁﬁ B ReMATESUASH, B THEMZTRLNTHEZ IR T ERAZGE R BT RGHIH L&
B AR TARZ R RMEMMER ZAEZABBIRFEEGEREERFIRBES-HEAAMER, X —F kT H

B, AR RO FEALLEND Od tumd) L P m A a3, EAREKEE LA RFTEHIEN T AR L H0H A

=R,

KR M2 BN 485 s K-means+ + 5 B2 &

REZESES TP391

Fast Unsupervised Graph Embedding Based on Anchors
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3 Center for Optical Image Analysis and Learning (OPTIMAL) , Northwestern Polytechnical University,Xi’an 710072, China

Abstract Graph embedding is a widely used method for dimensionality reduction due to its computational effectiveness. The com-
putational complexity of graph embedding method to construct traditional K-Nearest Neighbors ( K-NN) graph is at least
On*d) s where n and d represents the sample size and dimensions respectively. The construction of K-NN graphs is very time-
consuming since the computational complexity is proportional to the square of the number of samples in the case of a large
amount of data,which will limit the application of graph embedding algorithms on large-scale data sets. To address this problem,
a fast unsupervised graph embedding based on anchors (FUGE) method is proposed in this paper. FUGE first selects anchors
(representative points) from the data,then constructs a similarity graph between the data and anchors.,and finally performs graph
embedding analysis. Since the number of anchors is much smaller than the number of data,the proposed method can effectively re-
duce the computational complexity of the process of graph construction. Different from using the kernel function to construct the
similarity graph, FUGE directly learns the data point-anchor similarity graph by the neighbor information of the data,which fur-
ther accelerates the process of graph construction. The overall computational complexity of FUGE is O(nd® +nmd) , where m is
the number of anchors. Extensive experiments on real-world benchmark data sets show the effectiveness and efficiency of the pro-
posed method.

Keywords Dimensionality reduction,Graph embedding, Anchors, K-means+ + . Orthogonal constraint
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Table 1  Descriptions of 4 datasets
. . . Dim after .
Data Samples Dimensions . Classes
PCA
Coil20 1440 1024 1018 20
Palm 2000 256 — 100
Protein 24387 357 356 3
SensIT 98528 100 98 3
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Table 2 Running time of each method on 4 datasets

(A . s)

Data LPP SR AgLPP ULGE FFLGE FUFE FUGE
Coil20 0.801 0. 825 5.083 1. 404 1.511 0.814 1.339
Palm 0. 366 0. 945 0.545 0.581 0.529 0.379 0.521
Protein  25.407  25.171 7.18 6.744  6.832 25.986 6.502
SensIT ~ 478.526 480.437 8.254 9.23 9.512 502.543 7.539

F 3 KEUPTE A AEIRE B ACC
Table 3 ACC of each method on 4 datasets
AT %)

Data Baseline LPP SR AgLPP ULGE FFLGE FUFE FUGE

Coil20  56.77 68 69.76 11.1 56.9 73.21 73.4 76.47
Palm 69.71 75.6 62.9 63.55 70.46 72.27 76.86 76.84
Protein 43.4  44.1 43.99 44.03  41.55 44.11 43.99  44.22
SensIT 65.25 64.95 65.21 66.29 65.1 69. 62 68.3 64.16

F 4 BEEE4DBIRE LK NMI
Table 4 NMI of each method on 4 datasets
AT %)

Data Baseline LPP SR AgLPP ULGE FFLGE FUFE FUGE

Coil20  72.8 82.41 83.02 6.19 74.37 85.36  86.09  85.93
Palm 89.12 93.19 85.5 83.14 88.85 90.16 93.39 93.04
Protein 0.56 0.46  0.46 0.33 0.24 0.33 0. 46 0. 40
SensIT 30.13 31.07 31.08 30.28 28.21 31,99  30.52  29.68
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