wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEBEHEENNE TR T EHRR
Wk, EXE BANE

5IAEX

WX, T1ME, BXE. BEENBEENNEERETEARI]. TENRE 2024, 51(11A):
240100054-7.

YANG Xing, WANG Shitong, HU Wenjun. Study on Linear Projection Method for Local Structure
Adaptation [J]. Computer Science, 2024, 51(11A): 240100054-7.

BUXEEE (SERXIME IE JIREREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)
BiEMEN F A B Wi FiEEE

Adaptive Fingerprint Subspace Matching WiFi Location Algorithm

HEHEE, 2024, 51(11A): 231000172-6. https://doi.org/10.11896/jsjkx.231000172

ETESETRNEIRE R W IR 5 R IRE
Grading Model for Diabetic Retinopathy Based on Graph Convolutional Network
HEHEE, 2024, 51(11A): 231000042-5. https://doi.org/10.11896/jsjkx.231000042

ETSESHESHERER SN B ERS 7%

Automatic Sleep Staging Based on Multimodal Data and Fusion Deep Network

HENRIE, 2024, 51(11A): 231100160-6. https://doi.org/10.11896/jsjkx.231100160

ETXREREENNAORBEE
ORB Algorithm Based on Key Point Density Optimization
HEHEE, 2024, 51(11A): 240300048-5. https://doi.org/10.11896/jsjkx.240300048

E T Ber tBENRENEL A SHTTE
Online Log Parsing Method Based on Bert and Adaptive Clustering

HEMEEE, 2024, 51(11): 65-72. https://doi.org/10.11896/jsjkx.23090016 1


https://www.jsjkx.com/CN/10.11896/jsjkx.240100054
https://www.jsjkx.com/EN/10.11896/jsjkx.240100054
https://www.jsjkx.com/CN/10.11896/jsjkx.231000172
https://doi.org/10.11896/jsjkx.231000172
https://www.jsjkx.com/CN/10.11896/jsjkx.231000042
https://doi.org/10.11896/jsjkx.231000042
https://www.jsjkx.com/CN/10.11896/jsjkx.231100160
https://doi.org/10.11896/jsjkx.231100160
https://www.jsjkx.com/CN/10.11896/jsjkx.240300048
https://doi.org/10.11896/jsjkx.240300048
https://www.jsjkx.com/CN/10.11896/jsjkx.230900161
https://doi.org/10.11896/jsjkx.230900161

http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 240100054

Sy THHF

BER G BEM R &R & TR R

Bwm X% ExRER? HXE

L#MMFEFfE e TEFR T #M 313000

PTEAFALIERGHTENFER TH L4 214122

SHITHARRL R FELEEEHENAFZXERLLHLE T #M 313000
(zzhszzx@163. com)

O E OABFINECRATRFR MR IRKIE T R JUATE 8, T By 36 4 Ml AR T A R T e R4s S
ATEN X EAERREMARTEN AL ENBEREREA R, A 4R RE—FHREHMAERGELE
BHhik, BAFEUBSET . —F B . CRINEBBY SN RELAFTRBSETN PG HHREN; 5 —F @, @dKET 0 EF
PAHGGEER PG HANEN, FAIHRERFTXEARFEMNOOEL, AZHBELE LW RREREAN IR FT FLEELEAR
AR AR B T Aty ik,

XBR.ANFI HFEMERE AEN ; ABRY

FESES TP391
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Abstract  The core of manifold learning lies in capturing hidden geometric information within data by preserving local struc-
tures,which are typically assessed using redundant or noisy raw data. This implies that local structures are unreliable.giving rise
to issues of insufficient confidence in local structures. To address this issue,a locally adaptive linear projection method is pro-
posed. The essence of this method lies in two aspects:firstly.it enforces that the low-dimensional representation obtained through
linear projection preserves local structures in the high-dimensional space;secondly,it updates the local structures in the high-di-
mensional space through the low-dimensional representation and achieves local structure adaptation through iterative cycles. Ex-
perimental results on real datasets demonstrate that the proposed method outperforms other comparative methods across various

performance metrics.

Keywords Manifold learning, Local structure,Confidence, Adaptive, Linear projection
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\ B I‘\ s
E 1 CMU PIE A% i 4 K2 Yale B ARG SR 4
Fig.1 CMU PIE face dataset Fig. 2 Yale B face dataset
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Comparison of experimental results of different classification algorithms

ISOMAP

NPE

LSALP

#3
Table 3
BIEE All-Feature LPP PCA
CMU PIE 84.61£0.14 90.58£0.08(300) 86.94+£0.09(200)
Yale B 65.10+0.07 93.24+0.03(100) 61.04+0.16(500)
Sonar 67.38+1.05 72.22+0.79(10) 70.26=+2.09(10)
Vowel 65.21£0.67 64.26+0.53(6) 66.23+0.24(6)
Australian 69.60+£0.25 80.49+0.13(12) 70.25+0.56(12)

84.0540.07(500)

59.48+0.07(500)
69.68£0.81(30)
65.48£0.27(4)
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81.43+0.07(200)
72.53£0.73(20)
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Table 4 Comparison of macro-F1 mean values of different algorithms

AR & All-Feature LPP PCA ISOMAP NPE LSALP
CMU PIE 0.8305 0.9310(300) 0.8722(200) 0.8982(500) 0.9494(200) 0.9671(200)

Yale B 0.6435 0.9346(100) 0.6618(500) 0.6829(500) 0.8186(200) 0.9479(400)

Sonar 0.6538 0.7004(10) 0.6891(10) 0.6733(30) 0.7080(10) 0.7932(30)

Vowel 0.6324 0.6433(6) 0.6485(6) 0.6308(4) 0.6322(8) 0.6675(6)
Australian 0.6819 0.7947(12) 0.6847(12) 0.6888(10) 0.8359(12) 0.8527(12)
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