£47%5 F28 it B M I E 202142
Vol.47  No.2 Computer Engineering February 2021

AT EgSEIEA- T EH S 1000-3428(2021)02-0077-07 SRR A HE 42 TP18

ZANHTEREEERENLGCHHEERZIFEML
ETw,E W fT m

(KRB 2 K BT 24 B, K HEE 300222)

i OE: ATEMRES 2R M QLGC)N: W 2= > 7 ik A B bR i E a3 (E I 1) 52 2% B ey, A LAGE
THHE A A K SE PR 5t i /NETR A A 38— Fh & R — Sk Ak vk ol P el Js i) 4% 5 0 {0
AT AR H D EIHE 4 P 0 18 8 22 ot 8, DUREAS ot s R 0 AT JR SR 28 I DA O s50h T A A A
L SE LT LGC 2 W 24 ) s g5 I L M B4k J5 19 LGC 5k 7E D31, Aggregation Z8 5 4 I HA &4 1
CRRPE AR BRI IE R S AT B ] AR A

KGR o MBS o) % R R RIS T B T ik bR A i 5 R

Fig R F (FRAR S ) #7558 (0SID) :

e
RS AR IS R (T . 4G O B R (RS 1 LGE 2 W 2 o) TR AR [T ] AL TR, 2021/,4762) -
77-83,89.
FE 5| F# 3 : XUE Zihan, PAN Di, HE Li. Optimization/of LGC semi-supervised learning method/combined with
improved density peaks clustering[ J].Computer.Engineering,2021,47(2) : 77-83,89.

Optimization of LGC Semi=Supervised Learning Method Combined with
Improved.Density Peaks Clustering

XUE Zihan,PAN Di,HE Li

(College of Science and Technology , Tianjin University of Finance and Economies, Tianjin 300222, China)

[ Abstract] The graph-based semi-supervised learning method with Localrand'Global Consistency (LGC) has excellent
performance in labéling ‘accuracy, but has a high time compleXity and is difficult to apply to practical large-scale
applications. To4solve/the problem, this paper proposes an LGC optimization method by reducing the size of the graph.
This method uses the improved Density Peaks Clustering (DPC) algorithm, and iteratively selects multiple center points
from the data set. Then local clustering is performed by taking each/center point as the cluster center, and the center
points are used as vertexes to construct a graph to perform”LGC-based semi-supervised learning. Experimental results
show that the optimized LGC method has good robustness on D31, Aggregation and other data sets, and has obvious
advantages in label accuracy and algorithm execution\time.
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Fig.2 Effect of dataset size on algorithm performance
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Table 4 Comparison of running time results s
(IR7S D31 S2 Aggregation Flame
IDPC-LGC 13.97 21.36 1.09 0.24
LGC 70.62 83.39 1.18 0.12
BB-LGC 20.91 60.76 0.56 0.10
improved-LGC 23.29 63.16 0.54 0.23
LGC-(/,,K) 97.67 83.15 3.26 1.68
KNN 0.02 0.03 0.01 0.01
EEKNN 7.62 4.21 0.23 0.10
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Table 2 Parameter settings
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Flame 0.01 1 92
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Table 3 Comparisonflabeling accuracy results %

Ak D31 S2 Aggregation Flame
IDPC-LGC 95.58 96.94 99.49 99.16
LGC 95.00 93.46 98.85 85.83
BB-LGC 96.35 91.60 99.36 92.91
improved-LGC 94.03 91.04 98.73 91.66
LGC-(/,,K) 97.67 96.98 93.90 83.75
KNN 67.70 89.34 91.23 84.58
EEKNN 76.72 84.04 93.90 81.30
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Fig.4 Effect of K value on IDPC-LGCperformance
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