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Abstract

In order to overcome the problem of edge symmetry of the K-Nearest Neighbor Graph and the lack
of connectivity of mutual K-Nearest Neighbor Graph, and the classification accuracy of local-global
consistency learning (LLGC) algorithm largely depends on the setting of control parameters a,
Unreasonable setting may result in low accuracy of a classification and inaccurate results of clus-
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tering. A semi-supervised learning classification algorithm is proposed, which combines the min-
imum and maximum neighborhood order composition method (KMM) with a kind of barebones
LLGC (BB-LLGC) algorithm with fewer parameters, that is, KMM-BB-LLGC algorithm, considering
the symmetry of the edge and the connectivity of the whole graph, simplifies the objective function
on the graph and make it independent of parameters «, was used in experiments with data sets in
UCI database. Compared with KNN-LLGC, KNN-BB-LLGC, KMM-LLGC, experiments show that the
proposed method can bring higher clustering accuracy and achieve higher classification accuracy.
It is more efficient and can realize the accurate and fast classification of samples.
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1. 518

WLAS 52 ST A O 5 ST BE , AESCHE H SREBUR S, R R SR R A AT T AN o A [1] 2
WS B2 D) R T ARG T R B — PR ARR NI RIR, 56 FIHA WSS TARSREAR2] [3] [4], AT
A7 AR B AN B ve e RiF . DAERISRONERI B 28, BEEMboR. WAk, dd
A P P S5 K R AR 25 A B A 1 B O AR A I EE b, BRI i) EDML I AN AR R [S] . 8 I K I 40 e i
Fe R R PAFAEARIARIE (0] f, B K40 BN T (R R P A BE SRR, A DARIE ISR . BEXFBA B
A, WAL KMM W, di iy 2% RN P FRdE,  H R BRS R Em K, aeIRiFE
FER R ] FEVE[6]

a7 SR B 4 Jm — Bk 2% ST S (BB-LLGC) & /E LLGC Sk dent FH M p— Mk B2 S 5k, A
AR R RIS A[7]. AT B A, R KMM-BB-LLGC Hi%, HiEfEME EaTbl
TR BT AR U AR AR B E R, B S Hb . SRR, WSGEE Y. F UCH 3
FE R R AT SE 5, IR SR I R .

2. BEAXHA

I H T PR R MR A S FE R R =PI, B e B BT IR I, 5T R
Fbre s, SRJEREAT AAR AR IME, A5 B H 7 80K

2.1. A

W KT A B — oA T B, 3 R ) ) B s s I B 1], B R R 5
HITER 5 B HRILH K ANEEERE, W X2 x 1 KIE48, WP AR — 230, TIAELE x 252 X
1 K ATAE, AIMTA] BE S BUER R RAIAXRFR . K ISR A RE S WA 2 A1 B AR, 36 B2y 2 T
FER, TG RAMERH

B K IEAR R EOR AU RS IO LA BRI 7 sGERGER, B ), x B ZTE S TT I K IE48 A 2
FAAEIL R, X2 T AR AR IS L [8]. X I BTSRRI AL, TE—MERESRIE %iE
AT, SCREORIEES IR R I AT SE L FRAL B AR o
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/N R AR A Bl (KMM) 7772 -
BN A E X
4R35 (Neighboring order), &S XA n MRS, p, gEX, p A& q E i NMEE, q & p 5|4
LBJE . Mg B p FIARIEECAE: ord (g, p) =i: M p B g FIZBEFEME: ord (p, q) =]
LBk A (neighboring order summation):
n0s(X,. %, ) =n0s(x,, X, | = ord (x,,x, | +ord (x,,x,) (1)
FELIS P B RE AR 2 1] R AR AL FE[6]
A1 % (neighboring order difference):
nod(xp,xq):nod(xq,xp):‘ord(xq,xp)—ord(xp,xq)‘ 2
FELS P B RE AR 2 (o] R0 R R EE 6],
|o| FRELNHE . &I
nos(xp,xq)+n0d(xp,xq)z2xmax{ord(xq,xp),0rd(xp,xq)} ?3)
T IXNRIEMWE T, BT SANE KNSR ORAR IR s IE
o P Hp B 00 S PR B3 RN B 8 SN Mingss 23T 22 H B 78 XN Mg W RARIEINY HERE M R8N

M = Mnos + Mnod (4)
Horbr, “+7 FORPIAFERERI TR RARIN, ik Q20 7R EE T 2. N M TR R T REME—,
KIHAZIEN:
M =M + Mg +W/max (W) ()

max (W) EE B R W AR R Ko sR, 4 T i AR 2UHAERE M, R0 R DAL iR R IE KMM B R 4D
H: P=argmind P,My

peB

st) Ry=K
i
P, =0,Y,, €120 6)

PA2RBO A 1B —AARERE, Py=0 R i Al j 2B ANED, 09 1 NIA — K0 K IR BRI BE 2 AR R
3% BRI B R ABIRBTAE FE  4{BIk 3 e 2 Jm A7) R AR R A P SEAA R ES 7 A (R AL

xi—ijxj
]

S.'[.ZWJ- =Lw; >0 (7
]

Wi = arg min,,

2

X BB R, %0 < j <KRRSHEMEIRE S, WRRKERN K PENRZEmE. DAL
IR DE, W RRBI2 M xi B x B 734 R 6]
22. MEBFIEE

AR MERZ Zhou 25 NTE 2004 IR H T —ME T FE S5 4R/ — 8 H % (LLGC). ZE 1K
T BRI R A T AR A 3 B BEAN R, B A H AR TR SUE BUE VS A R B IR e YEFE iy, SRR
HIL—E BASRARTE, HEFENEG S o (R E LEHUR, I+ BAETRSAL BRI R P SAhric FEAR
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FrRZEREE LT A, SEEEIESE], LR T 0 R fEr i TCE RIE .
LLGC HyLRyEAH
ﬁﬁX=mxHﬁﬁ%*ﬁn¢ﬁ$,C=&mﬂﬁ§%*ﬁc%,q%ﬁ%*ﬁﬁ%%%o%ﬁ

AHARIEA X AN EFFRREAIE X, = {0, 12) (%0 V2 )~ (% yi)} FIRARICRERSE X, = (X0 .} » 3
FEC, Y, = (v} ST ERR A X R Y, B BR R S Xy MK BIRREE Yoo
Stepl: I FTREA S IR T LI P RE AR HOAR ABE A W, B EHE S, b e v e

' o 2
i1

w..=e * (8)

Step2: i A%

R OB S AT R AR 40 35, 9 ELTCAT 2 A AT LAE BT 0 40 A o B e 2 S A
S PR 45 SR ORI 8 IE U U SR IR [10] 0 X CAREREAR, & BN AR S, Fon Tilbass
SECSRARARI R A, 4 Es() FURR BB RN, R SR PR S\ IE IR 77 SR (A 2 4 A (1
.

Step3: /ML HAREREL:

Bl minE()=E, (f)+E,(f) ©)
LLGC SN H Ar e H ks -
@nEU):;%;@T(n-gmf+yzgIMﬁ-mmz (10)
I HES H AR R A LA A
Fr=(1-a)(1-aS)"Y (11)
ﬁ¢,S%EM%%Eﬁ%ﬁ%ﬁ%,S:D“WUM,W:@MLW,D%ﬁﬁﬁﬁﬁ@,ﬁ%%ﬁ%%

1x eCl<i<l
0, otherwise

o G =argmax By () R TUREA R THB0 | MR, F=(F, ) RBUARRTREAIRSE.

j<c

Dw:i@T,?%anxcmﬁ@,V={ . B¥a €(0,1), FHAEHRIERE. 4

j'=1

ARANF, a X LLGC HyEIMEIR, YhE Xt E 2 M5 Bk A TR 4NE R YIGc e A, Bl
PSR B A AP IR R KRR B T S 5k 4%

&R — B I HIE(BB-LLGC): B 17 HARRE LU S48 o 52N, K4 B P REAR AR AR
I FC 5 AH AR AR B ARALL B R /MG R 25 LI 40, AR LA 7 30 S A5 3 s [ I AS 5028 N bR e R AR bR 25
HZEERRE.

BB-LLGC 5% 5E S 138 H bk ek L

min < ;)MTUwWJZ (12)

Horb N (6B ARARICAEA %" (1 K AT R EIR A . BUOER, OARCHEARIFREALE, fFFrd
VAR, DA R, ARARICFEAPR SBR R AL IR BT AR ARARICAE A, B RIFTAREARRIAL AL,

B —AN nox ¢ [MAERE F RREAMRERIFREMER, EHSR8 FL(0)5 Fu0), 2l X F Xy.
Hr, FLO)N I x ¢ BHFE, Fy(0)A(n — 1) x ¢ AERE:
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E o Lx. ec; (13)
o ec
xi'J®T XL, WHRBUE Fy (0)EF— 4T 7R AIEN 0.
A 2> 3 (14) TR AS RAR A R 2B b5 % -
f, =arg maxF,, (14)

j<c
3. H;% KMM-BB-LLGC

A STHE H K /N B R AT I A PR32 (KMIM) 5 45 /0 2 500 67 47 )= 38 4 R — 31 2 2 (BB-LLGC),  RI)
KMM-BB-LLGC #%.
TR M B 2 o SR R A AL PR R B A B e S A B 1 B bk 8, A S8 o 5200
KMM-BB-LLGC k% 0 IR -
Stepl: HEAR(6)RA I, THEFMEARRLIEIFIE KMM A
Step2: FJIEARLEITADHFE W, S48 Z A K@) KI5, JRIEAL AN 0;
Step3: 1T & KM IE MR R 87T FE S
Stepd: HRAE F (t+1) = SF (t) FEHIFEA SRR,
Step 4.1:t =0, F (0) = [FL(0); Fy(0)] ;
Step4.2:t=t+1, F (t+1)=SF({);
Step 4.3: [
FL(t) = FL(0); (15)
Step 5: F I Step 4.2 1 Step 4.3, EHF| F B — A (M F o Mk, ISP F ISLER
SE
Fy =limF, (t+1)=(1-Syy )_1 Su F(0). (16)

Horbr Syu A1 Sy =& IE MM A B F7 B AE S A iy N5 43
|:SLL SLU:|
S =
SUL SUL

Step6: A2 3 (14) TR ARAFTCAEA IR FREE -

FERURE QA 1 PR

[ IRYEACAL T, T AR FEA R AR I A EKMME] J
V
KRB I AR FE R W

v
T IE K A P 3 S A RS

\

50 &b
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HRIE F(t+ 1) = SF(Y), EHTHEA KRS, SRR PR
ZEIER

F'y =limF,(t+1)=(-S,,)"' S, F, (0)

Vi
TR EEAS ARAR AR A KRB bR

£

Figure 1. KMM-BB-LLGC algorithm flow chart
El 1. KMM-BB-LLGC &£ RI2E

4. BiES5SW
4.1, Wi

SAUAIE BT 55 /N5 AR S PR B 075 SR 3 4 S5 — B 22 51 71 KMM-BB-LLGC 72304 4347 1 (1
FRichE, AR SCR IR SR AT R AT

SEIG A F UCH HOHE4E, K0dR O T WU 38 5 2 i B A [11]. Sl R 4 NSRS, ek 1 iR,

Table 1. Dataset information

® 1 BEERFER

EVEITE S FEAR B RHIELERL el
lirs 150 4 3
lonosphere 351 34 2
Volirswel 990 10 11
Imagesegmentation 2310 19 7
4.2. KL
LI RN REAF R B AT . SRR R TR AE 52487 Windows10, A7 1 GB, KAl Matlab2016b #k
PEgfE

SRR, BN FIERICE RO, B R RS, WEX LLGC ) o Ml KMM
MK ATk, BN R RS BIE TS LN 2 Fros.

Table 2. Parameter setting
Fz2 BHREBR

Bl KNN KMM LLGC BB-LLGC
K K B @ B s
Iris 1 4 180.5 0.6 180.5 180.5
lonosphere 1 15 312.5 0.4 312.5 312.5
Volirswel 1 25 0.5 0.99 0.5 0.5
Image 1 20 512 0.99 512 512

KT SLIGFEARELE IR B OARSREARR, CABIREAS ) HIH 10%, 20%, 30%, 40%, 50%,

DOI: 10.12677/airr.2024.131010 86 PNER ST IR YN


https://doi.org/10.12677/airr.2024.131010

(NI N

60% 37 AL ESAREAHFEILEE 20 U, NBHLIRHR A A REA SR . KA 20 YO T 5 953 1
IR S BRI (AR SRR B (R 10 738 AR K IAFIIR, LR 4
K Z (ACC)RIEACH TR i i o
4.3. SEWEER

FESIHARAE IR T AR RSSO0 B RN LRI ECBI_E I 3R, 45 A 25 s Nis i
8 J% Volirswel MO AR R 5 Vb PRI T8 L 3-4 %

[
o
o

o/

—

o
v

—h— KNN-LLGC
—&— KNN-BB-LLGC
—eo—KMM-LLGC
—8— KMM-BB-LLGC

RARCREAR TS FHERTR (%)
& 38

(0]
o
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Figure 2. Iris dataset
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Figure 3. lonosphere dataset

3. lonosphere #{iE&
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Figure 4. Volirswel dataset
4. Volirswel iB&E
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Figure 5. Image segmentation dataset
5. Image segmentation #{3E&

Table 3. IriS data set

5= 3. Iris BUIBRE
Fric t
GG S 10% 20% 30% 40% 50% 60%
LA ]
KNN-LLGC 2.3622 2.3175 2.2936 2.1462 1.9732 1.9621
KNN-BB-LLGC 1.8335 1.7856 1.7823 1.6746 1.6731 1.6714
KMM-LLGC 3.8466 3.6308 3.3543 3.3109 3.0874 3.0311
KMM-BB-LLGC 2.4952 2.3814 2.3309 2.2331 2.1423 1.9868

Table 4. Volirswel datase
= 4. Volirswel BIEE

FRic Ee il
Bk 10% 20% 30% 40% 50% 60%
AR ]
KNN-LLGC 4.6835 4.2875 4.0936 4,0521 3.824 3.6650
KNN-BB-LLGC 3.8335 3.3824 2.9863 2.6746 2.5798 2.4684
KMM-LLGC 6.3378 6.2384 6.0914 5.8769 5.6865 5.5302
KMM-BB-LLGC 4.7924 4.3906 4.3418 4.2432 4.1024 3.7543
5. &R

51 NXERBNAES

(1) Bk EXFTRR KRB, AhnC B g < 40%W), BEE A PR ICREA EL ] i R bR id AR A
M R A R LA, 2R A PREEEE N, a2 n EERE TR

(2) UFRickEABE DI, KNN-LLGC 5 KMM-LLGC %3 /% KNN-BB-LLGC 5 KMM-BB-LLGC
FHECHER R Z IR M bRic IREA SRS KA, KNN-LLGC 5 KMM-LLGC #1.#%: 5 KNN-BB-LLGC 5
KMM-BB-LLGC i3 2 18] () 22 S22 Wi/ . 36T KMM R B 7 VA BT KNN R B 5 9043 2R U
ORI, JCHAE RAG IR A Bds it s th 5 s it fe kv R

(3) it RAEHIEYEEIE ] 34 1) lonosphere £ # A4 /2 A #0142 2310 1Y) Image segmentation %X
PigE b, KMM-BB-LLGC HiESR M B R s, WA Sui E % KMM-BB-LLGC 14 2516
B, IR R
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5.2. WsESE) EBEE

(1) L8, EF—HIEE . AR E S I REM AT, AR E 7 RIS A [E .
KNN-LLGC < KMM-LLGC, KNN-BB-LLGC < KMM-BB-LLGC. JF K& 7E-EH KMM A K i 2 o i
BRI = AHEFE Mioss Mugg X @5 HZEFET KMM B 75500 43 U R 50 i

(2 F—#4E5E, ETRMYEITERNSM T, KNN-LLGC > KNN-BB-LLGC, KMM-LLGC >
KMM-BBB-LLGC, [/ BB-LLGC il ARG FEA B A EbRREAL i 2 i PR AR, DRI L 73 R e
R TAEYE LLGC B Sl ik

(3) WU, KNN-BB-LLGC Sy kAR [ ek, & BT RN 7 Z 1 — AN s A o S
b, OFRCFEAR AR AL FE P AZE; KMM-BB-LLGC #%:5 KNN-LLGC Sy ik AR [A] A 2
IR/, (HEIRILH SE S R 2, LA & G IR0 1T DUAS 3 5 3 AR AN AR E I 7 880k

6. &it

WEFAE ] KMM R, 85 T R A K AR S B K AR RS B A2, JE i @ s e ) i
FEA R A0, KRN T BB-LLGC Bk, Nl szZ4 o BN, ERSZEL I H A% ek HOH 808
FAIIAR AR R AR, AT DU SR B SRR, B TR 1 A IR [12] [13]. EAREET KMM 4 14
T — SURSIGE R, AHR XS FEAR M A RHE R AR B 4T, JF H BB-LLGC thf%4t LLGC YNSRIk,
HERR AR 5, 1 456 1 KMM-BB-LLGC 532 — P 2 BB o 2R . F — 30 ARk &5
T EE g G Kb, B HLE RN, R SR RS B RDEEE BT 2, deEmniE R
(7> B [14] [15].
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