SN
>
i

2 M8 K ¥

LANZHOU UNIVERSITY OF FINANCE AND ECONOMICS

Ml 4+ &5 T e X

WX E _FiEgmER Self-training 4 RBE LR 5T

17/ A SO ¢ Z UK
iR 2 VLG RN AV ¢ % CPHER

=N NI A i BEMZETHE
ﬁﬁ ?E jj ]-':L‘J . %:@\ %EE%:@\%%
R & H R 20234 5 H 20 H




N2 =2 VA9 BRI Self-training 70 REEAT R

TGl 7= B

AN W BT A R SO A NAE T IT$E T N #EAT I 0 70 AT & AT 1k
FORRA . REFAL BR 1 SCHREAIN CARRIE IS0 1935 41, e S ot
NCZ R R BTSSR o 53— R AR [R]ESS A 50 B 0 A ] Dk
B EAEWRSCRAE T B O R T

AR AEE B4 7#\ 7 2 H AR 2023 4E 5 H 20 H
SN 4 M e HAH: 2023 4E 5 H 20 H

R TR R AU i

RNFEE T AR TR A SO S e, _ AR (E#
“FRIE” T CARE”) PUN I

LA BUOR B AR SR S BV AR, SO VR SR A B RIS T, 7T AR
SZENL AREN BRI S B T BRAE . IL9 00183

2. SR AS NI AL IR SR A IR RS “ A E AT Otfihso
ToREAL” T HRMGEA CNKI (b B RR BHEURZE) s A [RS8 7, 1%
FEAS AR S AR EER 7 A

AL AEEH A 7#\ 7 e H: 2023 4E 5 H 20 H

FIMZE4 %%@ B HM: 2023 45 A 20 H




N2 =2 VA9 BRI Self-training 70 REEAT R

Research on Self-training classification algorithm

with data editing

Candidate : Bing Li

Supervisor: Feiping Nie



Y =N e el VA HARIRAE Self-training 4328 VB 51

=

B AL R T IR IR, BURSERIRTEORIER, S U D BAUR A AR,
TR PR b BN LR 755 57 o B8 23 L T DS P A B A R A K
TAREREAMAT ¥ 2T 0 I IGRAE g —Fh 22 f e W 23 STRE R BN T R S 0 2
o AEL VIR ST Pl AR T 70 LA R A SR, R R e — B
H I 7 AN 2 R B M R 1) 43 2SR B D9 1 A TR o (g e 7
FRICHEA, BRTUN BB T VR T O g - B Bk, IR K 2 S
ARSI 2 A P AR B T SR AR B RS, HL I 2% I AME T O(n?) , A&

FT RS A B £

Zi ERTR, BUA IR B BUIGRENEEAE A A — R IUA 1 B IZRAE
TE I 3 vo B A5 FEAE AR R BT S5 2 S0 W P R A (1 b 39 L ) 52 0 B vy, — R R
TEmERE 4R R85 MR FE I, BRI AR, AR T AN E.

. PR PR EREER > g ) B Self-training 575 (EBSA). EBSA
W BAE AR R 2 Fe e XN G X3, 7ESRBLAl B3R T BRAE R A g %, H
SKARUA R DSk A (R TCRE AR 5, X HO AT g, $RTE T B R AR ik
HUF . EBSA TERRGER A TR THEFEAR fU S BRIE OIS, TR/, #
FEH, SEEGZE K], SXTELEVEMILL, EBSA HARUSATHEER HIETE T
EERE

T B T IR A0SR 4E Self-training 5275 MDSF. MDSF {# F AS B4
JERTNET AR Z A EEEY, JFE 7P THE R R, BEM A Al o1 &
B, FESRIEA BRI T G T A0 gm R S A B AT i, BT T R B SR
AR I U 5 o BRI A A P A AR AL B2 52 75325, it ATE i R0 4R T SR R A dF
KELIEEREY], SREEMEL, MDSF 78 & 4E 54 E v aem] S T-xt
A A7

KB LUE Self-training HiEgmiE 02851k



N2 =2 VA9 BRI Self-training 70 REEAT R

Abstract

With the development of social economy, the scale of datasets is
becoming larger and larger, with only a small amount of data labeled, and
data annotation is time-consuming and expensive. Semi-supervised
classification algorithms can use a small number of labeled samples and a
large number of unlabeled samples for learning. Self-training, as a classic
semi-supervised learning framework, has become a research hotspot, but
the performance of the self-training algorithm mainly depends on the
selection of high confidence sample points. Once noise samples appear in
the iterative process, the classification performance of the algorithm will
be greatly affected. In order to deal with noise or mislabeled samples in
data, researchers have proposed many semi-supervised classification
algorithms based on data editing. However, self-training algorithms often
use Euclidean distance to calculate the distance between samples, and the
time complexity of most editing algorithms is no less than o(nz) and are
unsuitable for large-scale high-dimensional datasets.

In summary, existing semi-supervised self-training algorithms have
two problems: firstly, they lack the processing of noisy samples and have
high time complexity when selecting high-confidence sample points.
Secondly, Euclidean distance is prone to dimensional curse on

high-dimensional datasets. In response to these two problems, this paper
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proposes two algorithms.

(1) A semi-supervised self-training algorithm (EBSA) for fast
ball cluster partitioning and editing is proposed. EBSA divides the dataset
into stable regions and controversial regions. Based on this, a ball cluster
partitioning and editing algorithm is proposed to identify and edit
mislabeled sample points in stable regions, improving the quality of
sample selection with high confidence. In each iteration, EBSA only
needs to calculate the distance between the sample point and the center of
the ball cluster, which requires less computation and is fast. Experimental
results show that compared with the comparison algorithm, the EBSA
algorithm not only runs faster but also improves the performance of the
algorithm.

(2) A block estimation nearest neighbor editing self-training
algorithm (MDSF) is proposed. MDSF uses a dissimilarity metric method
to calculate the distance between samples, and defines a block estimation
neighborhood relationship. Then, it constructs a block estimation
neighborhood graph. Based on this, it proposes a block estimation
neighborhood editing algorithm to edit the data, improving the quality of
selecting high-confidence samples. The algorithm performs better on
high-dimensional datasets because of the use of similarity measures. A
large number of experimental results show that compared with similar

algorithms, MDSF performs significantly better on high-dimensional
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datasets than the comparison algorithm.

Keywords : Semi-supervision; Self-training; Data editing; Classification

algorithm
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1.1 EREAR

BEERHERAR AW KR, B TR, o, REER AR 2k .
A WE R HERERAREEE, SRR 2 H R R 28 A8 AR 2 1) BAR &
G, A SRS IR AR, BEE RERIHARIBR, JAFHEE 1) bR A
RO —EARRER S . N T R MR R RE R, 20 A 70 EAR, HIEL Y
B Y B AR H T E U4k (Self-training) 0T R 2 5] Y
(Transductive Learning). £ a7 ' (Generative Model) &5 W58 2 51 07k, Eok,
LT P F 4™ (Co-Training) F1 % 5 3¢ £ 1) & HL " (Transductive Support Vector
Machine, TSVM)&HiJ7%. el R, Ko B EH A D EBIRARE, X4
MBI T RAFR S I 5t e B 2 [ I FH A 25 s 0 TG b 2 B 11 5
REAY, ] RAFR 43 ) FH TE bR A8 M o5 2 ) R O 1 e

B I Tz B T SO Y, BRSEE T, AR AR R R, R
2 ST AL LAGY e M Ay e e S B ] ) A B R, A B B4R K
B A 20T DUR ) JeAR B I RS B, A bR BB I 2500 25388, ARy
AR LEAUE A PRBE N ZRI 73 2R 28 54T, W IRAME AR BARFEAR A L, DR A S itk
LR SN2 o 2 B SR R ) AR R el ) F S (5 B LA EE B AR 5 TORR 2 RE AR
Ry AE . B I 505 2 MR AEAL G SRR AR IEAL Bl NIRBHME BR TR, FETA
[ PR SR B AT LR L e A ) e e B SRR v o 2 B el VA Ry ) S AR R 5
TR () TEAR A A ik I B 2 21 i v B VIR A3 BIMEBESEAR I (B8 2% . IR 7
RGBT U [F I 2R (G2 ) 24 e B el DR R BE T 2 e B TR U R 2 o e
Be A S ) FEAR R AE R B TeAR R O RE A 5L N> B AR IREAS, R I BHE B4R
B AR AR AE S o, TR DR s ) A PE AT A5 R o R P ) B A L B PT A
FEREBI RS, W] LU BT 2RE R, U Hp N n B EE, FENEE
BB YA R T BRI BT O AR AT

WA 1. Bl (Self-training) /& — Fft & F 1A 2 M B 2% X Bk P HE 4
Self-training i I HIA PR E I N — 02648, ARG 7 K880 Tohn 8 Bt #E 47
G, MNP B R A R O bR 2 I e AR 2 B 4, i ARIZR B 245 3
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MALJE 73268 . BIIGRIEAR KRR B BT BAG R AR ik 38, — U B
JEREA S P AL SRR RS, RIS R P X R R R 2 — BEARAE, AT BRI Y )
VERE. DAL, fEJET Self-training O 5H0I% b A {a] 126 B ey BLAS B2 il B G L AL

@ 2. BLA LM E % E %k STDP-DE®(A self-training semi-supervised
classification algorithm based on density peaks of data and differential evolution), SNNRCE"”
(Semi-supervised learning based on nearest neighbor rule and cut edges), ENaN'"
(Adaptive edited natural neighbor algorithm), ELS"™ (A Fast Parameter-Free Edition
Algorithm With Natural Neighbors-Based Local Sets for k Nearest Neighbor), STDPNF"*"
(A self-training method based on density peaks and an extended parameter-free local noise
filter for k nearest neighbor), STSFCM"” (Using clustering analysis to improve
semi-supervised classification) 1 MLSTE"" (Semi-supervised multi-label image
classification based on nearest neighbor editing) 31 F KR 2CRE 2 iH HAEAR Z [RIEE B, RS
PR AR AR AE 7S () B ROR I, BAE e SR Bl “4EREIH . SDTCY
(Semi-supervised self-training for decision tree classifiers) f&f F & FQER B 11 AL A 2 7] #R
B, SRS RAERI T 2R, SGIEEAALE, RIS &R 7 s &Ry
Y2 MR R, H5REETHEASIE . B, oS e 48 e A 1w 1)
PR ST B I ZRENETE RE R R 5T

1.2 #FEIR

AL EBEH A PR, RS TEGR T 2RO, TR
Jrid, AEREUNEMAGATTE, AN, ARSCRGES 7T IR R B R, IR
AR T 2B B IR PRI TR BUIR -

1.2.1 3B HSAEE

HTFZRH 54 : Miryam Elizabeth 25 N @45 7 29 R B 7 s A 50925
JF £ KEEL #t#E FER) 95 DA 4 & Lt ir 7k, sSEmERW,
BRM " (Bagging-RandomMiner) 7 2528 41 Lt T~ HoAth 28 Ry HA B 4F Ak RE. 0530
7745 : Andrea Cappozzo % N\ T —Fh B 3&E M H7 4 H AL AMDA (adaptive mixture
discriminant analysis), AMDA J& T8 Az i 7y 2548, 1l DAE— 4 ehn B4 & PRl 20
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PREERIREA ISR, A6 iR S A 2 e g B B Btk . A EUTE A : ENDO
Yasunori 25 N2 4 T AT FCM(fuzzy c-means clustering) 5825 12 Wi 43 2K B0k
SSFCM(Semi-Supervised Fuzzy c-Means Clustering) 1 ESFCM(semi-supervised entropy
regularized fuzzy c-means clustering), SSFCM 0] LB | V2 I A T 2 Fifdis, A4
FCM S5 N R i

BT g 2 W B 5] B9 248 ) k-Nearest Neighbor k36 & . Feiping Nie 2%
TR R R 30 P 2 M B ST ALGSSL(A Semi-supervised Learning
Algorithm via Adaptive Laplacian Graph), ALGSSL 143 i 24 41 P 5 B A i 1, ifi AN
e FEAE VG E, FRAS T B B A b H T ORI A % P B AR AR 3 PR 5
Wiy, R E A S HOR B A R AR T IE, $2TF T HVATERE . Junliang Ma 5 N HEH
T B Rk S SR RN 4 Ry 45 A A UL I I AT RE A 25 A% B B 7% FLGSS(Semi-Supervised
Classification With Graph Structure Similarity and Extended Label Propagation), FLGSS &
R A KNN RERTaa 254 I, SR R AS [ R T 5325 S B 4 JR) A Ry FARFALE A /2
TR S, R SRR TS &, B9 1 HeR A Rk

1.2.2 BETFREFINFEERE

I AR R B 2 20 T g Tt 2 W B B AT T — BB 7T . SCHR (53142 T
— b R A 2] W 2 BORIE RN RS, 12 A T DASE A FH TG bR 2 A i
So R P ARAE B TR AT F R RHEE S AL E O, B35 4R & T OGRS W i HEAf
B

SCHR[72] 32 T Rt 2 S HESE MetaGAN, MetaGAN i 51 A DIAE 55 46 1F
PRI A s A Y X 43 B S B AN O B 1B 7). MetaGAN ] DAYE R A /b
BRI oy A A 2] v A S BTE M USRI A, @I

SCHRL60] 52 H 7 —Fhke T B 1) I B AUHESE, ZHESELE & k AR 48 ER R AR 4L
o 25 (FREAE, AR5 A FH AR R 2 RVl O G R R 8 T 1 — 8 MG R A R, f
JE R AR R R EAT VAL A B, 12 B AT DL AR DR AR AR R A 1D 1 8

1.2.3 $MEEINGEZE

AR IUE I B BN GRENEREAT TOEIL, B4 T HREIERTT LR £5°45

3



SN 2 RS A R S ARG Self-training 7R EIEHA

PR TR R AR AN V)3 ) B I 2R 5L SNNRCE(Self-training Nearest Neighbor
Rule using Cut Edges ), SNNRCE 2T St &0 A0 U A4 g2 A 0 Ui 483k 1, Hh 50144
H ., EFRA VLR m AR RS, 8 DI E IR ) B — R i e A B i DLt
GFetbemim o DARTA I ZRRE A DY Rt Dy BN TO AR5 IR A AR X SRR, R JE )34
R BK B 7] — R AR IO 2 FEAR BT AR S A ZRAEARSE , XHhRiC R
IARBEREAT GRS, AR5 T B SRR BEAT IS E 295 B A0 70 254 . SNNRCE 1EJ%
WRETTHEA R, R e e IR I B . /£ SNNRCE 7p K58 —
A, AR ST RRNAREA A 22K B, FIa6H B0 KR Z T iR
B IRNGRR 7 RIRZE . XN KR A T, Py R0 B /INES R AT BAosl b J5 22k AX
PR R R, TR = 2Rk BE
PEESE N RE T 2% A4S RS TE MLSTE(Multi-Label Self-training
with Editing), MLSTE %5454 ENN (Edited Nearest Neighbors) #dE 2wt A, @il
AR S k DAL B AR ARV FEA S 2 B A A R EEE . MLSTE 5ik24
Xof 2 B 22 AR RS 43 S i) T e vk AR, T DAHT R R0 R 2 R B S S B R AR 5T
ML-KNN (Multi-Label-k-Nearest Neighbor, £ #4525 k-Nearest) & —ff LA REK MR T
KNN 2 Fr% 0 2855, BT ML-KNN ANELRE 108 4 S FSE gmdR, DR ade o) 25040
BEREAT TR, DA A O S P B ) RS B RIF RO . RSN
P T T RIS AR B ZR5H: STOPF(Self-training method based on an optimum
path forest), STOPF 7E#&AN ¥4 45 i) OPFIL1322(Optimum-path forest) sk & BURFE S
(] (1) 25 AL RN 53 ATT, R i ) FH ARRALE 225 (8] P 85 0 R 23 A A A A A 1 vy B4 B2 ) T 28
BB T AREE, Fbric 5 B8R s e A b2 Bl e, AR ZRE RS B 5 173
Feds. STOPF GfE=AFZDIR, DR NMEIRE LG OPF, DIE/RIFIES
[ G5 R Ao AT o 55 28, M HARRAIE 225 1) FR) 2385 ) R 2 A SR 5 By 1 N RT3 25 To b 28 1Y
FEA . ARG RS IMBEA AR . 7ES8 =00, AT RAH 37 )G R A AR 8
VNGB B 6% . 5 UARTISRIEA L, STOPF I EEfLmifg: STOPF AN #
FEATHI 7 € LHIZ 8 STOPF /] LLINZRA R B 7 28 8, TANE B SC T Hl g 70 A A
FEARBIE B 5 DLRT A STk A L, STOPF 8% B AR 4450 I B S5 b 250 3 hn B
STOPF AT EMEEEE, RENIGAREEE AR € % H H2E#%, STOPF 1
1 B R AR S B R ERe, (RO I FEALE BR AR B A R A AR B AR

STOPF X H T 3 A NGE . 124 UCH Fidi4ER 3 N IEA2K2%, 855 3NN, SVM
4

> éj\gfpé
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A Cart. sKIa 45 FiH MR, STOPF HILTESE R 3NN SVM I Cart 1247y 2451
Gy NG FETT T L CLRT I SR A 2. AESEgR T, IBTHe AR EEE AR A LU B i
IR o A R REA 1) 2 LU BUAICH . STOPF 38 L HAB Sk s s AR TR &
KRS PR LLE H, STOPF SUEARXFEI o X2 FONTEM)IE OPF I, AEEARS
LTS FEA R P B PR R, 2 — SRR 0 R B B AL (R R AR AN A% 5
JEAEPY, X RO AR AS s BTSN 1 I [R) B2 2% 2 - STOPF BLiA R — 4445 ii:  STOPF
SVER] AE AN [EER AR AR 0 A GO0 RS — M i 70 2848% . BLAh, B 73R4
SRS HSL, STOPF BIEAE AL SNk #%.

SN R T — Pl R A P W N 22 ALY Self-training S B 2R
72: STDP-DE(A Self-training Semi-Supervised Classification Algorithm Based on Density
Peaks of Data and Differential Evolution), STDP-DE F| [ 243 #:4L ' gr#EA14k Self-training
R P ERBEIEE “ LA B R A7 TR EBIE R R IR, KRS BB
B EREA . STDP-DE 1 2 F % B U4 H 25 5% DPC™ (Density peak clustering)
RIVKAR A 2 (M 454, SR 7E STDP™(Self-training semi-supervised classification based
on density peaks of data) & iEHESE F R H 2 43 i Ak Self-training 1A% Hh A bR E08 (1
“CEANT R R AN TR EAR B YA, A S R RS I A AR A
P IATEACNZR, /RIS R 2E 4.

Jafar Tanha 25 NP2 0 7 —Fh ik SR Self-training %072 SDTC(Semi-supervised
Self-training for decision tree classifiers), SDTC FI| F 57 K28 5 b B 40 N IE. it
Wi, SRJEM A Mahalanobis 55" THE A TCRRSFEAR S 1E, 51T REA S5 E 1 PR 2
Py q, Kw=|p—qfERPEARTEL AT p% D BRI A B E A, Tl
VS N T R 28 M ik 2 W B 4 28 Self-training 7% STSFCM(Using
clustering analysis to improve semi-supervised classification) , STSFCM % 7%
SSFCM(semi-supervised fuzzy c-means)5.3%" " F1 SVM'™*(Support Vector Machine)it47
Gh4y, TR PP B o HESE, BRI SSFCM I J50 4 45 1 2 [ 45 R F o3 AT
FARAH] SVM WA b2 REAR BT I ZRAT 20106 70 2K4%, 2R FIH SSFCM 1545
FEANTOARREAE AR AN [ 00 B SR J B2, ok 30 v BUA A v SR P I RE AR A IR0 4 70 2K
ARBEATAr S, K AT EAE B TR A S AR A TS BT AR A A S, BB AT
TobR B AR AR, IR FEAR S ARG BN JS (150 2548 o Livieris 55 A4
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BT —Mashii Al gk R F L AAST (Auto-Adjustable  Self-training
Semi-Supervised Algorithm), AAST HIZ44 B A I 73 AN 73 Feds i, 043 248t
R — AN AT BN, ARG R 2R AR b o R R BRI A e, VERERR I
FE B 5 1) P A TR B R AT AR A0, AR AR BRI 2 170 2888 . AAST (1)
— AN AR R, LA AN R A S SR 2 S B R 2= 2 A, JF BBl
e HAT 5 m P BR 1) 3 SR A E N B S K 7028 8 o AR, BT th I SR A R F ot
AR T ZH K ME. FEESE K ARG, £y REBERHl 2 5 R TR 254
P R BREE EE ARt 0, Rtk TR AR TR A R E I

Junnan Li % AR T — B R T AR A0 S A AR 4R R ISR B T AE 4R
BoostSTIG, BoostSTIG 141 1 — i 2L T~ H SR <0 J& SE4 A ) boosting H I ZRHEZE,
B AEME TR RGBT iR AR S R 0 R, B 5 K2 HONA ISR B Il 20T
154 . 7 BoostSTIG H, boosting 777k ] DL L £ & H 11 kit F2 A 1 TDAS 152 ok 35 Bh
WA B BN TTVEM B> R PR . A T8 boosting 77 ¥25@ HI T~ SSL, 42t 17—
HA BRBJE BB £ R IGNaN SKRIBUR BTG bRic 4 . 8%, BoostSTIG A5y 4
AR (1) S BA B IRARE S AE B AR SR AE BB AR ICRE A IR R aahr i 2k
(2> boosting 775 T B B NG TTENGRE E 3 K48 . thoh, S g IlgIrik
R BRC IR R AR VL T AR, BoostSTIG i Fl H SRAR B £ R bR 2 RE A bR 2
K RERBREARLE, SRR 5N 2588, A RS0 T AR A
ARIC I L o

N. Piroonsup % A4t 721 W B B VISR B0 AR B 7%, A 2 I B BFRR 4
PR B B 78 7 R BT B ISR o e aePERe, FRHE H L RIARIC AR A bR id X 5 A it
HHREARCHITVE . N TR BdE oA, N 77 B R EE . G T
R AH S AL B ORISR B 23 PR, BISR BN AR FIAR IC A% o o) 1 1 2H 450408 1 0 B,
AN BIUER I W) BAR T AR 10 BRI HEma M .y T s B o 2R e i, $R T
PRI ITIERIGINAR RN SR bR e B B R . 55— Fh o522 B 323 27 ST HOR 1 E 8 bs
0o EbMC T EREAR MBS P E B ER R REAEREMEIE, R NATIES
PR T AR o A 32 B ok SO bR e B £ T DA EE I ks 10 S8 i A D s A1
AR 0 SR A AR 2B B D0 LA B i I G20 28 PR I AR o 3 SRS A
TEHUHE LU 3G b e R 2 b (bR 2 25040 B e S R i SRS B, MR R SRR ) 0 e
HARFEATAR G, X SRR R R R AR . 25 RERY], H 3 3hhmd SuE I bRic 2
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AL RS m VR E R ntERe. B2, Eabrid R ERAN TR risdE. AT
TOOX — PR, R 7 AT, RIBEFEARIC. SERIARCIVEN A R 7 2845 K H
PR IC AR R PRk E s . 5T ahnic AR, FEFEPRCAE S ST Il g3t 02k
ax s IR TARIC AR RN SRR A . v TSR R 502838, BEFE 1 Ny SR,
BT est 4K =HT4R. MM SCREAENL. R MBEILARI, LLPPAL - E 2
NG LR A PR i o 8 P AR AR C 250908 P 2 M B 20 SIS PR A AR A 2R AR T (U4 A D Hb i
BB 25, BUIZRAER LR T 2 i T A i Bl A 2 ARG B . B
PUARM IS 2l 0 B RARZE BN RO iR T S I 75 1%, BEBLARMR I SE R AR 10 RE RS 4 v A A
W HE A R TR B I 2R K5 B vERe, ddad B 5 BENLARAK IR & R ic /R Jy Ak 21
A BRBUEPRIC R BIE LR, T AR o B SRR HER 28 . E UCI A1 Thai ST EIE %
PR L R E SRR S 1A P ic B B A 2 = PR BB B IR B R P e

Junnan Li 25 AN PUHE T — R 0 A 1 B ISR B SVERESE LCSSC(AN
effective framework based on local cores for self-labeled semi-supervised classification),
LCSSC i T a0 " i AR NGE IR R A AR S B R A L B G, wT UL T
REFR BRI B A E BRI E s . LCSSC A I ff 7 i i EF k S (SSKMS) REEEHE
AN TCHRZEAIAT PR B EE S8 5 10K i Jo s 25 SR 2R I 5O AR ML TCHR 2R A U
B bR & PR Bt HIda A bR 25 s, Fh X ST hr 280 25 7 70 R as T . A%
M, ZINEVIAEAE ORI E . E BB IEBR AR, [y SSKMS 1R MEA R K
BRI EAE . BVIE PR BRI, (53] Hr 7V ek MW a6 6 br 25 80 T e
AR . FEZTTIE, SO R BR300 B BSOS 51066 Fr 2 80E B H A OC . an i)
A AR R R D, MESINEARRYEREACRAR D, KDY SSKMS AE B ToAR28 3R,
KRN AR AL L, FEEERAREEAL. Bk, EEfReTES, H
T H AL IR FORBREE , AR AMEE L I TR o A 787 K6 An 2 i . LC-SSC
HEZE 5 4F47T EH FRic SSC (Semi-supervised classification) /7125, 52 2 7 354 1) 35 Bl &
(o fE R, JEIAE FE R T AR R A 40 A, T AMERE LCSSC AR 4R 7E BRTH 5 A BRI 4L
P B TAE. eAh, R0 e DL ) LCSSC HEZR A Rt i B AR id i vIde A
PSR A R RITEOL,  RUEEI IR br 25 B I A SR 00 S g anitt. — ki,
LCSSC HEZRALE MNP UR oK T F) Sy A VA8 N B AR 2 5 Hh SRR 21 R B8
H o AR I A PR, bl E R0 B AR R I R 5% A AR AR
SSC H FRiC 75 1 AE BSUk A AR RSB0 A1 S8 (0 e bn 2 08 L) ks 7 O FIAR Y . 24 47)

7



SN 2 RS A R S ARG Self-training 7R EIEHA

IR AR EREA AR A R, SB S RS R HLIRE T LCSSC HESLAE Mok AR id SSC 77
J7 I 2

LA, FEZ R B KT, BT B A 8 5 S HA 7 AT
TR BE IR O B 5 T2 B B 2 SRS 2 — .l I R4S B 20 S AR i Tk g
A E IR A o B FEREA I PR, 7E B IR R AR — B Bl —
BAFE TR SISO RE T, TR0 73 RS Pk AE . Rk, 7E3ET Self-training 9%
R AT I i A PR R AR G E B BRI SO B R AR ERER AR R ) T3 VA AR
WA, (BRI SR E R AT D B bR R (R R 4 T A TG iR A A i 1) 2
o

A nFZRMANFERIANE, d FORYEE, tRoRIEAIELL, Kk RoREEH. SNNRCE
A BAE T MG UV, AR5 6 Salr SRR EAT 7338, LA SVA S R BN
O(tdn®) - MLSTE S il ENN AR HEATHHE g, 1151 ENN IR T 2 29 0(n?)
SR P KNIN B 43 28380547 11 DI 45, S /RS2 2 B 9 O (kdn® ) . STOPF L7 75 22 # 7 OPF,
T4 OPF (KRS R AENO(n®), ARJFHEAT KNN (K=3) R4 3t fr g, Bk
A5 44 E A O (tdn®) . STSFCM S7EEZAETYIZ SVM, ISR SVM (11 7] 5 2% FE
O(n®), WMEEEMEERENO() . WA LTI, H AT B IS
T REA ] (K PP BERS, I 65 AR BE Lo

1.3 SIS

RS FBEHH AN, 2R (—) AL Ball-k-means 501G 2 5 k42 H T
— Foh b 3 BR % R 20 G B R 2 B Self-training 55925 (Semi-supervised fast Self-training
algorithm with partition editing of sphere clusters -EBSA), Ball-k-means %75 & 5/ H
k-means 50k HERAE AL, SR JE BB SRR 4 R E X RN CIERR AR, R
ERIX I il 73— AR XA, AR TS ARG THRL % 3R A% 0 22 8] R B A PR T [X A
RAGEREA OIS, D TR, PRI EIAN R R

EBSA | FIERAEL 73 T7 V544 B 4R K1) 73 DS XA s X ek, A BRI o0 G 4
RV RS E XA BIREAS S 5 IR PR ICHEA 5, X IR R ICHEAR St AT gwf, BLINRER S
WX HIREA, -7 s BRI . i TSRS NG EREA RS
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BRI RS, TR, HEER.

(2D H 1970 LK, BHREfied, e b 2R R K, %
JEER 8 DX AP P A R AR AU A1 T 5 P AR X P SRR A (R AR AU o AT (1 PR B
TR . BIREER, R EIRA B EEREX R R T, A
Pt — ARl T AR g4 Self-training 57% MDSF,  MDSF 8 F A A AL B & 5 i h 5
FEAREERS, JFE X T YA THEMR R, BT I THE K R PG T AT K], 42 T
Al v 1 AT g A B BT S, SRTE T B AR AR I BT

1.4 AXHETRHA

ARSCHARES > TARRGIR UTR 55 3B A G AR AR, AR CAR B8 A SO AR F I
Self-training HEZL, 7 SCHE H 1 AN SVE A8 00 0T Ll S0 21 DA R 23 Bt g AR R
N B =B 5r b th I SE PR BRI 73 4 (V) 1B Self-training 5% (EBSA)D
MU SN EBSA BIAMSLI AR 5017 . 28 DU T A4 H 1SRl o1z <0 2
Self-training 5% MDSF 41U 5045 MDSF 5ERISE30 45 R 5007, ik 2
XA SR S 2 AR SC A 7 gt — 8 e AR N ST I 7 R4
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2 HXTIE

5 H A B T ASCHBUINE B S AR, AT — LA RN H 5
i

2.1 FFS AR
X ={X, %y, Xg, -+, X

ABEA.
Y = Y Yo Yoo Vo o Y TR K AT IR R A 2]y, FmebE A x, HURRZS,

b X BRI MEEARRESE SR, x e RCERYEE N

n

L

%
U={X,%, X%} UERREHREFEARSE,

1060 0) (%o Yo ) (0 W ) o L FORBEA S o b 2 Ay, BT PR R A

S={x, %, X}: SEFAA f PREGEHEANES.

2.2 BillZ(Self-training)

P B A S 25 A AR B AN bR S 5 BT 5 . BN Zod ML ) o B o
SIERE Y — . RIS FE D, HARTER SRR E LG — 038, SAETEL
PR B S B B AR SR I IR EAR S R, #EATIAAUhR2E . Self-training
FARDIRIE

2.3 B4R (SETRED)

SETRED"™" (Self-training with Editing)] F — 45 i (1508 9 55 75 V5 EH AR ic 208
F AR R BOREAR 25, DAOR IS PR R PRI OREAR A (M7 20D AN I itk 2
[FgZ . SETRED f£ H Il 25 & kA A2 A N & 3 U112 25 (CEW-Cut Edge Weight)
VPl HAR L IRE A U S B e BB B, ARG 00K BAT e BLAS B2 0 B AR I B N
AR dEES, EREFRRE R K8
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Self-training %1%
HWIN  AWSREARLE L, THBHEA%EY

Wil KR

Lo Wbt BIE SR A s =

2. WHILEy @ DO

3. EHPREREARSE | BN HKB

4. MG S48 H B TSR AR U T hR%E

5. MERREREALE Y LRGBS BE AR S s, P KT

PAAREE
6. FH L LuS:, U«U-=5S
7. END WHILE

8. WANBpyFESU =@, MHSEEH

SETRED HiED .
1) IEFIESRE, NS EIRSE LERWIG KA
2) MTChRZEHEEU NIRRT 2 B e U A H SRV T s B S R
m MRS L
3) A LULMEMHRAIEEIG , G RPN A A R AR (1 f 2 A 42 1 1 A
AU AEG HFERE — MR R X, SHAUAMIER AR AR X AR
BN, —ANUTAREE N, IREAS A R R AR %, M — MR S 482

B 2 2 V)0, ARXASFEAR RO AESE AL

4)  AEH R DA E R U L B SRR I AR AL BBRIRARICRE AR T, AR AR
L I ZREE A,

5) ERURAMITEIEH"

11
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2.4 STDPNF

BT B H I B R T S 5 7 1 38 77 STDPNF(A Self-training method
based on density peaks and an extended parameter-free local noise filter for k nearest
neighbor), STDPNF $g it " —NHr RO A & g 4%, & ] DA R] I A #5200 A0
PR AR LB RS, Ta ik B UIZR 5% LA R R A e e 4 B R BRI . STDPNF
L E R I T2 4% DPC)(Density peak clustering) & 31 B %98 10 45 (R 4544, 15
B ITEFRIC AR AN A AR T, KR e 7o S D8 s 1 DM 75 )i
AN GRS EFr Il 25 G 19 21170 254 -

STDPNF 50 4R:

1) H DPC K INE s SRR 2 (B I S5 K R 23 A1, A BT IRE A s (order);

2) MRAEFRICIUFAETAREREALU i IS BN X, HPTE R T AR §E

FRCy SR BN, ARG H IR MBS IC B BEAT ISR, 203K H
BRI R U AR AR AC U 0T B Y x FRANFI R X SR A soin A3 )

KRR AR, JHAE R AR E A L 4% ENaNE BEATIE A JE I FAric, Relibn
CHIREAR MG bR B RS L
3) MEAYSRIIA PR EE AT NS 45 78 1 KA AT OB 25, BB K EH

2.5 STDP-CEW

gh O RV A D) BUE 1Y B Il 2k 57k STDP-CEW ™! (Self-training  Algorithm
Combining Density Peak and Cut Edge Weight), STDP-CEW FI H % i 5 SR 57k B B
WA 5, e th oA AR I B ToAr S Bl AT Fric, A VDA BUE #EAT Rk
BRPHEREA S T A S EEE, &k AR mERERIMAG SIS, BTG
AR JE B Jeds
STDP-CEW Sk k-
1) FIJH DPC K IVEENFEAR A (A KT AEGE AL, $R A PR B i« E—N 7R gL L
AT =7 FEARZEL", “ E—A7 B TR A #E LLUR AR AR, G
AR E L, T A R AR SRR BRI R A %

12
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R AR

2) EFERFMAE NI R, FHIAEA PR L AT IS 246 70 2R3 H |

3) X LA AREREAR “ B MR A TSR BT ARG, )
ABUE AT B S R, “ A7 AR ARG EASERR, K
HA 1 BAS FERIREAS fl B AR It A b S B 4 ot AT I 2, BRI T A MR A
)« BN MR AT IR S A

4) ERRAR D EASEH

2.6 STDPNaN

— i T B VRN SR A1 JE 1 I 2R 53 STDPNaN ™ (Self-training method based
on density peaks and natural neighbors), STDPNaN 1 FH4E .7 K 28 K # 75; Self-training 5
AR T AE ). STDPNaN 383 51 N BRI AR EE tH T —Fh Jo S 50 P W SRR B0
DPCNaN(parameter-free density peaks clustering), DPCNaN il i MEA x, 45 ) H &

AT P LA A SR R )R A SR R B A B B 1) 7 W) S5 4 S 43 AT, STDPNaN 7
DPCNaN it 1 454l =% () Befifs oo L T BARBREART) “TF—A Fl “ E—A" &
PRBFEATEAT AR, R IC R A s IR I A AR REARSE L op, IEARIF BRAL S (5>
HKHH .

STDPNaN MR E A2 (1D ERLESHN: (20 HTRHTEMSESE, BA
ARG S): (3) W] DAL BRI SRR 40 A A A . 3@ i S 30 4 b A
ilE, STDPNaN fEt 7 A T i e i M E L KNNL SVM F1 CART 14 28K BE T A2
PRiC R HCE BRI . U 4 S FE AN /TR 1R], STDPNaN ZER iz 47 i [a] th AT #3252
SRR 2] AT LA B ISR R T B 77, (R B3 0 1 TS 1] o

2.7 ETROFHEOEE R

Kai Ming Ting ™% A$2 H 7 3 T H RIS &, 4 F RraMREERS, DE
AREAREAE, HeW (D) R E DRI A— M ES W 2 KR

A x, FREAKCR D S ARER, 4 1(e) ZR IR 4 R (X, X, [H; D) Bt & x A
X, HIE H D F 1 sk

13
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R(%.x, |H;D):hcgrg[?,ixn}eh;1(z eh) (2.7.1)

4 B (A) FORHEFIRER B 5 E LRI A OB, 4 R (x,x,|H; D) T2
% m (%, %, |H: D) SR x A x, % p Al HAE TSR ARDLE

m (%, % [H; D) = Ey | P (R (%% [H: D)) ] (2.7.2)
4 H, e ¥ (D)(b =1 B) IR ML, é\P(R)=|%Zl(ZeR), AR (2.7.2)%
me(xi,xj|D):%ZB:P(R(xi,xj|Hb;D)) (2.7.3)
2.8 STDP

Di Wu 25 N B T — il 25 A 1) 2 BB 40 2 IR AE 48 STDP
(Self-training semi-supervised classifification based on density peaks of data), STDP ¥ J:fi
JHJ 8% JRE WA B0 B RE A B0 2 (AT RO TER FE S5 ), % ) 85 s 2 ) ) B SR ) P LT
it B INZRd e AT SN R 2IIRAL S5 1 73 2688 . STDP A =AMIEsi: (1) STDP
SR R 2 G AR A5 1) 7 AT PR 1l (2) STDP J& — /MR A Stk kA g
WP, (3)  STDP i& TR B S50k, 3dad A FH K& i Je A 25l SRl v SRk
HE. STDP fEfH] SVM. KNN A1 CART FA Al M B SRAAE il 7 AR O L, e T
PR EAT AR B B ARIC SSC FEHET UL, dfr 1A PR AL S LR I RE M . AT
PR d RS AR M 7 1 S e <5 JHL A ) R

.2, STDP LB 3NN YIZRA B FCM A 21, 7T LA S8l 48 Gauss50.
Gauss50x RIS ZEIALE_ b1 I B SR MEGE . STDP SAE A TR A dids,  HL{d
SVM [ B B LU A3 KNIN B CART (1 B B i B S 4P 1 MR RE, T g STDP Bk
(11257 3] M 5 S R T L AR 42 XU o /NG S B R B, 122509 I 0 i R I o 2 0
T R I B0 2 IRV G MR AR 2 2] 0 25 o bAh, FEROR AR B K E S E S8 (st
WEPIL) ISR, STDP Bk RE &k £4 31k

14
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2.9 WRMmBHEA

(1) Depuration data editing (DE)
J.S. Saanchez 5§ N\ "4t T — Mg b Bda i+ R DE, DE & e REANA ISR
Aox 0k EABHBAE G N, » AN, PR K MRERRRRE A Y I, Y=y, b

k+1 . TN . TN . . b e s
%sk <K, DE T LA O b e R A bR 7 I i R e e

(2) Local sets edition
LSEdit™’(Local sets edition): Junnan Li & A& H T —F 5 S04 & S £ R LSEdit,
LSEdit 55610 H BRI AR RAEMEAT B ART M R AR & SR J5 A1 FH e 75 A1 kR
BORVHAE RN FEA S SRR A S, A0 G B (R AR i S AR A5 TN TN i G 4 5K
1ol PN A
(3) Cut edges weight statistic
CEWS""(Cut edges weight statistic): CEWS T 5GHiEAHE4 K G, G MmN EA

ANFIZEFRZE B R ABERE RIARR AV £ G HTEE —MEA R %, 5HALHHIERFE
KA A X PN, , — TR N, FEAR S A EIR PR, U3
A 5 A AR 2 (84 22 25 VA, IRRXAMEA IR e RS i, f el e AU A AL
AT RS 5 o
(4) Relative Neighborhood Graph Edition
RNGE"™(Relative Neighborhood Graph Edition): RNGE T 4t #4 i it 48 6 [n)

G=(V,E) , v=X , E N L H R B HE &, H veXk=zij -
(X- x.)eE<:>Hxi—xjHZs||xi—xk||2+ij—kaZElﬂL, x, Fx, FROSPEISRE, RNGE 45t T AH ¢

[ |

JEABEIARIE S Hvx e X k=i, o (%,%) e E < |x —x; | < max(lx = x|, [x; = x,

),
FEAEIT AR I R (A N 132 5 AT Y

15
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3 PUEBRER S REBAEIEE Self-training B3E (EBSA) E3E

WA ) B Self-training %3, 1. SNNRCE. MLSTE. STSFCM. SETRED.
STDP-CEW. STDPNaN #I STDPNF Bkt E RS . AN TR RE Self-training
FOEIT R A, TR B o R AE R PERE AR SCER DR ER AR R 3 g 11 2
Self-training £7%: (EBSA) .

3.1 EX

1 LM
L CFI A, X FoRET WA,

Cl#mc BaMEAIL. 4o %
TRIRIL, r RNFEFAE
1 ¢

L
S|

|
X (3.1.1)
C, '

=
r=max (||x ) (3.1.2)
B0 ¢ NIEFTAFEASRIME, FEFAT r NIR T 15 ¢ BIREA x 550 ¢ R KRR
X 2 BRiE
DAL ¢ AERC, AT r NBEAR B BRE X IR 9 BR A% o
SEX 3 BRIES
ke, =argmax|F| (3.1.3)
BRf% C, IIERIFINERR C WAEAS H i 2 IREAIRZE .
BN 4 BRIEIT A%

%C, MIC, FARFAR MG, 4 ¢, Mg, FAIEF MRIEMIRO, r TR C,

HREEC, HIC, 2 MBS,
o = ng —Sq Hz (3.1.4)

1, W~ B L), C, N C KT AR %

16



NI KA A A 1S ARG Self-training 7R EIEHA

<, (3.15)
BRI AR FRARRIFR . AERBTAIRIEC, M C, T REAEE LT 3 Fh 2.
1) C,FIC, H AT ARH%E;
2) C, /& C,MIIEAIE, C FRC, Tt
3) C, MIC, BAHIEAIKR.

glﬁ\%ij%ﬁéécjj C29 C3;FDC49 ﬁﬂ@lﬁﬁ%:

3.1 BRARILAR R AR A

] 3. 1 PR BB C HIC,, CHIC,, CAIC, MRS, 1, |, B ELk.

HI1E 3. 1 /%1, C MIC, FoNIEAl#%, C, & C, HESR#%, C A%C, HiLki%, CMC, &K
(EpURE

REX 5 A g XA R X 35

2 N, RonC, T RBARIIRL AU R A

Gy eNg, (Ncp " @) (3.1.6)

r =

N

min (1., )gqucp (3.1.7)

17
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4 C, MERLIR ARGLYM, C IEEREC,, Nblg, WFRL, D R b RTR
HER K. C, HIWREEX B C, A C, —C,, .

X6 IR
A RIEC, FIC,, C ONBRIEC, TSR, o Flg, A BIRXPI M BRIERR L, 1 R

r, BT ER R F

-1
r:?m (3.1.8)
BRI C, IR RIX AR C g, WEA g, WL, LA R AR IR X 42
TN T X,
BRFEC, WX N C , « (C N C, IIIEATHE)
Cpy =Con NC, (3.1.9)

UEERIRC, FIC, . C O NBRBEC, MATARRR, o, Fl g, 4 MR FI A ERBER L, 1

%~ <1, T RARB T

r, 7RI ERIRIN 42, vx eC ‘xi —ng2 <r,,
RN, i x BETT CAg 7 SR BIBRFR C ) oy, W] AR R BUBRAE C, oy RIS i3 IX 3 A
HIREAS S 2 R 70 W AT REVERG K, IX AR K 73 £E Self-training AR R R 2 BOK,

AT By AR TERE T R

3.2 HERISREHEE

ERKIEC M C,, C,NEKEC HILARE, ¢ Mg, R RX g AERFRER L, 1 Al
r, 77RO ERIE B AR . BRI C M IX N C o B C) AT b DA AL
X, ={%, X0 X, % } A C, WITAFEA SEBIER TS Y, = (Y0, ¥, Yoo oo Yo } I C, WHTAFEA
REBRZENIEE S, LEEC, WARZEN K FIFFARERZ, & C,, FnBkikC, HfE X
95 2 X ={X0 X X, X, } N C, WHTAREAR RLHIER 5 Yo, = {0 Yoo Yare o Yu ) Y C A

B R AR08, v c[Lw]. if Ty, €Y, 2K, Y, > K,

% 1A T ERIE R o dmAEId RE . 1 3. 2 SR BRAERI 7y RS A
18
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Algorithm 1 2Rk7%X 748 5% (EC)
N HEVEREAREL, TRREREASEU, BEHHE K
2B EBEERERES, WEREN

it RpERE RS C,, , PR N,
1 s=p .C,=0,N, =0

2 fEHRREREASE L IR H

3 vx €U,y =H(x)

4 for i=1,2,---K

5 C, =C, ux

6 End for

7 Foreach C, in C
8 A AKGLY), (3.1.2), GLI)IHHIRIE AT, B Lo, HREF

Ke,

9 End for
10 B PREREE L2 B

11 Foreach C  in C

1
12 If Elpq <f
13 Npq = Npq UCq
14 End if
15 End for

16 For C, in N

pa

17 HARGLY)IH R R C,,

18 SRR K C

19
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19 K C,,
20 szy :szylucpzyZ u"'Uszyo

21 End for

22 for x in C

pw

23 if y # kcp
24 Yi == kcp
25 end if

26 End for

P 3.2 BRAELI 7 i 4
BRIBERIN 53 B A0 AL S BRI HEAT R 28, SRS R AR DX 0 s AT S i . DROAAE
Self-training Sy, MRS TGRS, (R RR B ARE XS A ORE AR EAT S, ARG
AR BIFENE, IR T Self-training 50921 70 e VERE
K329, HC, C,, CHMC, HulERUMAERIRE, 26, ¢, sHaE

SRIPIAERBERR O, (G, 1, 6AIL JOR P ERIRIE &, C, I C, HERIEC, it
AR, BRAE C, HORS 5 KU s I BB 7. FUAb BR A R 2 [X B 5 L I B4 5

20
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C M, il Xy aR i 28 55 Rt SEER BRI R IX 3, 5K (R A 5 PR 100 S 2 B i [X 33

3.3 BEREHAENEE

f£ Self-training FvEHr, AT BAS BEREA R EREZEN P . ERBIEE
EBSA 1, SR B AT BRIER] >, AR5 R A BRAE AR E XS X, AE
S BR A2 PR A EA T RO R (Bt PO R B R AR, B 2 IR T s B A A
pri iV AP

Bk 2 = BASERE AL RE(SG)

LIPN gk E XSS C,,, BiRES ¢, FUXI N,
ZH BREC, P AEARES X

i i mEEEEAES S

1 S=0

2 For C, in C

3 S=SueC, S =X,-N_,

4 S=S'US’

5 End for

G KRR 4 SO T b e B R, DR 3R C 1 6 X 1
FEARTNGG, B R 2 R (X B REA R TG S X R R A s B (S R A, 15
I 5 M P R T DA G52 00 K OB, T 2 2K B

R0 5 A R ARG 2 518 3.3 7, ©,, C, FIC, Fomkik, 4,
6, Pl 6 FRX A BRIER L, (A, L BT FiX S BRIRIOL R, C, FiC, NERBR C,

1AL 4R H% -

21
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Stepl: Divide the
ball clusters "

Step2: Edit using "-,
ball cluster editing .

L et o Step3: Select high-
algorittm e, ’

confidence samples

K 3.3 mEEEFEAR SRR
fERI 3.3, (NI TAFEA AT, (D)%t (AT ERARRI 7Y S B, () &t
ERARGBA A, B () AR 1 IREAS S BN ERR C, M BAG AR A . BRUAESR
A BBSA 1, AFEFEAEAR S R, A HE R G, Bk
SEARMERIR B O Z [ FE RS, ROy 2Rl AR E XI5 4 X 3, 1T v LA AR A I
WA 5 B A8 DX S X IR AR EAT BR % B, DRI T AAE AN B AR 20 S8 1 e
IRTHE T PR R R IR, 1RTH 0 RA

3. 3 BURBRERI S HRIBAEINE Self-training B3 (EBSA) &k

EBSA H 5 56 Je P UL SRR ™ 1 R Gy AR AT 028, W00 R IIREAS HEAT BR A%
Xl r s ROy AR RE X IR il X8k, 2 7 AR IXBERE AR T b2, A FH B K1) 20 G
BEEXT A EREE N IREA RBEAT R, R iR S IR AR Nt i B R AR SR, i
H Self-training J7 ik I 2Rk AAS 2L A 1 70 2848 . K EBSA BE R 45 U0h

22
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% 4 EBSA Hik

MIN EWRBHEAREL, TWBREAEU, BREFSHK
4 mBEGEREALES

i A H

1. S=9

2 fEAWBREALEL EUIZrEEH

3. For i=12,.--K

4. y,=H(x): C, =C, uX

5. End for

6. itsiEkikC

7.  WHILE

8. FISEE 1Bk AR R KB A C, RUBRAE S K I N,
9. WSS 2 ik BE AR R AR B G EFEAES S

10. AR L LUS

11. 156 FH S8 e A AR A A SR 5 00 e 8 H
12. END WHILE

13. HiH e H

3.4 XWgE

SIS ALE 32G NAE 64 fi7 Windows 10 #:/F R4t Inter Core 19 ZLEE 35 (IR EE R AT .
IDE 4ufE¥F5i 8 MATLAB2019b fiR A .

S0 T FHBR AR A TR A . B AR VRS SR 3.1 FoR:

£ 20 MEREE S, AR, COIL20. MINIST2k2k . ORL. Palm. UPS #il YaleB 3%
RGHAEE, HAEGREARELECR, Isolet f& FHEFHMMEIEAE, HARELEL, Solar N
KFIMEPEH RS, Sonar Ay gh¥diEsE, Cleve . Heart . Solar A1 Sonar ##s S #R AL
No fERT 5 NRE uch BRI /NERLE, Heart S0 E 55T R TH BT E 44
(SPECT) KW {5 BHkE 4.

23
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#31 HiEsE
Fri5 EEIEE S FEA L YA BRIFAL
1 ARES] 1680 1024 120
2 Clevel20 303 13 4
3 COIL20 1440 1024 20
4 Isolet*?] 1560 617 2
5 UPSItal 2007 256 10
6 Heart!! 270 13 2
7 MINIST2k2Kk[56] 4000 784 10
8 ORL! 400 1024 40
9 Palm? 2000 256 100
10 Sonar® 208 60 2
11 Solar* 323 12 6
12 YaleB[7] 2414 1024 38
13 BUPA 345 6 2
14 FERETL®] 1400 1024 200
15 MSRA25 1799 256 12
16 Yeast 1484 1470 10
17 autouni 205 25 6
18 Ecoli 336 7 8
19 pendigits 3498 16 10
20 uspst 2007 256 10

B HL[FI2K ) SETRED. STDP-CEW. STDPNaN Fil STDPNF &Lk 47 4] Ehsiss . xf
LSRN AT AR JFOCR ., BARTE DL 3.2 Fis:

L http://www.uk.research.att.com/facedatabase.html
2 https://www.gwern.net/Crops
3https://machinelearningmastery.com/standard-machine-learning-datasets/
4 https://www.kaggle.com/anikannal/solar-power-generation-data
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*32 XERSHNEA

ik SH

SETRED 0=0.1
STDP-CEW a=2 =01
STDPNF a=2

a 2~ DPC Sydirb (R EE BRI, o N BB IE/KFBIE.
ERUHNRZ, Pt EBSA FUEAFEMASE, XAIT EBSA HEN iz
fdi .

IO, ERRRSEE R KA . REMSATSEN T AR JE Z eI HR B A
RN HEN AT JE AR 23, IR B A ] B SRR A2 AR SRR B Y BIARSE— 2,
RIEFREEESY T RRIR R B RM IR, 7 Sk T R, RN
RFEARLAD T 24, W BT A RRAEEUE X 53 i) i 2% 18 () e ORI 2, B oK o 2B L
TETAREARS-L, Bin-1.

N T BAIESE H L EBSA HIrEMERE, T = ANRER, SLIGARI T

(D) 25 1: FEAFREREAR LS 10%11 20 a5 E 5 DA B BEET LR

(2) SEBS 2: N [T /D B BRAEFEA LU SERR RS, £E 2%~20% 0 hras Le
19N AT S5

(3) 5246 3: A TIRIFIEH ML EBSA BA KRG MR, 1 DR 4L
P AL RE IR, 76 10%FF A AR 25 L9 T 5 0 Ath 5008 4 4 Sk 0E AT SRR, TR R
1%~100% A7 bR RAFEABEAT bRt A e = e b AT 5606, WE T EBSA HA R IR HIPERE

N TV R R TS RS, 1R 95%M B K Bk AT T BUREL 5 ARk (Wilcoxon)
FFSHR. 755 “4 7, “=7, “~7 RERRIRHIEE EBSA 5XLLEIEML, A
B, AR, MHEREEE.

fd PR (Accuracy) A1 F 43%% (Fscore-Micro) £ 73281 E MM 48FR, LiRIERT]
H1%% 3.3 IRVE R B/

Accuracy = TP+TN (3.5.1)
TP+FN+FP+TN
precision = L (3.5.2)
TP+ FP
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TP
TP +FN

recall = (3.5.3)

2 _ 2% precision*recall

1 1 precision+recall (3.5.4)

precision recall

* 33 RIEHLE

predicted class

positive negative

actual class  positive TP(True Positive) FN(False Negative)

negative FP(False Positive) TN(True Negative)

3.5 SrRMREDH

B KA RR, SRAFEEE B A PR B ASEI, Bl A, K2
T /NE DB SR . B, AS0N 1 W& FRAE B A D BRSSO B
% FPERE, SH ol By R IR B A I LU AT IR R . BEML RO A
1 10007 A7 S AR TR 25 HIRE A B T BA AR A8 &, B4R 909 HAE AR HHiE B AR 25 MH B
JEAE N TR BERE A IEAT S50 . Tt SE IR 25 SR PT R Y I A IR, ASSCIT A SERR B EAT 1
50 Ko ACSERANGERRK, SKIGE R RILEEE .

FELETE /Y 20 D IEAEHE S LT SES, WIIRAAREELLGI Y 10%, RIIZREdE R
A 10%HIREARG IR, 90%IIFEARTCARS, 5 ANFIEILIELT 50 K. 7 Itk Redabrik etk
Wi (Accuracy) 1 F 43% (Fscore-Micro), 1% 50 YKizf745 I F-%ME (mean) A
JiZE (std). SKIGARINE 3.4, 3K 3.5 .

M 3.4, £ 3.5 PHISLI LR AT N 4518

(1) $RH AL EBSA 75 19 MRS B2 RMERR 238 & T HoAh DA XT LR AR
7€ pendigits ¥4 4 X T SETRED. STDP-CEW #1 STDPNaN %5, =T STDPNF &
%o FOEAE 16 NER AR bim T HAR DY A 0f EE S, 72 AR. Yeast F1 Ecoli 2454 E Lt
STDPNF 5Li%Ai% 0.07%, 0.05%71 0.03%, {H i - HoAth =A-xt Lt 5% SETRED.STDP-CEW
F1 STDPNaN., HILAEH, 7E%#E4E Cleve . COIL20. Heart . lIsolet . MINIST2k2k .
ORL. Palm. Solar . Sonar . UPS. YaleB. BUPA . FERET32. MSRA25. autouni

uspst b, #EHAEE EBSA [0 28168 (MERRRA F 080 %5 TxF e SETRED.
26
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STDP-CEW. STDPNaN #1 STDPNF;

K34 FEIEAE 20 MRS LIy RIERE GERR) BYEHRMEZR)

Accuracy EBSA SETRED STDPCEW STDPNF STDPNaN
AR 96.2340.61 81.58+1.03 78.8740.95 96.1840.47 79.5041.52
Cleve 86.1742.13 79.9444.28 79.0445.62 84.3843.78 79.8845.64
COIL20 92.61+.07 83.70+1.45 80.97+2.23 90.89+.42 82.59+1.93
Heart 74.5543.81 72.9843.82 74.8843.61 70.3647.52 69.5644.49
Isolet 72.36+.81 69.4643.53 70.01+2.38 71.78+1.88 67.87+2.93
MINIST2k 85.9440.62 78.2040.95 77.08H.31 85.91+1.28 77.644.01
ORL 95.5840.66 83.19+1.48 80.4640.76 94.7940.88 81.3041.27
Palm 95.4610.47 79.90+1.30 75.9840.81 05.2240.55 77.804+.51
Solar 86.25+1.54 81.3544.01 84.61+2.06 81.30+2.69 81.4343.20
Sonar 75.7542.81 65.63+9.00 66.3624.95 73.9144.93 65.8744.30
UPS 88.23+1.39 82.93+1.46 82.33+1.52 87.82+1.70 82.60+1.74
YaleB 91.93+1.68 72.04+1.45 67.51+1.18 91.42+1.93 68.73+1.76
BUPA 67.4144.72 63.743.6 61.2243.34 66.9543.12 62.71+3.86
FERET32 97.75140.5 89.9+1.11 86.8640.96 97.6740.38 88.13+1.06
MSRAZ25 90.630.87 87.530.91 86.88+1.62 90.440.64 86.45+1.18
Yeast 93.5140.02 80.22+1.69 81514221 93.4240.15 80.97+2.6
autouni 79.914.36 76.6743.56 74.4644.63 79.6842.08 73.1946.14
Ecoli 93.03#0.18 87.8742.09 88.2643.36 92.734.73 89.77+2.49
pendigits 90.3740.57 91.53#.23 91.5540.74 89.8840.97 91.6840.6
uspst 88.34+1.03 83.484+1.65 82.58+1.41 87.7641.12 82.940.95
WSR-test N/A + + -~ +
Ave.ACC 87.39 79.36 78.37 86.5 78.34

Ave.std 1.32 2.3 2.1 1.79 2.34
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RGN Self-training 2 AR R

35 FEIAAE 20 MEHRE LR IRIERE (F 24D (BEHREE)

fs EBSA SETRED STDPCEW STDPNF STDPNaN
AR 92.20+1.86 51.5143.80 39.8544.48 92.27+.11 42.90#4.81
Cleve 75.6845.88 68.3948.23 68.50+9.08 71.2349.30 68.4547.36
COIL20 92.20+.30 80.90+2.00 76.9843.35 90.10+.76 79.3242.72
Heart 74.5543.81 72.9843.82 74.8843.61 70.3647.52 69.5644.49
Isolet 72.36+.81 69.4643.53 70.01+2.38 71.78+1.88 67.8742.93
MINIST2k 85.1340.74 73.6041.40 71.9241.96 85.0841.55 72.7641.49
ORL 91.4442.01 55.1948.16 42.5945.31 90.00+2.11 46.3945.99
Palm 92.7640.65 62.21+1.99 51.82+2.66 91.86+.18 57.0744.30
Solar 75.9247.09 72.8243.86 77.63+2.91 57.87H1.47 72.1445.85
Sonar 75.7542.81 65.63+9.00 66.3644.95 73.9144.93 65.8744.30
UPS 87.64+1.64 80.19+1.97 79.36%2.10 87.25+2.00 79.7242.35
YaleB 90.73%2.07 61.70+2.63 52.2242.67 90.3242.40 54.6243.42
BUPA 67.4144.72 63.743.6 61.2243.34 66.9543.12 62.7143.86
FERET32 91.73+1.99 48.3647.33 34.4843.92 91.63+1.84 45.5345.45
MSRAZ25 90.3940.98 86.14+1.13 85.2542.08 90.1440.73 84.7241.5
Yeast 93+40.31 73.8545.18 76.7442.89 93.0540.46 75.4244.36
autouni 73.7944.17 62.5248.84 59.5846.77 70.2648.22 61.6949.58
Ecoli 89.66+1.37 79.611+.8 80.2246.74 89.69+41.93 84.7514.29
pendigits 90.1440.63 90.91H4 .4 90.9340.85 89.7H.1 91.0840.69
uspst 87.77+.21 80.91+2.21 79.68+1.91 87.1941.32 80.15+1.29
WSR-test N/A + + -~ +
Ave.ACC 84.99 69.83 66.95 83.19 67.99
Ave.std 2.2 3.94 3.41 3.06 3.79

(2) #£ AR. COIL20. ORL. Palm. YaleB. FERET32. MSRA25 ix 7 /&% %
#EE b, PR AEVE EBSA )7 2R UERI R 4 7N 96.23%- 92.61%-. 95.58%. 95.46%-
91.93%. 97.75%- 90.63%#0 90.9%, F 73407 7] 92.20%. 92.20%. 91.44%. 92.76%-

90.73%-. 91.73. 90.39% A1 90.14%, 4r25tRedyidit T 90%, IGF 142 1 E 1 EBSA
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(R LTIy 25 PERE, TonH EBSA AbFH w4k K5 K 1 g

(3) EBSA HIEAE 20 NS HHFI 0 RUERIZE N 87.39%, 43l bUxt LU AR
SETRED. STDP-CEW. STDPNaN F1 STDPNF & 8.03%. 9.02%. 0.89%7# 9.05%,
S5 F 4350 84.99%, 43 W EL xS L4k SETRED. STDP-CEW. STDPNaN #1 STDPNF
it 15.16%. 18.04%. 1.8%7#1 17%, 1EM] | EBSA ByLM RUFH)7rK1ERE . EBSA B
PRAE 20 NERAE E T SbriE 2y 1.32, 237 Hbxt L9 SETRED. STDP-CEW,
STDPNaN A1 STDPNF 1ik 0.98. 0.78. 0.47 #11.02, V3 F /3 ¥uhsit 209 2.2, 43 HIELXT
b4y SETRED. STDP-CEW. STDPNaN 1 STDPNF {ik 1.74. 1.21. 0.86 I 1.59, iif
W7 EBSA FLM & .

(4) Mgt s K aT /1, EBSA )7y K fe W0 T % b 5% SETRED.
STDP-CEW #1 STDPNaN, &5 STDPNF 7;2E1EREFHZ ) L: 20 MERERA 2R, A
FIG R, REEHESE, NSRS, SCIngs SUER] 7 EBSA BIER A ZiEH Ak

3.6 BAIREHFARLHINE LS KM REMRIE

NIAEA ARZEREA LE B0 0 L SE 7 BRI, BEX DA AR H s, #E4T—
AR EEMA S S, BEALIEHUE FEASARZE LB 2%~20%, B iE04 2%, £ 20 ke b
I IR L RN K] 3.4 A 3.6 ivn. 3R 3.6 3K 1ERE N 5 MEIEE 2%~20%I1F br
R e _E Yo SNk RE RIS AT bR HEZE o

AR autouni
100 T T T T T T T T T T T

3
=

®
N

95

®
o
T

90 [

~
®
T

85

~
=
T

Average accuracy(%)
Average accuracy(%)

80 [

~
N

75

~
N
T

70

~
o

. . . . . . . . . . . . . . . . .
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Proportion of labeled samples(%) Proportion of labeled samples(%)
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Average accuracy(%)

Average accuracy(%)

Average accuracy(%)

Average accuracy(%)
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o
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o
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o
)
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MSRA25 ORL
95 T T T T T T T T T 100 T T T T T T T T T
90 -
95 -
Kesf S
z z
3 3 90 -
3 3
e80T 8
S S
s s 85r
2750 E:
80
70+ ]
65 . . , . . , . . , 75 . . . \ . . , . .
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Proportion of labeled samples(%) Proportion of labeled samples(%)
Palm endigits
100 T T T T T T T T T 96 T T T T P T 9 T T T T
94 -
95 - B
92 -
R
< of 1 Kool
> >
o o
e [
3 3 88
g 8f ] g
) o 86
o o
© ©
o o
z 80f 1 Z84f
K 82+t
75 1
80
70 . . , . . , . . , 78 . . . \ . . , . .
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Proportion of labeled samples(%) Proportion of labeled samples(%)
Solar Sonar
88 T T T T T T T T 80 T T T T T T T T T
86 751
~84r —~
X R 701
= =
o o
S 82 e
3 3
S S 65
Seor S
o ©
9 o
> > 60
< 78l <
76 - 55
74 . . , . . , . . , 50 . . . \ . . , . .
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Proportion of labeled samples(%) Proportion of labeled samples(%)
90
85
z =z
3 ] 80
3 =3
Q Q
o o
@ ©
S S
s s 75F
g g
< <
70 -
65 . . , . . , . . , 65 . . . \ . . , . .
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
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YaleB
100 T T T

©
=

95

90 [

L %
© ©
o N

Average accuracy(%)
o]
(%2}

85

80 f E
75 - %

70

®
®
T

®
&
T

Average accuracy(%)

©
N}
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65

3
o

60

~
®
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. . . . . . . . . . . . . . . . . .
0 2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
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|—6— EBSA —+—SETRED STDPCEW —#&— STDPNaN STDPNF

Kl 3.4  HARZEFEA LB FE 7 M RE I 52 0R

M 3.4 13 3.6 Al 241 F 5L

(1 HE 34 ATUEH, BEEAREFEARLEIEM, $HFMH: EBSA £ AR,
COIL20. MINIST2k. ORL. Palm. UPS. YaleB. FERET32. Yeast. uspst 1 Ecoli iX
11 MR B R EREaR 24T SETRED, STDP-CEW #1 STDPNaN %%, HALH
T4y, RIL T EBSA Bk RIFI S KRS

(2) £ AR, COIL20. ORL. Palm # YaleB ¥#i4 b, B A bnas Ll i in,
PEH BIEIE EBSA 150 K BRAEZWT T B, X2 MR H I 5 EBSA 2 DLEUR 575
AR, BEE A AR L BIIIG I, T RE A ERAEK 7 5 R i — T, AT RS
25 PERE; 7E AR, ORL 1 Palm %4545 I, SETRED. STDP-CEW #1 STDPNaN %% 3
AN AR IR o3 SV RE A B G A LU i B, BR B RS T TR R I R
EBSA S &t

(3) EBSA 5L KT HERI % )y 86.19%, #HEHLT-%f &% SETRED, STDP-CEW.

STDPNaN f STDPNF, i 6.08%. 7.6%. 0.19%f1 7.25%, i 7 EBSA &k R IFi
PERE.  EBSA BFIARHEZE N 1.71, 4pJlk SETRED. STDP-CEW F1 STDPNaN
ik 212, 2.55 F12.57, &I 1 EBSA Hi%4r 1 RE ARG E 14 5

(4)NF 3.6 F H$- HI A5 EBSA 7£ Cleve,COIL20, Heart . Isolet. MINIST2k2K.
Palm. Solar . Sonar . UPS. MSRA25. uspst #1 Ecoli ix 11 M#E4E Fir25k e
F SETRED. STDP-CEW. STDPNaN #ll STDPNF %1%, iX 11 ANt 4647 B SR 4,
RESE R AN R &, FRIILH EBSA S REFIIZALAE T .
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YN 2 TR R DA

RGN Self-training 2 AR R

3.6 HIREFEA LI HIE 7 SV RE 152 e

Accuracy EBSA SETRED STDPCEW STDPNF STDPNaN
AR 94.77+2.25 82.6745.84 79.2645.82 94.8142.26 80.6245.92
Cleve 85.38+1.63 80.97+2.08 80.47+.2 84.74+2 .45 80.25+1.32
COIL20 92.454).51 84.9843.54 82.3646.19 91.89+.1 82.87465.02
Heart 73.2544.23 71.9443.44 71.6546.02 72.7243.18 72.1944.2
Isolet 72.5940.94 70.1946.44 69.96145.71 72.2640.91 7046.26
MINIST2k 86.384).81 77.4344.65 76.7345.38 86.03+0.89 77.0544.93
ORL 94.51+1.42 84.1345.96 81.5545.19 94,59+ .52 82.5745.14
Palm 95.26+1.77 81.4744.75 77.9543.97 95.18+1.85 79.7144.6
Solar 84.443.14 81.792.76 82.36+2.26 80.9143.06 81.31+.81
Sonar 73.5242.37 67.4645.17 66.6444.38 72.9843.49 65.6446.03
UPS 88.4040.69 82.8943.73 81.6745.31 88.224).59 81.7545.38
YaleB 90.27+2.59 75.0043.22 69.8943.71 90.51+2.92 71.5343.65
BUPA 62.7245.63 61.7243.22 61.5243.37 66.04143.66 61.2944.31
FERET32 97.03H.74 88.9344.4 86.4944.53 97.094+1.73 87.6444.56
MSRA25 90.6740.43 87.1144.39 84.994/.5 90.4740.27 85.7346.9
Yeast 93.0040.33 81.44+1.68 82.1740.85 93.044).27 81.6+.1
autouni 77.8941.9 78.35+2.46 75.5241.54 78.03+2.41 75.01+1.35
Ecoli 92.740.49 90.18+1.1 88.894).86 92.564).58 89.7640.81
pendigits 90.2740.9 90.2944.49 90.2844.45 89.9240.48 90.3644.74
uspst 88.38+4).38 83.1943.37 81.4146.02 87.8740.6 81.8845.57
WSR-test N/A + + ~ +
Ave.ACC 86.19 80.11 78.59 86 78.94
Ave.std 1.71 3.83 4.26 1.71 4.28

(5) BEE A WZLLHI R m, $#=EMEE EBSA £ AR, COIL20. Isolet.

MINIST2k2k. ORL. Palm. UPS. YaleB. FERET32. Yeast. MSRA25. pendigits . uspst
A1 Ecoli iX 14 M EE B 73 K1 REAS LB A . FEAF A ARE LI 26 T, EBSA
SRR RVERE 2R LT, X R T EBSA SERI AR IFHI &M, /£3£ 3.6 1,
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e H &L EBSA 11X 14 N EESE F bR Z /T SETRED.STDP-CEW.STDPNaN
1 STDPNF &k, 5K 3.4 w5 HAI458— 3.

3.7 BEFELEBISEIE 534

EBSA SHVETEIRARYI GRS R o A FH BR AR R 43 5 B b AT Sy, DR L — e 1 2%
WERE T, BENSE O ISR R S . O T I0UE EBSA 1L MERE Ty, HEAT TR
PG . RONARSC R BT R A DB bR RIEIR S EEVEERE, IIEA R
1129 10% AR 4R TR SRS, RO E MRS REAR LB, BAEREA L2, &
D)2 R RS S A RO, PRI AN FR 2 2 vh BE AL X [ 190, 10%] O 208, Bt 1%,
TR P HARARES, RIEHEATSE0 . SRR RV N MRV SR bR, AN ERESE E
FRIERAT 7 50 RSN, THE &SI A RIS EZ R N SEIR g R . SEin s
Rl 3.5 M5 3.7 fios:

AR autouni
& g % ] A
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Palm endigits
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Noise sample ratio(%) Noise sample ratio(%)
YaleB Yeast
95 T T T T T T T T T 94 T T T T ; T T T T
0’/“«0%‘
92 - ]
90 - B
D 90 1
Kesf 1 S
& >88r q
o o
3 3
S 80 1 S 86 q
[ ()
& g
a; sk | E 84 -
< <
82 r
70 i
M 80 -
A
65 1 1 L 1 1 T 1 L 1 * 78 L 1 1 1 1 1 L L L
0 1 2 3 4 5 6 7 8 9 10 0 1 2 3 4 5 6 7 8 9 10
Noise sample ratio(%) Noise sample ratio(%)
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—&— EBSA +—— SETRED STDPCEW —&— STDPNaN STDPNF

3.5 WA LEA x4 Bk A o
R 37 WEFE IR % R AR R

Accuracy EBSA SETRED STDPCEW STDPNF STDPNaN
AR 95.1940.61 81.4640.46 78.1340.31 95.0440.61 79.2740.37
COIL20 90.26+.21 81.92H.2 80.25+1.3 90.17+.25 80.4+.4
Cleve 84.4240.87 78.89+2.4 77.0282.41 83.541.96 76.89+1.88
Heart 72.4442.16 70.541.27 70.17H.8 71.4142.69 70.61+2.04
Isolet 70.12+1.36 67.26+2.15 66.9742.07 69.94+1.72 67.05+.28
MINIST2k 84.752.7 76.5442.22 75.8542.31 84.7842.45 76.3642.23
ORL 94.0640.33 83.1840.43 81.1740.5 94.1040.42 82.140.6
Palm 94.340.43 78.98+1.25 75.2640.55 94.4710.74 77.1440.83
Solar 84.68+1.36 80.93+1.38 80.11+41.04 80.03+1.35 80.58+1.89
Sonar 70.38+.34 64.53+2.87 64.3312.08 69.194+2.63 64.4+1.48
UPS 86.241.37 81.48H.1 80.3241.35 85.59+1.34 80.69+1.61
YaleB 88.7840.84 70.940.71 66.340.68 88.94+1.19 67.6240.71
BUPA 63.3542.25 60.12+1.17 60.35+1.48 65.13+1.45 59.57+.1
FERET32 97.0840.35 89.840.21 87.0140.25 97.2240.32 88.0940.28
MSRA25 88.4610.9 85.39+1.67 84.741.24 88.35+1.34 85+1.53
Yeast 87.2443.12 76.55+1.89 76.1742.01 87.1543.47 76.1+2.64
autouni 76.15+1.16 75.641.31 72.9941.93 77.0742.15 72.41+1.09
Ecoli 89.04+1.55 87.11+1.16 86.75+1.72 89.14+1.82 86.3+1.35
pendigits 89.68+40.48 89.9840.77 89.71+.11 88.6340.74 89.7940.93
uspst 86.15+1.06 81.541.42 80.8841.1 85.5141.16 80.8+1.22
WSR-test N/A + + ~ +
Ave.ACC 84.64 78.13 76.72 84.27 77.06
Ave.std 1.27 1.35 1.36 1.54 1.32

MK 3.5 f13 3.7 ] LIS H PL R 4518
(1) PEEMEEREALLEIE I, $2 3 EE EBSA 14268 7E AR, COIL20. ORL.
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Palm A1 FERET32 ##5 4 L) 7r LR =T 90%, LUPERE SRR LU 5% STDP-CEW
277 17.06%, 10.01%, 12.89%. 19.04%7#1 10.07%, 7E Cleve. MINIST2k. Solar. UPS,
YaleB. MSRA25. Yeast . Ecoli 1 uspst £l 4 17 KVEREIY =T 80%, LUt REfHAK
f%t L5k STDP-CEW #2717 7.4%. 8.9%. 4.57%. 5.88%. 22.48%. 3.76%. 11.07%.
2.29%F1 5.27%, 3.7 HffH 5& 3.5 L5t —3, HULTT LU B H 5% EBSA
[ B A (1 2 I 7 ) g

(2) EBSA SIEMSFY 0 KUERG R Ny 84.64%, #HLLT X L& 7% SETRED.
STDP-CEW. STDPNaN A1 STDPNF, {E#g7; 73271 | 6.51%. 7.92%. 0.37%7#1 7.58% ,
HI AT LA H EBSA Bk B SR gmiE aOR 7T LA 75 R AR 73 28 P RR (5

(3) K 3.5 W LIEH, EBSA & k7 AR, COIL20. ORL. Palm . UPS. YaleB
1 FERET32 H#4E4E /3 VL REBA 52 B0k 75 LU Bl (s i sg ey, i 45 Mg 75 LU A3l P 386
SR RPERE MR AEAKTJ5 ), WABCRIELS), BiE T EBSA Fik R I (1 o g ik
ap

(4) RHE L EBSA K40 25PERE/E AR, COIL20. Cleve. lIsolet. MINIST2k.,
ORL. Palm. Solar. Sonar. UPS # YaleB ix 11 M¥#i4E b iy4r 2P sg il T SETRED.
STDP-CEW A1 STDPNaN £i%, Wil T8 Hl i ffid JE &5 #) STDPNF 53%, 1EH] EBSA
S BRIFERI 4y i 7 15 25 AR PR R R, 3R 3.7 HUSEiR il 518 35 —3, EsE T
K 3.5 Zh iR I LA 3

3.8 XKW

JNAE ] EBSA BksEIb B s, LL UPS $E4E A, 4 EBSA Sk il f4m
T HRIE, 7 UPS #¥54E b, EBSA SykiEAT =BG A IS

G, BEALAMEL 10% M FEA T REAARSS, WIUAH bRSREAR SRy 200 4~ 55—k
AR, AT T RO gm AR o A AR AR, 1587 353 MR B EIEREA, BB ki
Ry B3 7 87 A mBEEERA, HUERART 388 MEAE, X3 T LIS
B BAS R AR TO R , (AT 20 o B A5 FERE A AT VI ZR3R 13 T — AN
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3.9 EEE1THtE) s34

EBSA FiE A AFEARN AR M B 42, SXTb&E AL, RS 2
KgAK, £ 3.8 H, FESHREFRRELANTIEF, ZHEIERE AT I [E7E 24 51 3
RTINS R SR B R KA THER ). 78 20 MR & Rk T s, seie
LN 3.8 k.

L n KRN FERIANE, o RRgERE,  RRmIERIRE, k RoRERER i H R
LS S BRI 1) 5224 2 O (nlog n) - EBSA BLVATHBLERFR AR O IR A 2258 O (n)
TR AR I R R 289 O (kn) » THELSANERIZ HH AOREAR 5512555 o FR) 2 8 F) IS
A2 9 O (kn), HHHERER O HE BRI IR A E N O (K?), Bk <n, # EBSA
SULIEEARIN (RIS 9 Ot (2kn + nlogn+n+k*)) -

M 3.8 FETLIFFH PL R &5 18

(1) 7£ 20 M4 F, IRH B EBSA I 4T I A 3 RIEAR T %6 bh &k
SETRED. STDP-CEW. STDPNaN F1 STDPNF %k, 3% 3.8 H%iE &7~ EBSA i
ATHS A ke, K& STDPNaN 5.k, ZJ57/& STDPNF &Hyk, SETRED 1 STDP-CEW
HykB AT A R K. X AZERN STDP-CEW ﬁ?£i+;$%r§m%faﬂﬁﬁa‘l‘m’E%%Ffz“ﬁaO(nz),
Foy it A S AR F RO B 18] BB 4% A o(tdn3), 1 STDP-CEW HLy% [F) B A i 0] &2 24 FE Ay
O(tdn®) . STDPNaN .33l STDPNF 512k 1= 2¢E T4 Fil DPC A3 ] 4 1 A 34K 1 4%
JEAR NaN, 52 2845 5] O (n ) MO (nlogn) , # STDPNaN %A [ 53 24
Jy0(n®), ENaNE 7£ STDPNF )iz 7 a8 T ENaNE o E IZR S0 g AT I 1l e,
4 STDPNF (B (A R 17 52 4 iy max (O (n?) | -

(2) 1E 20 S L, EBSA LM AT B BN T HoAh YA % 5v2:, i
SEHIES AR LIS 2, EBSA HyEM)IZ4THS A& SETRED. STDP-CEW. STDPNaN
STDPNF &E[ 1.17%. 0.12%. 1.83%Ff1 2.59%, iEfT# %A H] T AKIEF. EBSA
EVENEATI AT 2 #A 1, F T EBSA Sk R E] 472 T HAh T bk, eF
T WA TR IERRE
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RGN Self-training 2 AR R

# 3.8  BEIELE 20 NEIELE LIS AT N E
time EBSA SETRED STDPCEW STDPNF STDPNaN
AR 22.53(1) 705.05(5) 320.15(4) 130.03(3) 52.29(2)
Cleve 0.02(1) 1.27(4) 0.55(3) 0.12(2) 0.12(2)
COIL20 3.43(1) 74.61(4) 145.03(5) 23.95(3) 17.99(2)
Heart 0.01(2) 1.24(4) 0.32(5) 0.09(2) 0.16(3)
Isolet 1.83(1) 26.86(4) 77.74(5) 53.75(2) 11.21(2)
MINIST2k 2.87(1) 380.67(4) 1965.18(5) 332.93(3) 161.29(2)
ORL 0.95(1) 28.24(5) 6.07(4) 6.60(3) 1.91(2)
Palm 8.11(1) 253.86(4) 281.93(5) 32.40(2) 33.15(3)
Solar 0.03(1) 2.14(4) 0.43(3) 0.20(2) 0.20(2)
Sonar 0.02(1) 1.29(5) 0.27(4) 0.23(3) 0.14(2)
UPS 0.42(1) 45.67(4) 208.04(5) 39.73(3) 18.18(2)
YaleB 9.86(1) 312.61(4) 446.26(5) 164.95(3) 57.53(2)
BUPA 0.03(1) 1.65(5) 0.62(4) 0.11(2) 0.26(3)
FERET32 11.14(1) 472.56(5) 111.73(4) 76.92(3) 20.88(2)
MSRA25 1.03(1) 35.15(4) 91.09(5) 9.37(2) 15.42(3)
Yeast 4.2(1) 55.19(5) 25.09(4) 11.44(3) 8(2)
autouni 0.03(1) 1.67(5) 0.23(4) 0.13(3) 0.1(2)
Ecoli 0.08(1) 2.96(5) 0.98(4) 0.93) 0.25(2)
pendigits 0.24(1) 143.37(4) 1514.17(5) 9.45(2) 91.85(3)
uspst 0.44(1) 37.91(3) 201.14(5) 40.66(4) 18.55(2)
Ave.time 3.36 129.2 269.85 52.63 26.8
Ave.rank 1 4.3 45 2.6 2.3

(3) A4 Cleve. Heart. Solar. Sonar. BUPA. autouni F1 Ecoli 482 AH %} T HiAth
13 MRSk LN, IR RIS EBSA FEX -GN 4 HIE 1T R A8
i 0.05s, 5HABPYAXS LERIEARLL, K KHETE, fE Cleve. Solar. Sonar. autouni
F1 Ecoli ¥4 FRIUKT EBSA HiLM) STDPNaN HIEIZATH [ 16.67%. 15%.

14.29%. 30%#1 32%, 7E Heart 1 BUPA %#it 4 I &1k T EBSA H.iL) STDPNF &k
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AT A P) 11.11%, 27%; 1F &G H3ESE MINIST2k. UPS |, EBSA [His47T B} 1H 21X

T EBSA %11 STDPNaN SEIg AT [A] 1) 1.78%H1 2.31%: fE KA USPS Al
PIE I, EBSA [MEfT i AZ{X KT EBSA 53k STDPNF 5iLi@4T i [A]ff 0.4%F!
2.79%, HIBLAIA, 7ERMHHELE |, EBSA SEPGERRHEE IR, 8BS, =
H 5L EBSA [ B A M AREAN SR LR R (A S 24 5, A 1A) A2 2% P el . SRR 45 R S

PG HT—3, BAF 7 EBSA B P i .

3.10 A[EE 5 HKESHI LG

N T FUAN R B il 73 S 28 % BTt 1) v A5 FERE A IR B AN S 1 B2 T, E BEATLAR
Ry KNN (K=1). SVM FIRSERE EEAT 7525, ik DT R UER, RF LRBENLARMK.
B sRB b 47 7 50 K, sk T FIE AR IR 22 B T R AR B AT I ] . 5L
3645 R ink 3.9 f1 3.10 FoR.

R 3.9 fEXRE L RIERE

Accuracy SG+KNN SG+RF SG+SVM SG+DT

AR 99.1240.02 99.140.06 99.0940.09 96.2340.61
Cleve 75.7144.19 87.29+1.65 73.2146.76 86.1742.13
COIL20 95.9440.05 95.9540.02 95.9740.01 92.61+1.07
Heart 70.7947.57 78.941.05 57.7946.7 74.5543.81
Isolet 76.3140.07 76.3140.11 76.3240.14 72.3641.81
MINIST2k 91.3740.01 91.3740.01 91.3740.01 85.9440.62
ORL 97.0140.06 97.2540.04 97.3140.05 95.58140.66
Palm 99.0640.02 99.0540.02 99.0440.14 95.4640.47
Solar 83.1343.13 87.472.11 83.2240.45 86.2541.54
Sonar 77.9440.36 78.0340.17 53.3740.01 75.7542.81
UPS 92.0440.02 92.6440.03 92.3140.19 88.2341.39
YaleB 96.5740.01 97.4740.21 97.4630.17 91.93+1.68
BUPA 65.9443.12 71.73+1.76 42.5841.67 67.4144.72

FERET32 98.9740.16 99.2740.12 98.9940.13 97.754.5
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A7 3.9
Accuracy SG+KNN SG+RF SG+SVM SG+DT
MSRA25 92.8740.01 92.8630.01 92.8640.01 90.6340.87
Yeast 92.5140.04 93.2340.08 93.4840.06 93.5140.02
autouni 70.1244.56 83+.71 58.9244.8 79.91+1.36
Ecoli 91.1540.15 92.440.64 92.3140.51 93.0340.18
pendigits 92.1540.07 92.134).06 89.0340.46 90.3740.57
uspst 92.6540.02 92.6440.01 92.2640.19 88.3441.03
Ave.ACC 88.3 90.43 84.75 87.39
Ave.std 1.08 0.45 1.03 1.32

* 3.10 fE& e LIE T (A

runtime SG+KNN SG+RF SG+SVM SG+DT
AR 23.45 26.25 691.56 22.53
Cleve 0.02 0.49 2.05 0.02
COIL20 2.58 6.76 116.84 3.43
Heart 0.03 0.41 0.44 0.01
Isolet 1.45 4.16 0.96 1.83
MINIST2k 12.58 9.78 109.21 2.87
ORL 0.2 3.46 28.98 0.95
Palm 1.09 21.07 314.27 8.11
Solar 0.04 0.57 0.16 0.03
Sonar 0.01 0.27 0.03 0.02
UPS 1.07 4.61 3.72 0.42
YaleB 6.11 15.08 255.71 9.86
BUPA 0.01 0.41 0.14 0.03
FERET32 12.28 17.19 943.54 11.14
MSRA25 0.76 4.11 3.71 1.03
Yeast 3.34 6.27 19.13 4.2
autouni 0.03 0.4 5.45 0.03
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264 3.10
runtime SG+KNN SG+RF SG+SVM SG+DT
Ecoli 0.03 0.72 0.33 0.08
pendigits 0.15 4.26 38.83 0.24
uspst 1.12 4,58 3.45 0.44
Ave.time 10.33 11.59 825.92 7.86

M 3.9 MK 3.10 i, AT LR 458

(1) SG+RF #1587 = E 0258, SG+KNN Xk T SG+RF. SG+DT [

FHE S KNN AHEL HERKTEEHLAR . SG+SVM (1173 ks L iAo

(2) SG+DT B FiE47 R E] /N T SG+KNN, SG+SVM [ it e i K. BT FEpLER

MEER T 2/ N REH, SG+RF iz /T )iz & T SG+DT A1 SG+KNN.

(3) HZ, SG+DT WHAMMFILIZ TR ER. RE SG+DT 170 Kk BAREIZ /TN

[H]37E /T SG+RF.
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4 RIGHESRYRIERY Sel f-training B3E (MDSF)

WA K B IlZ:5: SETRED. STDPCEW. STDPNaN. STDP. STDPDE. STDPNF
A1 SNNRCE 75 a BAS AR AT, K08 FHIRR IRER SR TH R A [ pE By, (H R R 25
ANEFH T dERE 4 b, 2 madme g9 Ll R Qe 8 5008 T s e 45dls , (S e e 201 5
(IR A SR BRI AT, TOIEAE SRR N A R B S AP 18R o B T A AR AL P A
PEHIREE A REFIVRILAE ST, HARSBIERIFEAE B R BN 72 Rk, FUEE T HAA
FEAAPERE S AR AR Z (R E B, 4@ HH Al TF I 40 g 4 Self-training 57,

4.1 EX

B X 1 BUARRILE A

R x A X AN T 0.5, TUIACAREAS % ATXG ARAEL. SRS X AT X AL,
FLFEAS X R0 X AHABL, UAEAS X A X BOMBRARBARE RS o MN, (%) BB a MEARRIFEA
X B HARALLE R AR

EX 2 RPE, HHRAMEHSE

MNb(X)={0,,9,. 9, } FRBAUL TG, A X AEHAFEAS B BAR AL a4k
S ILEIRECN 9, FEA X IS MND(X ) = g, .

PR x BITHLATET MND(x ) = 0, FEA X R BT A5 o BT A BRI B A RO B A,
BIHHAE LQ = {x [MNb(x) =0} -

B X 3 UL AT

FEA x, INBRARBLE AT 42 A MDN (X, ) 9:

X; € MDN (%) < (% € MN,,(x;)) &&(x; e MN,(x,)) (4.1.1)

SEN 4 PAese g
LREMEAR R DE NPT JE IR A s, SR RIS B PF e IR, XFRE
PRAEGE S5 o
(v%)(3x; ) (e A) v (X = xj)—>(xi eMN,, (X, ))v(xj eMN,(x)) (4.12)
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/L\\ﬁ(412)qj’ 'ﬂﬁ%ﬁ\%&aE[L/fi]’ A<n> A =max

{x]x; € MDN ()} -
SEX b FEAI = L AN AE
FEA X I JRy il s T H SR

o= 20 -¢) (4.1.3)
_JLe<0
A((/))_{O,(DZO (4.1.4)

FEAS X HUEAE T3 T
j_rn_i>n_(lij),others

max 1, ),vj =i, p; < p

]

S =

(4.1.5)

AR@ LI =m, (x,x; ) FRFEAR XA FIRFIBIE, & Fon i
& 6 JLARAH
MDN () AFEA x; BJHARLIT SBAE A FT AL S &, TUIAEAS X, AT B350 1, 9
CM (i)=arg imax|FMi| (4.1.6)
b= You (4.1.7)
Ht R, 78 MDN (x,) FARZEN y, FEARLEST, CM (i) &8 MDN (x,) F B
W% HIREARIRZE o
REA X BR2 Y AN TREAS X B RBI |,, FEAS X MR AR

4.2 REGTHEMRREE

N T FEEPAAREARRIBANLTAE, S 7 B THT M R AR Fk 1 2Bt
TR R EER A, 58 DU AR A BUESERE, 25 3-9 25, RFEA A
UL AR FC T A A, 58 10 25, WEEHANANEL ZEHTEAR, B RE A
AR, FVARRIRERGS, BARDRIE 11-20 5. 5K 1 F, MDN AR
ULARARUEE S, RMN, (X, ) BRFEAR x (IR K AUEATSE S, M 2R TSGR A )
PERERFERE, A0 TREARPTREINA 1 2 I PUE MBI iR . 50E 1 filiid 1k
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fTHL B R A .
Algorithm 1 MDN_Search
N X

fith  MDN,M, A

1 a=1, VX eX, MDN(x)=2,MN,_(x)=2,MNb(x)=3,RMN, (x)=2

2 2~ (2.7.2)7E X B SEARUE B FEM

3 For X in X

4 If m(x;,%|H;D)<0.5

5 MN,, (%)=MN,, (x)u{x}

6 MNb(x;) = MNb(x;) +1

! RMN, (x;)=RMN, (x;)u{x}
8 End if

9 End for

10 quv=[LQ

D quRRESE

12 A=a

13 For X in X

14 MDN ()= RMN,, (%) A MN,, (x,)
15 end for

16 return  MDN, A

17 else

18 a=a+l

19 Go step 3

20  Endif
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4.3 SEEEEFEFHZ

F£ MDSF Sy, A AR B2 8 07 2o h 5 tH AR AR I R 02 FE AN, AR SE
KRB HR R . 3 BIFEAI G R 18 1 J5 7] DL IE H Pl rHa 48 & &, £ MDSG
BOEEE 2-4 08, RN REARR R AL, 5 5-10 2B, BT AR
FRACLR) 3 P v T8 A PR FE AT E X R AR 1), 7RSS 11-20 28, RMEREA Z E] )Rk SR 45
()R BT A A B AR ) b — AN — DN T HR A8 R IS I HE A R A 4R L 2
order ICREMERFEL T 2D UGERIGWARIL, & FonmBWTBME, arrows RasFEAR

RAIRETTIA, 75k NTCARBEREATE A AR EFEA

KA ERGIT: B 418, IERRRR L RIIREAR, (8 ERRE 2 ke
A, HAEBFORR=FIIFER, LR AREREAR, TORRTARBREA . FEA XK
REATEIAA: WFEA x T 1A BT B A x Sl )3 R TAEA x R s

*

®  |abeled samples of class1 O unlabeled samples of class1
labeled samples of class2 unlabeled samples of class2
*  labeled samples of class3 *  unlabeled samples of class3

K4l KRM\rE
H N ZRETRAT B 1 70 288 B 1 8 E A= B A R UG, 21 T MDNE
Fik, B REARRIE WA GREARRZE AT XL, K5I BI A — SRR A g
PR ER, TSR TE 1 ELAS R EA IR R . RS 3, B 2-5 0, EFRIE
AT order MARBULBZE BRBLUI WAL & MDN » HRYE MDN THEFEA RIIL AL S,
% 6-9 8, XREARMATHRE, UHEAIRE S EREAEMA B, WHEZFEAR R A,
PRGBS — BRI FEAE Ny B EREA
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Algorithm 2 MDSG

PN

it
1

10
11

12
13

14
15
16

17
18

19

LU,e,M
order
X =[L;U],count =1,order =
For x in x,DO
order (i)=0, /2 (4.1.3)F1(4.1.5) 1 5= ¥ 2% LA
End for
For x in y
For x; in

P(i)=argminl,

arrows(i) = P (i)

End for
End for
HEDE, HEAWREEAE LFITA T —/MEAR SR 2R A

LU HHOLEFE.
If CHRREREAS X R R A S L B — MRS A
L=Lux,U=U—x,order(x)=count

End if

count = count +1
HELE, BIEWRSEAE L KA E— DR 5T 24
ALY THEFEE
If TCARZEREA X R A FRBEREALE L B — DA R
L=Lux,U=U—x,order(x)=count

End if
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20 count = count +1

Algorithm 3 MDNE

LITPN X, MDN, order

gl ES

1 ES=0

2 For x in x

3 IEFEHT order THRAG TR AL ARFE A
4 M MDN  THEL -
5 End for

6 For x in x

7 If Yi = Ii

8 ES=ESUX
9 End if

10 End for

4. 4 YETHEARSRAEEY Sel f-training B3k (MDSF)

MDSF 5032 8 56 8 SR BT Q048 2R Sk B M FEAR SO AR &, ARG H 2
THeR AR B2 U7 Tt SRR SRR, 45 BIREAS R B0 LA J5 , AR 55 B S U
WEREARR S R IG W, MIEIETHEA R R, EAWREREALE BUIGYILR 3648,
PEPRAG T2 0C R AL FHWIAG 0 KRB TR AR TAREE, B S5 FEA L 482 — 50
FEAANE R i BLAS ERE AT B bR RE A SR P AT N 25, SR, BB R A1) 73 2545
MDSF S g5 T -

RS A v, 5 2 D BRFEARIIBUGTHEAE, 58 3 DL EATE 2 D kARG s
i, 584 DRI RS, B T-11 8, BRI — TN IR T ARAE,
912 AT BRI R E B R R, 3 14-16 8, TEHTA RSN T ARAE
FEARLE, 55 19 B8 BT 5 A AR A AR SR I RS B AL J5 1 7 2K s
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Algorithm 4 MDSF

IUN LU,¢

i H

1 X =[L;U],order =&, TU =&

2 [MDN, M]=MDN _Search(X)

3 order = MDSG[L,U, &, M]

4 TERREREASE | BI85 1

5 count =1

6 While count < max (order), Do

7 For x iny

8 If order(x)=count

9 TU =TU LU,

10 End if

11 End for

12 5> K48 H NFEAREETU T AR
13 ES = MDNE[TU, MDN, order]

14 T A RS L« LUES

15 EH T EREALEY « U —ES

16 TG A PREFEARSE L EiIIZRsr 2888 H
17 count = count +1

18 End while

19 FERAAT BRI AARBAEASE L EUIZRn2K45 H
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4.5 SCENRE

SLEGTE 32G P AF 64 £ Windows 10 #:4E Z 451 Inter Core i9 Ab3H 35 (PRI~ AT
IDE w335y MATLAB2019b fifi A .

S8 T IO SR 2 9 A T Bt 5« 4 16 DS+, AR, COIL20, FERET . ORL.
Palm. YaleB A Yeast ¥yl G8dade, HEIEAMLEN,  Heart Jy LIk 55 5 &4t
THEPLKZ 434 (SPECT) B2 Ii{E B 8datE, Sonar Jymghdate, i&fEH 7 8 4
UCI #5842, Australian , BUPA, Cars, Cleve, Heart, Sonar, \ehicle #1 Zoo.

B VEAN(E B3k 4.2 k.

* 42 HAEE

FF5 EAEE S FEAHL YEHL 1L iG]
1 ARSI 1680 1024 120 AR

2 Australian 690 14 2 AUS
3 BUPA 345 6 2 BUP
4 Cars 392 8 3 CAR
5 Clevel® 303 13 4 CLE
6 COIL20(242] 1440 1024 20 COoL
7 FERET32x3207 1400 1024 200 FER
8 Heart! 270 13 2 HEA
9 Solar 208 60 2 SOL
10 ORL® 400 1024 40 ORL
11 Palmé 2000 256 100 PAL
12 Sonar’ 208 60 2 SON
13 Vehicle 323 12 6 VEH
14 YaleB[7] 2414 1024 38 YAL
15 Yeast 1484 1470 10 YEA
16 Zoo 101 16 8 Z00

5 http://www.uk.research.att.com/facedatabase.html

6 https://www.gwern.net/Crops

"https://machinelearningmastery.com/standard-machine-learning-datasets/
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ARSI  B R, BRI 25 ¥ SETRED.STDP-CEW,STDPNaN A1 STDP
AT X LS00 . ORI AT IR VA e BE ), S8R mIRH R ENN, DE 1 LSEdit
1E B I SRAESE R REAT X L8256 o X6 P SR 24T S B0 S SR B, A vl an R B
7t SETRED. STDP-CEW #1 STDP &%+, oy DPC BiEHhE S a1, g NE

EEKFEME, WEg=2, 0=01. {E5VEDE F, ¥EK=3k=2. £ MDSF 5%

H, £=05-

SR, R KNN /E99E732588, KNN (i35 F: K=3, R it
171 B IR B PR B REA BT 1Y) K N FESEBG R, A P HER SR RO bR A 22 1 R PPN Fi ot oy
FNEREHAT V-G . N T RERTIRFLA REME, 78 95%I1 B A5 L /K-F T Wilcoxon
Fremtem T ot s, /9 “+ 7 “~7 M “-7 o alFox MDSF BRI REIL T,
T T B

4.6 FAMES I

FELEEN) 16 N IENERHRER b TS5, HIAGA AR LLE oy 10%, BRI &
A 10%HIFEAF R, 0%HIREA TR, 8 NHEILIEIT 50 K. HEHEH At #(243146],
43 8k BE R bR 1 FUER R (Accuracy ), THET 50 K17 45 SR 1P 1H (mean) fl 7 2 (std)
g aE R 4.3 Fis.

®A3  BHILME 16 N EESE LR IsERE (HERRR) (EHRHER)

Accuracy  DE ENN3 LSEdit SETRED  STDPCEW STDPNaN  STDP MDSF
82.02(5)  8435(3)  8531(2) 8142(7)  81.96(6) 84.22(4) 77.45(8)  98.79(1)
AR
+1.27 +1.01 40.81 40.77 .34 +.95 .14 40,06
6359(8)  65.39(3)  6566(2)  64.06(6)  65.31(4) 65.24(5) 64.17(6)  70.53(1)
AUS
43.96 +1.88 .61 42.07 42,64 +.08 .76 +1.64
50.89(5)  60.7(3) 60.94(2)  60.37(4)  58.96(7) 58.73(8) 5957(6)  67.88(1)
BUP
+4.89 43.14 +4.04 +4.06 +4.05 43.86 38 4376
90.45(7)  91.22(5)  91.64(3)  91.61(4)  88.23(8) 92.14(2) 90.96(6)  94.7(1)
col
40.92 +1.41 40.78 40.83 .75 .17 +0.83 40.23
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ZF# 4.3
Accuracy DE ENN3 LSEdit SETRED STDPCEW  STDPNaN STDP MDSF
88.95(5) 89.80(3) 90.09(2) 86.32(7) 87.41(6) 89.20(4) 83.17(8) 99.14(1)
FER
.6 +.05 +).63 +).62 +1.16 +1.20 +).87 +0.13
79.44(4) 79.31(5) 81.09(3) 78.46(6) 81.95(2) 76.87(8) 78.06(7) 82.95(1)
SOL
+0.06 +0.08 .19 H.77 +0.49 +).18 +).08 43.42
85.25(5) 86.99(4) 87.54(3) 85.11(6) 84.1(7) 89.78(2) 83.87(8) 96.47(1)
ORL
+1.00 +.40 +2.18 +.8 +1.33 +.13 + .57 +0.03
86.47(6) 88.92(4) 90.10(2) 87.68(5) 85.59(8) 89.68(3) 85.63(7) 98.66(1)
PAL
+).55 +1.06 +0).82 .92 .7 .65 +.24 +0.02
59.39(8) 61.72(6) 61.96(4) 65.03(2) 59.54(7) 63.53(3) 61.78(5) 69.72(1)
SON
36.32 36.73 5.43 +2.53 +5.29 +5.08 +5.35 +.02
69.96(7) 70.73(3) 70.83(2) 70.72(4) 73.09(2) 70.22(6) 70.54(5) 78.44(1)
VEH
+1.98 +1.99 +1.65 + .52 +1.84 +).97 +0).89 +.8
70.1(7) 76.26(2) 75.09(4) 73.06(5) 70.50(6) 75.88(3) 68.97(8) 95.97(1)
YAL
+3.18 +.1 +2.26 + .51 +1.20 +.78 +1.33 +
65.04(8) 68.44(4) 68.46(3) 67.89(6) 69.76(2) 68.22(5) 66.58(7) 78.59(1)
CAR
45.22 +3.35 +3.46 .41 +3.65 +3.47 +4.59 36.56
77.12(6) 80.01(2) 80.8(2) 79.12(3) 78.16(4) 76.63(7) 77.82(5) 83.98(1)
CLE
+3.67 +.37 +1.39 +3.48 +4.64 +5.65 +5.81 +4.98
63.75(2) 62.77(4) 62.45(6) 62.62(5) 59.74(8) 62.17(7) 63.33(3) 66.77(1)
HEA
.12 +5.8 +4.73 +2.49 5.73 +3.97 +3.94 .77
86.09(7) 86.22(5) 86.22(5) 87.47(3) 84.6(8) 87.51(2) 87.2(4) 89.25(1)
YEA
+).46 .17 +0.05 +2.34 +2.75 +2.46 +.97 .51
84.24(8) 87.01(3) 84.29(7) 87.05(2) 85.89(5) 86.65(4) 85.05(6) 87.13(1)
Zoo
+3.58 13.72 2.8 +3.26 +1.69 +2.22 +3.64 .73
WSR-test  + + ~ + + + + N/A
AVE.Acc 73.38 74.89 76.87 74.26 73.04 74.91 72.86 84.31
AVE.Std 3 2.54 1.87 2.18 2.4 2.65 2.51 2.37
AVE.Rank 6.05 3.9 3.35 4.7 5.7 45 6.1 1
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M 4.3 FISRIe 45 T T 4 ik
(D fEFTA K 16 Mot b, 32 A5 MDSF 99 250 R 27 T % B 592 DE.
LSEdit. ENN3. SETRED. STDP-CEW. STDPNaN Al STDP, iX&[X & MDSF k&
FH 0 B 5 07 2CRT DI 8 30T R 48, 38T a BAG EERR A R BUR &, 4Tt 736
Al

pun{y
&Yy

.
’

(2) MDSF Sk~ F 5 4r e 2 75 B i SRR T 3, 30 AR UG I A
BEREAR S N BENIA I, LEAAAE: B & AR, R RO A R R B AR Robr a2 S 805
X PN

(3) #£ AR. COI. FER. PIE. ORL #1 YAL ix 6 ¥4 b, $2H #59% MDSF
(1o ek ReIDEIE T 90%, B0E T4 H 1Bk EBSA I R IF 100 8 PERE, 1X 6 MR
B R EG RS, S H MDSF &b 2 i 2 B 5 B0 1) /g

(4) 5 DE. ENN3. SETRED. STDP-CEW. STDPNaN #1 STDP %ikAf L, 7E 95%
(1) B A5 FEKSF EdE AT Gt A 56 5050 245 SR s (I Bk MDSF SER 45 %2, B0 1 555
(A R

(5) 16 MERM TR, ARIGHIESE, RUBIRE, NMNIKIHRE, Ll
EBI T MDSF SE AT 1z 1&g

4.7 BRERARLLEIXNEZE S KRR

NIGAIE A bR ZEREAS EL A% %o EE L2 o 2R BRI SE ), BEALIE B BEARFRZE L] N
10%~90%, Pt 10%, 7& 16 NMEfasE anhs ., seiess Rk 4.1:

AR AUS
100 T T T T T T T T T 85 T T T T T

95 -

80

75

70

Average accuracy(%)
Average accuracy(%)

¥ ~
80 A 65 "
«
75 . . . . . . . . . 50 . . . \ \ . . . \
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Proportion of labeled samples(%) Proportion of labeled samples(%)
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CAR
80 90 T T T T T T T T T
75 1 85 1
z z
8 70 - 1 3 80 1
3 =3
o (53
o o
© ©
[} [}
ges5f g g75¢ 1
g g
< <
60 1 70 b
55 . . . , , . . . . 65 . . , , . . , .
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Proportion of labeled samples(%) Proportion of labeled samples(%)
CLE
86 T T T T T T T T T 100
84 1 98 |
—~82r 1 —_
X X 9%
= =
o o
80 B jud
3 3
8 g
S 781 J 9
o o
3 o
> > 92
<6l 7 <
74 ¢ 1 90 -
72 1 L L 1 L 1 L L 1 88 i L L 1 1 L L L 1
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Proportion of labeled samples(%) Proportion of labeled samples(%)
FER HEA
100 T T T T T T T T T 80 T T T T T T T T T
78 1
95 B 76 1
—_ ~T74F b
* x
> >
g 9o 1 gr2r 4
3 3
3 870} 1
© ©
[ [}
g 85 | g g 68 1
g g
< < 66 1
80 B [ 1
62 4
75 s ‘ ‘ ‘ s s s s s 60 . . . . . s A s E
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Proportion of labeled samples(%) Proportion of labeled samples(%)
SOL
90 T T T T T T T T T 100
98 - B
88 1
96 1
86 1 —_
* R 9t 1
= =
8 8
Ca4r ] g gof i
o o
o o
© ©
S82r 1 o 90 i
© ©
o 9
z > 8 1
< 80 - i <
86 1
78 1
84 1
76 . I . , , . . . . 82 . . . . , . . . .
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Proportion of labeled samples(%) Proportion of labeled samples(%)
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SON
100 90 T
85
s _80F
X 95 X
= =
o o
o S 75¢
3 =3
o (53
o o
© ©
5 S70F
o o
o 3
> 90+t >
< < 65 -
60 -
85 | . . . . . . . . 55 . . . . , . . . .
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Proportion of labeled samples(%) Proportion of labeled samples(%)
VEH YAL
88 T 100 T
86
95 -
84
~ 82 ~ 9%0r
R R
z z
goor g 85
3 3
S 78 &
[} [}
80
ol &
g g
< 741 < 50
72
70 -
70
68 . . . . . . . . . 65 . . . , . . . .
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Proportion of labeled samples(%) Proportion of labeled samples(%)
YEA
92 T 98
91
96 -
90
— .94
X 89 X
= =
8 8
S8t 5925
o (53
o o
© ©
Q87 r 890t
© o
o 3
> 86 >
< < 88 -
85
86
84
83 L L n L L L L L L 84 P 1 1 1 1 1 1 L L
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Proportion of labeled samples(%) Proportion of labeled samples(%)
—4A—DE —+—LSEdit —&—MDSF STDPNaN

—#—ENN3 —&— SETRED —#— STDPCEW —%— STDP

Kl 4.1 AARZEFEA LB SR B2

M 4.1 w13 240 T 4518

(1) BEEEIREFEARLLGIE N, 205 E MDSF 78 AR, ORL. CAR. YAL #l

FER #4545 F 1oy S5 PERE AR 2248 T %F b 5% DE. LSEdit. ENN3, SETRED. STDP-CEW,
STDPNaN #1 STDP, fittr] LA H#E HE R R IR 40 25MERE, 1X 5 MNEHEE AKEE
RS, AT MDSF X G B 5 BRI AL FRRE 77
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(2) $RHHIBEE MDSF TEREA LU /D I 3RAF T B m AR 22, 1 FAboxt L vk
FEEVREREAR IR Z 0, ARSI M e =, [H 3 H A 5% MDSF 51 31 sz ok
TR B AT AE D B AR 1 155 150 5 I R

(3) [HEAFRZELLFIRBE N, ik MDSF 15 P EREIA BB AR, X2 NTE
B, B A RS HL B N, MDSF S00EAE [ I 2Rl R b T e 2 it 7y 2B RE AR,
M SEME 73 2R 281 RE

(4) BEEA 2B, &1 K%E % MDSF /£ AR, COl. HEA. BUP. ORL.
PAL. CAR. SON. AUS 1 YAL iX 10 e LR R R tLECFis . fEARBH
PRSI F R, MDSF S 7 KRR RE 26 LU, X o8 T MDSF Bk B A 1R 47
(R HETE

4.8 BRFELLBISCIR o4

MDSF SR SR R o e AT g, DRI RAT e L MRAE ST, RERS
A RO IEHHE S P AR 0 EE . Dy T BUE MDSF 2R, HEAT 1R SESG . BEAL
WL 16 DNEHEEE T 20% I FEAR IR TAR%E, FEA ARZEFE A SR T BE IR HR [ 196, 10%] 4% »
BN 1%, T H RS, REHAT00 . B AER R A 0 R IE R F645
A B LR FIESIT T 50 IRSER:, THE S RS AR M SME AR R S
R, SERE RANE 4.2 i

AR AUS
100 T T T T T T T T T T

~
=)

©
@
T
~
N
T

©
S
T
~ ~
=] N
T T

)
&
T

Average accuracy(%)
ol
[39,]

Average accuracy(%)

o
>
T

®
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T
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i
T

~
o
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N

0 1 2 3 4 5 6 7 8 9 10 0 1 2 3 4 5 6 7 8 9 10
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PAL

Average accuracy(%)
o
(5]

Noise sample ratio(%)

VEH

80

~
®
T

-~
o
T

~
N
T

Average accuracy(%)

~
N
T

-~
o
T

=
®

SON
78 T
76
74
Kt
=
o
©
570
(53
o
©
© 68
D
o
Ze6f
64 -
62
60 -
0 1 2 3 4 5 6 7 8 9 10
Noise sample ratio(%)
YAL
100 T

95t W—e\

Average accuracy(%)
[o<] 0
5 o
.

®
o
T

75

70

YEA Zoo
90 T 92 T
89 9
sl 90 -
2 Leof
g o7 g
G 86 ®
5} o 87
& g
3 85] °
<>: 3: 86
84 85
831 84l
82 . . . . . . 83 ,
0 1 2 3 4 5 6 10 0 1 2 3 4 5 6 7 8 9 10
Noise sample ratio(%) Noise sample ratio(%)
—A— DE —+—LSEdit —©—MDSF STDPNaN
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W] 4.2 AT B {8 B R 2

N P BB X S A BE RS2

(1) RHHEH: MDSF {925 1EBE74E AR, COl. FER. ORL. PAL f1 YAL #i#E
£ F 2R E I E T 90%, f7E CLE. Zoo Fl1 YEA H#E£: b1l 2Kk fe3ym T 80%,

H AT DAIE B4R H ) 5092 MDSF 11 R 1Y) 25 I 75 1) g

s IXFE BRIV BAT 1 Bt g 4 500
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DE. LSEdit. ENN3 1 SETRED (XA A br2FE AL o (M5 Bl IE M A, FEG FR%%
Le s b o B o R, & AN R, 17 MDSF BT LA [ B A1) FH 0 g B A 8
MEFEREAR, B E FH T ILE (R B AR

(2) $EHRIH L MDSF (115> 25PERETE AR, CLE. HEA. FER. AUS. ORL. PAL.
CAR. SON. VEH A YAL ix 11 M#adk Eyp2EtEaeimfii T DE. LSEdit. ENN3.
SETRED. STDP-CEW. STDPNaN Al STDP %%, iFBH MDSF Sk 4n e ik LM s
MPEREtR R, X 10 NEERETH 7 DMEGEIRS, HIkeT DIE H MDSF 500 BG4k
PRoE RAFHIALFERE /)

4.9 BURREIERE S

L n FOREAREARIIANEL d FORGERE, (RIS ¢ ROREIREL  h B
()%, ¢ FoR B B, MDSF Sk T SR AR FE 80 40 B 1 I I B2 2% B O
O(n’hlog¢+hglogg), FHRIAMMULABIIE AR AO(nlogn) , 7 EA% FERE AL
BV B R S 4% B O O(n) . M MDSF Sk 0 % R B R 4% R M
O(n’hlog¢+hglogg+tn+nlogn) . STDP-CEW 512k i1 5 %5 Ji Uk K 1 INF 5] 52 4% JEE Oy
O(n?), HA3EHA A0 BE FEl it 1604 2K FE R O (tdn®) , i STDP-CEW By B s [ 51
£ 0(tdn®) . STDPNaN $ii: 1246 T M) DPC KI5 M 134K [ 2RI 48 NaN,
L TR S4B 53 5519 O(n®) MO (nlogn) , # STDPNaN %A i) 5 44 B A O (tn? ) o
DE 1 ENN3 S 1 B TR PEA kL4s, MG A% 0(tn’) . LSEdit 5i%kE2AE
T IR ERITAE NaN, 522 Z 5 O(nlogn) . SETRED 53k 3 BLAE T M43t AH S &L 2
/iS4 O(tdn®) . STDP Sy 3 BAE T A DPC RILZS IS5 H, 6 i) 52
FO(tn®). Zr AT, $RH 5% MDSF (i /i) 5 24 B kT STDP-CEW Al SETRED,

i 1A 5 AR EE SRR A EE T MDSF 173 28 PERE, AR [R]_EAT B2 ol LA 2 1
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5 REERE

5.1 B4

PR GE 1) W B Ay RENE I TR B R E AR, SR LA 1 SR G AR 2 A AL
B ONETE MBI AR AT RN m . 8T AR TR SRR R, Pl
By A5 ) HE NS T A o 2 B 7 J SR AT LU FH /b 5 W S5 AR K B oA R A
BEATH22) . HATH) Self-training HUEMESL T 1 I BHLEE 3 ) BOE M B A wr, A&
T KEE S R o BERHX — ), AEERFRE SRRt b, 3R T A bR ER R
Gy AR A 7705, 12 TVE AN RS 77 (8 (1 b B PR R, T HL AT AP (i B B A
FEREARHEATIERIN S . S HEAFE T Self-training HIEHESE FAUAELEL, EBSA HiERII
LR AR EIRIRIETE, [FIR EBSA BUEIE BAG LS R E, IS 7 (k4T S2BR R
Hi T EBSA FRUCIRAR 1K B 80 A Bk 55, AR AR SR AR B AL 2 1) 8 42
b WIRERIFEL T B ELAL S BT, TR 7 SRR RE . B bR ER D 1
LT, XN TAPEREIRE, 255 M 2/ 20T BRI, PR T
EBSA FLEMITERE. AT — XS XA G SLEAT 7T

A1) Self-training HEZE T 1) 2 W5 BHL AR 2% 2] B0 K 240 B RRRE B 1SR AR 2 [
MIEEES, ANEH T ade i SR . B IX — v 8, ST AR AR B oy =,
P T — R T AR SR 4R 7 V5 MDSF. MDSF S35 AN AR ALL P i 805 30t SR B
B, $RTT T EVEAE AR A 2 K PERE . MDSF BLE IS R FEAR B THUT AR, ARTERE
7S 14 Jr) 0 85 ARG A 5 FE AR 2 T [ 5% R E [ A HLAl T 406 R I, 4R T — AT
e B G R AR U, %I VE AN R 7 (5 ¥ A B0 PSR, i HL AT DG B v o R 1
=B EEREAEATIERIN . SR T Self-training HEZE T i HAR S LA L, MDSF 5%
TEAARBREAR LG 10%IEHEEE 1oy BE RIF.  MDSF BIATEA AR A S 7%
MR b, 5HAREIEA LG YRR IR T A AR . R MDSF SEINIE A T AR 254
AR, 1E 16 ANEE S 3T RO ELSRe AT LLE 43 Ui B B H 5509k MDSF (1 K47
SrRPERE . TEME ST, MDSF SETEA [ M B AR L) R 2 M RR AR T~ oA Fr %
sk, HMERefaE, R T MDSF S8k R EdEgmiEfe /).
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5.2 RBHE

BRI S, FTPEH i EBSA HA LU R A (1) 55T B I ZRHEZR I A AR 5 51k
FEL, EBSA MIVIZREIE B M. Hitk, EBSA nJ DG K HE. (2) EBSA ]
LA i 5 M 75 5088 30 495 v O 2 ) o P BERE AR o BRI, 2 S0 B SR AR IO L AR B T 4 e
(3) EBSA ATREHSH, AR EHEMTLRNAH.

MDSF S BA U N (D EH 7 AL & 7 ok i B AR B K &,
G T R B TE s 4 A A B IR 4R R R A, RIt, MDSF BEE A T i
BT /02K (2) M T YT ATE, TULE PRI m AR A B IR R, T T &
BAEERARSRERUR R, /08 IR 2 T i .

EBSA BUEA WA EEH N (1) YIRS 510 ™ 5 520 B 5L 1 1 Be .
(2)  EBSA {8 F 3R 73 TN G i S0 K G B M P B, e L TG vk b 1 A 3k T 4 A s
f. Ky EBSA {8 BR IR BE BRI S AE A Z R IBE B, BT LAE AN IE FH TiAT 8 AR &
Her B . AR, HMLUR Y RAEE: (1 @ inskEr%eE, ¥ EBSA &
DA B ARRRE AR . (20 XTSRS R AR, KR & SRR R
HOTER DB AN S, LME EBSA SiknT LAN A T ix ki 5.

MDSF 53 = A E B85 (1) MDSF 83k 3 B T Yl 4= 2K, B
G 2R B R A ) HE R 32 520 MDSF S48 8 MERE. (2) BRI2h MDSF S5 A AHAL
M e 7 R SR AR, A B A AR 1 B 4R AR b T Ad T L SR IS AT N 1)
K: (3) MDSF HiEAE & T AT AR & BB ge . EASRI TAES, THRIsF 7t
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