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Self-training 2= Wi B 2 I O Ja i — N BORESE, FORI D B A AR 4

P F1K 5 ) TE AR R I 5 03 4% o U] AN DR B R o bR R R A i L v LA
FEARIMAUIZREE R self-training BB —0, FERAINZRd F2  an 548 A 1%
SR BB BEREA, RERIGHOR . BRIk, ASCHE H B R T o B A A
AEELH self-training 515

(1) FETXF self-training BIERIWTL, ARSIV 2 G BT 1548 2 5 TRk
JUSRAFRE B THRE A IR P BE 8, IXANE ] T S A8l . iesbh, IRZBEH
AN BRI 23R B (0 2 (R G5 A F2 0 PR S Lo DR, AR SCHR R T B MR I SR 1Y
A B4 self-training 5772:( A Robust Self-training Algorithm based on Relative Node
Graph, STRNG). 56, STRNG i F 2 T HL I A AU FE 2 SR AN AR I 2% 15
FEEAR,  DAKE) 5 J5 2 W 4 R B T FE S (M 54 . SRJE . A SOIF IR i @ MR AR
LR ri B (RNG). fE, RHABRBR 7 vE 2 5 s BAS BEFEA T g hric
TR B RS A AE 14 D AT SRS B S 4 A~ OF Self-training 5
POHATXLG,  SEBG25 LRI A SCATHE ) SR A 2

(2) EFXTHUA [ — 18 self-training 2= T RS ERIEBE R BEEHA, MK
SR . AR T — AT ARG B JER self-training 57%(A Self-
training Algorithm for Adaptive Local Neighbor Filtering, STALN). ¥ %G, STALN 4%
BRI ARG RS EIENRBER, SN SRE AR R4 E .
U, R R EARE 115 BN TR B FEA P FLbR %, I 5 3600 R 38 T AR5 XF L
AR AR — BONNRE FER Ay i BAS FERE AR, 67 VR m] DU ORI R IR A . B S
WX L8 i BAR AR I ZR AT IEARIN SR v 75k STALN HITHERE, 7E
18 MEWEIEE S 4 MO Self-training FIEHEAT R EL , 528645 BLISE T STALN
(A Rk

SBIF: Selftraining 7 B REIEHA RHAUE 2R SRt
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Abstract

Self-training is a well-known framework for semi-supervised learning,
which utilizes a small amount of labeled data and a large amount of
unlabeled data to train classifiers. How to select high-confidence samples
from a large number of unlabeled samples and add them to the training set
is a crucial step for self-training algorithms. In addition, if high-confidence
samples with misclassification are used during the iterative training
process, classification errors will be amplified. Therefore, we propose two
self-training algorithms to improve the selection of high-confidence
samples:

(1) Based on research on self training algorithms, many existing self
training methods are based on Euclidean distance to measure the
relationships between samples, which is not suitable for complex
structured datasets. In addition, many existing algorithms cannot fully
utilize the spatial structure of the dataset to mine important information.
Therefore, a robust self training algorithm (A Robust Self training
Algorithm based on Relative Node Graph, STRNG) was proposed. Firstly,
STRNG uses block estimation to calculate the density and peak of each
sample, in order to construct a prototype tree to reveal the potential spatial
structure of the data. Then, we begin to construct a relative node graph
(RNG) for each sample. Finally, based on hypothesis testing methods,

samples with high confidence that may be labeled incorrectly are removed.
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The effectiveness of the proposed algorithm was verified by comparing it
with four existing algorithms on 14 publicly available datasets. (2) A self-
training algorithm based on global information filtering (A Self training
Algorithm for Adaptive Local Neighbor Filtering, STALN) is proposed.
Firstly, STALN combines the global and local information of the data to
adaptively select local neighbors for unlabeled samples. Secondly, using
the information of local neighbors to assign labels to unlabeled samples,
and comparing them with the labels predicted by the base classifier. If the
labels are consistent, they are considered as high confidence samples.
Finally, add these high- confidence samples to the training set for iterative
training. The effectiveness of STALN was validated by comparing it with

four existing algorithms on 18 publicly available datasets.

Keywords: Self-training; High-confidence samples; Local Neighbors;

Global Information; Data Editing
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1. &

1.1 fIREERENX

LUK, BEE LM EOR . THEIUNE GETHLRI B S 5 A, LA
M. st 8. KRB EARSE AR BE— B A e, NI E . A7 A4
M E AR AL 1R 2] 7 ARCRI IR . T RO RE 9 AT ) o SR TR A B S 3%,
{BRFERE B m R T2 HOR BRI . toan, ARS8 tha] Rl bl
BAER. URER, FMERNGEREAEA A, &2 HEERNTI
IR IE A — e AR RS . BRI, A ATT3E DA B2 R BE 4 M R FH i
el XA R T BO BAE 34T 04, BT R BCHS Hodhs Hh g B 1 A 4y
ERE R, an ] X LB s vh o J He b B & A U EAE B, R I v R ) A
a0y RERANE S, LAFE BhAH S S8 R A D s L TR A 3 R IR R L,
B TR S AR R U B A B AT A . IERIER M SN, B
Y244 (Data mining)!'BORRIE M A . BHRIZHEAE N — MmO EdE L BEEOR,
MR B 2R B0 TR R ISR B 0 pR S L TG AN 23 4 A FAS BRI K. 28
P23, P LA S Al R A A U HOAE B AT 3 i b 55 D 58 ) AE B 1P AT R0,
PRGFEFNS, BURZIRERMN AR 2, ST ER. Sl xR 2
BEIT7 ORI, FLT R4S ARSI g o BT s lan, T EW Y SR RER
HISE 515 B AW I S35, 9-F G St B kbt e . m m R icE e 2
N L) ZE T LR HE &S XA I R BOR AT 2R 16 O W KRR PN R it
JHEE DA S & it e ol R B B R LA

HL#% 77 >J (Machine Learning) K 3 H 21 B4R R Bz B A HIME Bt 752 >IN
M SRAF R, I RO B B s 247 T R B 70, 0 R e 72 40 i A7 R0 4%
Z — B HU#s 5 2] o o B 2% 3119 (Supervised Learning,SL).  JG M & 2% > 111
(Unsupervised Learning, UL)A12H % 2% 1131 (Semi-supervised Learning,SSL)=
FKo FRRHENEE, S0HEE, ARSI L GE % (abel). HALE
AIREE, WA WEF 7 2] s AR M Te B 2 20 A D EAR B N B 2

A HEF H br A2 WA R 22 R 2558008 22 20 eR SO S 5C &, DA RES X3 IR R AR

1
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AT TN B 26 7EA W 2 v, A IR I i N AR R i HE A
AT ISR, NI DS N R4 2 IR 06 R o LR ARRRAE & VI 25 85 d 4
BLE AR, gt /2 5 AFEARH AT X LI AR RS o A B 2 ST
1454325051 (Classification) A1[R|JH1) (Regression) FFhF BRI FMTS . Al
B2 SR LS 2 2] AUl i FH 0 B A B 80 i — AR RER AR — AR AU
B 2 SR 5 R B A AR e 25, IS oG Ac B R SR ASE R T S ARl
DR 3R 19 70 2 1 A (R R 2 B3 SR 00 FERF (Y, BB RAAN T BE . ol B
> H Ar AR AR IE I R B (4 BURI G &, T T R bR 2 Bk
FONE B FETCHB I, A A N80 o 27 ST R 4 4 . T e B
1 T R (Clustering) . 44k (Dimensionality Reduction)Fl < Bk U 2
P 1%)(Association Rule Mining). {HJG Wi B 5 =) BN & AR AT OB bRvE 2 FENLER B
CHTHEIERN IR ER, AL AR, 7T RE HILBURIR ZE FIBREE: X
SR E PRI R, TEL L I TIAEL . IRAEXT AR B 45 Rt AT
fRE, TN THMTHE B o . LIRS IR — R & T MBS S R
TCMR B 2 S I 73 e 2D B O R 8 R K oA S A P e 1 A T 2 > B 19
IIATREE . I I G TR B S M B S Tk s, R A
A 2 A N B (R A 7 A B B AT U e, AT 6 A B FRU AR 5 T SR 2
RIPERE . SRR A RE JIANTERE, PRARBEE AL ARSI 2 ST 3%, R
W DA PR AR AR T S B B0 A 1 T RO, o e B 2 DI AR SR R 0L, 4y 250
(Classification). [#4ER2, [ (Regression) PUAIE. e WaB /3 N E
AEAT i e i o /D B A A C AR 1) &% AN B M E IR 2 2] 5 4 1T, RS TIO R 1R 25
FEARM T, BRI B e R — B DR 2 19T

i IR B 3 R A A i3 124 (Generative methods) 2 i B SRR )
E ML (Semi-supervised Support Vector Machine). 35T ) 779201, W [E] 11 2512
(Co-training)F1 Self-training?®”l. Tfj Self-training [KlHAN 75 EAFAL R 7 B < O
BRI 67 S 5 8 2 W B 4 2R 5 002 B R AE AR R IT L B RS
= ACFR AN (G 5 R AT . Self-training IR E B NS DRI R H bR 5
WENLGSHr K DEFLICHEA PR & EEEMEA (High-confidence
sample) i1 FHAI4A 73 F 28 TN HAR S H I R 46 A pric Bl A2 250 2685 . LA b

2
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WD IE AR B B HV RS . ERRUER) Self-training I FEF, FAUA K W TEFRiC kR
AR L — /N B LS T BT N BR  SE I 250 2  . EAS Self-
training 1A BEA 77 Z A I RORAL — 2e R IR, AN TR B W I SR AR AkST
JEYE, DA A X T At 2 M B AR AR A RN SR BE 5 S A6 o B, B T4
IEAMRICHEAREERDN, VI EOR Rz R DT Rei . Btk I =S
JEREASE AT R A B 1R 2 N, TRy 2 o) 28 1) e S iy — B AR bR id 1 9] 43 T
P25, I HAERRGEAR I ZRid R, X g 75 (KRR SO 4 5 e 2B P2 Ak e
1o Rk, REIE, WA BRI G FE e nl 2 2 SR EE AR, seg iRm0
HES R IC I T, B4 2 BB E B A SBAF IR, R, Self-training
JTESRAFAIR 4y ZRAS I SRR KRR P FAE 5 Tohmic (¥ /2 B A5 FE AR A IR 4%, vl 5
JEE T P v LA PR A TR AT WL R 0 O B R O BR 28, — FLIEIY) 7o 1 R AR
Hh BB R R S R A, SR T AT RE AR B A R (e B LS A
ANVIZREE, XL R R B T — O S B0 H /r JSEPERE T . i fig vk
A AR O L B A R A, AT SEAF 42 5 Self-training FI7Z 4V BE R AR
HERI LR L.

FEITAE R, Self-training 71k VAR R T T2 N ARG . #F %
FAE ERELL R JLA 51 . @Self-training FE Rk : 415 Self-training 532
HAETE R I8, bR e AR R R . AR ZESE, BEFCE S T S0 Self-training
Bk, BTERE RSB RE RIS T s @MU &L : Self-training 7 VETEIR
&N JA) R R B 7, RO RT AR AR AR 10 B0 R AT S & B ATz AL s @Sk
PR Self-training FETFEAIALG . HIRTE T AHE ., #HEH RGEEMIAE 21
R, W EATREIRZR Self-training 7715 E AN AN FH 35 P (0RO FIRF A, 8
[k, Self-training 1E MBS 2 I M —Fh B T8, 23] T %R TR
(R Z T . IR SR SE R, Self-training S AE 2 AR AU PERE L R LR %L
PERRERPESE DT I R T BRI 7. Bk, AR SCE T I Self-training 5K
B2 T 02 M B 2 A, TE SR e AT FEREAR D IR B B At b — 2D (¥ Ak 2 v
BEAEFEA PR A R, SRR N R Ry, R S B E S A R
7 AR SCHR R N B B ABRE 05 Self-training AR AR 78R AL FRG AN S 25 3L
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1.2 ERIMAFTIR

AgrawalalPO%E N\ W T A AT A RS B S0E S B2 o AR 1 R AR 43 T
Gk, RIE, RS EZRSECHIEOL FREABH T2 2 70 36 . KRR FH
Y TohR B 76 W 2% ) "PilEAT Self-training B9 EARRIFEH . 76 20 ke
90 AR, i HI D B RO AR R B AR ICREA ) 2 B 2 215 31 7 s R e
Merz % ATE 1992 HREEH T F B % ISR, [H—rH, Yarowsky %5 A
(20388 5 5 F > B bR iC FEAR AR B A PR ICREAS BT (1 H ARE S 88 70 K2 Self-
training 77 VA B RN BIILSE R 56, Vapnik 25 ABURH TH S FREN
(Transductive Support Machine, TSVM), LA Blum 25 A\ B4 H 03 [A] )11 2R 5005
BEERFFRARMERE, NIMHLE S IH T HERRAIFE AR 5T
Gy RAEZR IS R [ A Ah 2 S T AR 2B VAR . R. Raina 58 APIE Self-
taught learning: transfer learning from unlabeled data —3C 58 1 Al F R bric B
S 5 TG I B ST R RE 7 1Y) Self-training HESE.

BEERLAROR M K & AT 10 Self-training A 7 AR I BRAR, BETHEH
TR Z RS E . W, ARERE RS H ) SETREDE® (SETRED: Self-
Training with Editing) 552 Self-training [ — AN ML . 1% 05151 S fd R UG
APRCFREAR TN 888, FATCARICREA U o FEAS, AR il &5 (k-
Nearest Neighbors Rule, KNN)B7, WA & 73 A28 bR 10 5 1 B B = IR
A, K BAR FEREA M FAAA AR ICREAAE T8 AL I 2R SR M8 AH 5 A 8] (Relative
Neighbor Graph,RNG)*¥1, RNG N3 AN [RIFE A BR 12 (1 P9 A4S T00 A5 BT de) B 1432 S 1)
1, RNG W S5FEA i x AIUAER AR SRS NI M. HHE PR

w5 FOR AR Z A AE R R ENZ, TR HAR A AR BERE A f 0%, [RIREAR F #1521 L
BN, EAMEE T REOESR TR T s AR AR IL ) Self-training
#}: SNNRCE(Self-training Nearest Neighbor Rule using Cut Edges ), SNNRCE &
T AT FR AL AR XS VA AR IR, FE VAR E, EER A VA IREAE A
e BAG R A, 3 D) SR ) — R R AR B DARE S i tH o SNNRCE
B, NEARIRCHEAME T —AET B AR R, Hon 5 HAH %
HA A — 5 BB R AR A HEATARC o SR 5 K% LB b i AR AT I 311 2k

4
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AKIFe RJE, A BRI Y BT IR TN, &5, WGtk T
RAMCHREBATIE M. L EJUPHATIA E B FEI S, 127150 AL R
(1D W= I AIGaR B, IR A AR IR AT 7328, kb 1 iR 221G 0
(2) BEIINT —Mbreslm], CLIRTS LT 0 R PERE
TR B v ELAE FERE AR A T REAFAEMR S, U AR AR5 7 FERY rh gt Y
(e BLAS FERE A A AE R 5 R ZR B0 R, BT 2B v B3 BEAE A e P A A 1) SR S
T ERDIGENRE 7T R HRE NS 2 WREEER DK%
MLSTE(Multi-Label Self-Training with Editing, MLSTE). MLSTE #1545 & (Edited
Nearest Neighbor , ENN)M2E s 2 48 1 R 33047 15 BLAS FEFEAS L HL . MLSTE F|H
BFEFRICAARFR IO NG AR AT I, fEg AR e — A b i A R B
— AL ERIFRRE, IR T 2RARAE S A AR RS G 4R SE I AE 2 AR s 4 2K
Jafar 314 A HEH T SDTC(Semi-supervised self-training for decision tree classifiers,
SDTC) 532, 1% F A8 H e R IR g B 43 A A bR ic FE A 4R 73 9 IE 2R AN
B, SR JE A IR B PO AR RFR A 5 1IR3 p MIAASRFEA g 1I°F3
HZERIEE .. Plw=|p—q{ENREARRG ), EBAS0 R RIET M MR
BEEEARIABNGENG KA. REUIENIRH 7T %R Self-
training 2 15 B 4325 7% STDP(Self-training semi-supervised classification based on
density peaks of data,STDP). STDP 5 H|H DPC*”)(Clustering by fast search and
find of density peaks, DPC)UHARFE AR [ %85 FE FIGAR,  Ja ik IG5 FE A AR BB vy 5 2
TR A ) B D0 5 B4 P 2 TR 5 o 30 B B B4 A ) AR 28 i B A A A
PRAE 5 R REAS AN N2k 15 A5 T RE AR P FAR A% o KA 1 4F EERE ARSI A
RN K, BATIEAINZRE R F RS
Hg IS NS 1A B2 M ek 2 B 7 281 Self-training 5032
STSFCM(Using clustering analysis to improve semi-supervised classification ,
STSFCM), STSFCM H.i%: % SSFCM™*(semi-supervised fuzzy c-means,SFCM) &%
F1 SVM(Support Vector Machine, SVM)PUEAT &5 &, TR —Fh e B 4 RHESE,
T SEHH SFCM A& LA H0H 82 1) 3 (R S5 M AN 40 A, {8 SVM X A AR A £
AT INGAR BIWILE 772525, NS FIH SFCM 1HEAR BN TohR 2 AN AN [ 2R

5
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SR B, PR A B SR B R AS s PTG 0 RAS AT 0%, R
A T B LR AR S bR 2 NI A bR HE AR G, BRI A b A
AR, NGRPTAREA L EARBR R IA 1732848 . /£ STDP Ryt |-, =R
APOSE N2 1 — bk T Hde 2 R VR AN 22 73 HEAL I Self-training F B 7SR5
% STDPDE(A Self-Training Semi-Supervised Classification Algorithm Based on
Density Peaks of Data and Differential Evolution, STDPDE), STDPDE #I| ] Z 7314t
Gl Self-training 1A "PA FRAEHE 1 b — AR — AN TE bR R 1 )&
VEAE, R a BRI = BAG RS . [RIFEAESAE STDP {244t |, Yang Liu
22 NP H STDPCEW H#.7%(A self-training method based on density peaks and an
extended parameter-free local noise filter for k nearest neighbor, STDPCEW), (k%2
PEH T — Mk T R UG AE R SR AR JE IR JR) R B 0 38 4RV (Sel f-training method
based on density peaks and an extended parameter-free local noise filter, STDPNF),

SCHRRD3R H T B T2 PRV E R B SR AT B 1Y) self-training 574 (Self-training method
based on density peaks and natural neighbors, STDPNaN), STDPCEW #1 SETRED
—FER B AUE Ge T AN BRI A 7 VA VR e A, o i v LA AR AR T g
oA . [FFE, SETRED HI STDPCEW #R 7 Z A4 RNG, {H/2#i RNG
IR 2R PR R 720 STDPCEW ANiE T K E g4 . STDPNF 51\ H AR4T &1
B R M A I g ds . JR1, [ STDP —#%, STDPNF L STDPCEW K% &L
a4 A5 B HLAE DARA 8 & 4 i BUKTEE 25 . STDPNaN K STDP 5 H 2R 4R JE AH 45
A1 self-training 5%, MR RAFRTHEIE R TERE . %6, STDPNaN &
B ARAT R B2 SOF RS RIGBANM AR R E L. HIK, [F STDP —F,
STDPNaN i /] DPC R IUAE (175 AL S5 #h 2t — B IR R AR AR [ as [a) 454, AR ik
AT B R RS (R TE A 8T SRR AR R TE b 265 J 4R A AN IN 32 o LA R AR £
H 8 STDPNaN 5iffi | STDP i B4 i A #h 25 ke, #8110 STDPNaN /528 k
IR FE R KD R . BRI NSEH T HE TR AR ARARAY Self-training
575 STOPF (self-training method based on an optimum path forest, STOPF), STOPF
TE A K s 55 M) 8 OPF(Optimum-path forest, OPF)POR K BIARFAE 25 8] () 45 #4) 11
AT SR JE A FH RS AL 2 18] R 25 R R0 AT S8 5 B R 0005 11 1 LA 5 AR e b R
WP HR%%, R hnic)a BRI A v B b, SARINGE RS 2L E 1

6
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JrRas . SCHRIOR I 7% LI R R B FE AU AL I F B self-training 5% (Semi-
supervised self-training algorithm for density peak membership optimization, STDPM).
STDPM Al A AR 8] 1) 1 88 1 52 [ 5% 28 0 XL T Te ARS8 2R 4 s SR N3 T VEE
SRR BEARI, G v A P R SRR R BRI = LS L AR A - Self-training &
R L R S S SRR R . TR PR R REAS 2 R T Self-training HEZRK
BLANORHED IR Oy 1AM EAE S, RSN R T VR 2 TR
R A R . SR T PRI 1) 5 2 R AN T 0(n?), $hrb n et

RHHE . %3 Ball-k-meansPS A JE A, SCE BOE CRIUE VI 2550 5 14 5] 4 v
IR EE, 42 7 — R T Hda g i Pos L 5 & Self-training 5% (Fast semi-
supervised self-training algorithm based on data editing, EBSA), ‘& FL45 & LI} /]
SR . EBSA H5G{EH Ball-k-means V5 3EAT BRI BRE 0, THEAE
ANRER O S RAFEAR SRR B, DARHEN RO A R EE B AR AR
5] o AR (5] 5 (B2 T 10 B 12 O 2R 4 A A IS A 0, 25 RO ARE AR DX gl ol 7 D B g DX AN
N X e TERRUCEAT RS, R A0 2 8] [0 B 2 R0 BE 0 75 T RS PR X S
AR A Z TR AR RE RS, X 1SR IR AR 1o St T SOk R AR 3
B4R 7754855, @ VR R RS E X i BAS B REA R ARG A R, AR O
AR B AR IS R R s U i B R A T e

FEARWTHIIR R self-training = B A5 EAEA PIEIK RN, #7080 IR IRE
277 R I FR AT T — RV L. SCEROUHR T —Ffonf v 2 2 HE SR
MetaGAN, MetaGAN 83 51 N LMTE 55 9 56 AF IR Fi A pl s 1 5 7 AT [X 73
HSHAR A EIR R 7], MetaGAN 1] LUE R /D BRI 73 K88 5 2] i 2 2]
BB RS S, M2 SCERIOMR T — T I B A A 4R,
HESRSE & k I A0 P K S H s 2 TBI AR AL, SR A58 P 8 3 s R VA Fk 114
BT/ TR —RIMEM AR, BUE KRR BT 5 — b HE, 1ZHELE
A DAERAE A AR RS 2 1 i)

PG GE v 2 2] TS L T SRR SIS S5 B S5 B DA R RT fAREE, TB E
REAE . BT EEHEARRRE K R, PSSR A & RO, W10
FERA MR, SENN. @A & EE XSRS B, Rk
W 22 AT BRI 22 ORI 90 R RIS 2 ) OB AT I B 2K

7
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1.3 TEMRANR

AR I 2 B 1) B B AR IR BT IAAE Self-training BVEH 5T .
e TSR B YR Self-training 2% > BB AN H 1& B = AR B 1L R self-
training 575

(1) FA AR @ I B T YA AT AT 2y RS, KT AL A
R AR RERE . E—E 2T, B RRIUESEY R B4 self-training 5%
(A Robust Self-training Algorithm based on Relative Node Graph,STRNG) AT t ]
T R 7 AT AR A 1) B R SR SRR AR IR O &R AR5 R R AE
AL R R SR A R 1) 2 PS8 ARTUAEAEL, 0] A ) ] o g o 2R s 30 B 08
TEZSIRIGERE . JFAERCEER bl (R R B0 1 — 20 3 i PT RE A 1 75 p

(2) ASCHR W HIE N = B4R 5 I JE K Self-training 575 (A Self-training
Algorithm for Adaptive Local Neighbor Filtering, STALN). STALN = EAL & =
(WIE PG A PRCFE AR SR 72548 (2)STALN ETHIEM A REL, HER
ANTARICFEAR 52 A FRICAEAR MR B G R, HIE SR BB TR e FEAR 1 J5)
WAL IR s ()T R A0 JE 115 BN AR BFEAR L — M4, FE 50 2R3
AN A L ALTE 2F e ST W oy = % 1WA SE s e awi [ 98

B, PR I IR R T A PR AR AT SE . AR IR R
fE2 MBI F SEUE B EEE AT L sese . SRae g BRI, AR SCHTHE A
RITERUE Fa b EABEAR T AR,

X FEARAIAETY, BAETHREABRLT:

BRI HAMENR TR AY S AR, HIRER T self-
training [E AN FEIR, BEAUR T A SCHIBE 7L 22 HE 5 A SCRI BT AL

5 T EONHEM R TAEIRR 0 12 I 2 o1 He, B4 B HEI2 | self-training
R Je JLRREE LY self-training %% ) VAN H S RER TS LS, DURARSTH K3
e VR TR bR AR SR A 2H

= BN E RIS S B self-training SRR K Sei . AR B
W1 self-training B EAREAT VELN A2 o JBIEAE 14 AN BRI SRR I0IE T A
SCFT RS R IR SR A I G self-training SRR (1 Rk . £E 14 MRS L
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¥ Frig Hi4% % 5 STDP. STDPDE. STDPCEW & SETRED ikt 1T L 10%
A ARICREA, ANE LLGIbRICREAS | B DL RIS AT IN 8] 55 S0 45 A1) 70 i P Al A
SCHTR SR Rl o S aE AR, AT H BB M AL SR 1Y s B self-
training SVERE Y BAT RS (15 25 A

S0 B M [ N SR B AR R L self-training . AN B X BT HE A AR A AR HEAT
TEEI 24 18 R4 Bt A 5 STDP. STOPF. STDPNaN J¢
SETRED 5EFT LLEGE 10% G PR ICFEAR, AELLEIARICFREA . B DL IS AT
I 1) 45 ST B 485 R0 23 AT PP Ak AR SCRT P SR R Rk oS3 s RAR I, AR SO
P B S5 AT FE L e 1Y) self-training S9FA6 Y B AT B 1) 70 2K BE A7 0

BHENEGSRE . FERXI RN LTI T 45, JFRE A
SUATY A A /& 2 AR AN e B AR SR Rt 92 07 1)

1.4 QI &

(1) ARV 2B 5T B TR ZR A S J575: 0K 2 AN Re I F A 5211
JRJEE5HAE B DO £ BAE IR AR, RIS — o SRy ) FH 80 B 1) iR = 4 A LA
F B TT IR RS T R 52 LAk, LR B SRR S H RR L LA R RS i
FREAZ AR R, EAEHTEARM SRR . 0T B 5 4450 r 50
5, IR TG , AT SN RE 8 20 R P B S6 10 2 (R G5 A EAT 2B B 25 6
SZ B GE R IR e A, 3T DA D o) AR SCER I T — Bl A (A0 5 1 il 1]
Self-training %% (STRNG) KA HRIXEL ] #, STRNG 45 T B A ALkt fE &
SRR ARG, 8BRS IR BEREFEAR. B%, STRNG f#
FHFE T HL A AR AL T AN A2 RR L B A PR B ok B B P AR 2 ) 56 2R, 5 ) D R A ke 4
TSR AR A LR . HUR, STRNG o FEU SR 56 oK 2 e 75 o 1 s LA
FEAEE

STRNG I FZ TRk T -
® R T U AR BE B A REA (B BE B R E 7 20, {45 STRNG f
& T a5 B R B2



VL N T s VAT ERR I B S R AR R 7 VETE Self-training Bk IR

®  {EBE T HL AN B B g BE Al 1 AR ST ST IR — T A B 4
JEAURR, DA R HHs S OV AR B S () 5 A4S0 B0 B0 20 A R AIE 16
W BRI
® UbAh, RSCHE AR I HERL AR T Mo 10 B 7 (RNGED
KA AR AT 1% RNG EIBERFEAR, DU IR i R I = B A
JEREAR .
(2) BA [F)—1E self-training FIERKZAEEN AL (1A H: T H IR
AN H Ry BB TC AR RS AR R B v BB AT, SR Z X s 4 R AR B R (Q)FHRS
AEMEIESE, FRREEREEE IS HXESN self-training HIEUY
R ICHRBAE AR5 FLAR T A PREEAE A I OC R T 20 T 4 A bR e A 15 B i
— [, fE T M E R RE RIS 0 H G R AR RS IR self-
training 5% (A Self-training Algorithm for Adaptive Local Neighbor Filtering,
STALN). STALN 24l A PREAEARKE S, B IE NG FE AR R A & &6
AARREAT S o — 7 THI H 38 N 5 40 8 o AN [R) SO0 B Re I s2 i, S — T
i3 I 5 4 B 1 4 R S B S BRI R RS B, RV M T RE AR R AR %
STALN FEAE =05 ()P A PR ICFEARUNIZR 988 (2)STALN H T4
B2 RE R, BREBANTAMOHEARS M ATCFEARMNE R CR, HIEN K
FFATARICFEARR R E . )5 T R A0 E S BN TR B A B — A
PR, 57 KA T IIFRAEXS L, K P FRAE — BUN R R A I b5 2
ARGk, STALN M) EZTTmk i R -
STALN () ZETTRR U1 T -
® ASCIRH T A& B 14 R B S R R EE B B S R 2
TEARBEFEAS I Joy B AT B T
® RSCHRM T MBI R R AT B AT e B AE R A R T
® JHREEAREA ROL IR JERE PR REA, TR TR P BRI A

Ji
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2. BREREAEXHR

AR F FE A B 5T | self-training A1 45 M A FE AT AR . [
IS0 AS SO B (M B S B B2 LU K B0t L SR AT PG A 4R R
PR KRB HY self-training 73 A5 7 B 5 SL A,

2.1 XX RHFSRIRB

AT AL [ B B AT S AT T S 21, A5 S iR iR 2.1,
R 2.1 A RNEERFSRUH

5 BB

X ={x,"**,x }e R™ X Rt s N AFEAR d 4eddnse
Y ={y,,"* Y, ye R™ Y RRAE N AR S A
L={(x,¥),"* (X, ¥} L Fom A | AN bR REAR IR 4

U FZRE n— 1 DR ZEFEA I 5 i
U ={X.1, X0 X,

%
S fei B B R AR
LNN(x,) BORPEA X, )= H AR AT o
Mode(-) AR A HIA

2.2 £ BEFIHR

TGN & 7 ST BOR Ty N e B o SU R B 5 2], ol o 21 A R bRid
HIREALR, 1 E 7 ) AR bR BORE A SR AT 5] o (BAEAR 2 SEbin) il
R DR bRC SR, BV EEE AT R ic KA A R &, R RR
PRACHIEEE RS 5 15 2, O 7 B4 BRI A AR IC AR AN 288 S5 A i
AR GRS ST RN, JTEE e chedt o SR PR e, BRI e~ B 2 5] Bz i AR B8
PRACHEAE 57 > JAR P BE A HE AR Y BOAR A SR DR T e AT TR SR AR T AR A # 2 Ah
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LN 1 e AT BRI = BAS ERE AR FE T VEAE Sel f-training SLikH WAL

ST [R) 43 A H R AE T AH 5] AR VR o 2 B o o 8 S 1 B R B IR VR 9 [ I A
YT A MR 2] AR A Ak B8 AN SR AN TG I B A o B RASRE A 55 il e M
FARMAMEARE, - DA ICHEARE, —DEA R ICEARE 5 CE
Lable ={(x,, y,},Unlabled ={(x)}, HH¥ &=L L<<u . — &M F, 0%
BT B I BRI TR IO AR S B 28, a2 AE A Al
FEARSE T I TCARICREA 9 7 2RO . B o SR AN ] 2.1

. < =
TN N
BN ST
m— [

B 2.1 MBI

e W B ST R F R B AR BRICER , X80 K B 34T T shAn e i iAs .
A FARFRICEE, 0B S A] DAL B T2 N EE A i BB A, AT
HEERRZACERE . RN, BT AR ICEIEAE TEFRENGER, FREE
AT B ASE AR B b A SR 5000 20 A FRFAE 2 TB] BRI OG 2R, AT 2 e A 20 (1) B s M AT
WRET T BEAh, IR S SRR BRI e . RS, FRic Bl T Re Ak
WM, TARARCERAEAE O« B 2] DU Y SR bm 1e B K
TRARACHCHE AR B e, 5 BT B L 3 S s PR R

2.3 Self-training P RIEXE %

2.3.1 Self-training Bip

B 2 S IR A BTG RS AC OB 7 AR A5 28, IR E AR AR IC REAS
BINGRBOR I AR R U GR e, HEAT 3R Ry e 28 0 K3 B R o self-training AH EE
FLe 1 M 2 5 U 0 B R BT B DA AN 5 BAR A B M) 2 IR o Self-

training AR A RATE I E AL —, HEZEERRE Mk, HARRCH
12
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BARSERY R Ohc a4, MM T B0, AR IEmEdERIINZGE —A
GRS s AR A8 A X AN AN R bm e B AT b id AR AR 25 11 e,
AR IO AR S 5 IR GG bR IC B A 45 &, IR A IR e EdE TS I gk A
R EE EHPARCEL. Self-training Dy fCAGUNGRZE 1.

B3 1: Self-training 7%

BiIAN: L, U

Wi rREsH

1. VItsthEm B EEREAE S =&

2. While U =& Deos

3. 7E L ElgE—" 24 H

4, FIFH NU SRk 2

5. EREEGEEETTWEREAIA S

6. L=LUS;U=U-S

7. End while
8. ReturnH

2.3.2 Self-training ¥ X%

B PA X Self-training IS 2E AN, A8 A AR ICHEA I ZRETF IR0 R AR
AR AT Dy br 28 B TR AS P REH 2 VERF 1K), XS T+ Self-training f K ) (7] BU7E
FUEE T Db il REAEAEE S . (A, Self-training S35 R GBE R R AT e AR &
e 75 R E AR ICRE A HEAT OV AR 2 R T00 o 2 T /MR s 2 AN 3R HE T AR 2ol 12 7
o B RS B B, R PR R I — 5 R AT R A FE R AR EL
FRIE A0 2 B PR v A A AN v R] R4S M A R AT I R LA B — AN T M NI R
o BT UL L BEEFEARNIERUE, 5T RA N —SIA M5 Self-
training ByLIEAT W AN A

1.SETRED

SETRED #2117 I FH —Flie s i) gt 7572, DN v B A ERE AR o af g A 2
BRETRARICIIRES] . BARTI S, fERIKIERI Self-training IR H, R #YI
UGB BT AR Id BOREAR R AT 58, I H U AT SE R B FRid REA K
- RKbrid g4 . SETRED

13
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HARRE, SETRE B Sgilid WhricsE L s SHERBGE T BRI ZidiE. £
BER B BINGREACH, IR SRR PR AR = B S EAEAS, FERIIZRI 2
FRAF T HAREE S5 FE MR UG A AR 2 HE 4R L - SERTED ZRAIA = B EFEAA
SR SR AG A bR R FE AR B IR 20 40 AT o X T — A A SRR AR, RS R A bR
TCREA SR — AN SR “SRAOREARCE DY 1:2, MDIIA e BLAS AR A5 PSRN LA K
SRORTF 1:2. SRJF, SETRE {8 B ¥ A 1A briede L #iE AR B3 AT 4R brid s
B o AR BRI B AR — N TR, SR g A x, 2 T R i i A2 5 X

Dist(x;, X;) < max(Dist(x;, X,), Dist(x,, x,)) » WHEEEEA A FbREE KP4 T 1914

MO SRG, HRAE I A 1 AR R R A R AR I I . — MR AT
H @ ER MR AR BB, R — AN T Y1 2 1453, )
o NN 5 S O T R REAR DI #IA 2415 5., SETRED Sit &G
BRI AR o R AT (B AR B0 T I I 75

SETRED FEZA & =35 (1) MR S 8RN N TEAR SR A G = B
FEREAR TS, 456 R AR b B R ARG AT I (2) R CEWS 1
TET R IREAR (TEEREAS), N ix e m] BEREA M i BAS BEFEA G R bR . (3
KT A 10 2 B FEREA I B AR 2 B i AT AR 2R

2. STDP

BT HBEEEREARRIEET7:, STDP A48 1 —Fi 3L T 55 B A 25 7] & 2
R4 7% 7] Self-training - Wi B 73 SR IAELE, 5 B 25 HH BE 47 (1) 4 2% - STDP 2
— /¥t DPC 5L75A0 self-training STyEAHSS & 1 FIR B 5. Bk, STDP FIH />
BAMRCREARNZR IR 25488 . SR)E, DPC 3T REHL % B m T HAE,
L5 % BB e P 2 TR DB 0 R R A K 1) SR AR B s i S 0 % (R 540, ) 3 12
AR AN EHE SRR SRR, B AT TREAR LA . DPC LEAREANEIE AR B
PU e KPR B8 Sl MR AR K R R BB S RN L SE 4. 2 5, STDP 4R EI%
AN FRICHREA R <TG 0 REAE g e BAG FERE AR, IR TR 4 K 38
T HARZE AT bR RGN SR8 . DB U E BRI

3. STDPNaN

STDPNaN & —/M4 STDP 5 H R 4B fEAHSE & 1Y self-training 5% . 2 H R
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DAL ZR R K, STDPNaN N E B REA Y H AR AR & . RITAER x Ay
X, 2 ERIAR I, AR x W8 x o e HIRBJE W x AT x oy B IRAE R . LU, B

FEAAKHE H RSB A1 DPC BEE T E SUF T R REA S BRI (E . ARG, R
A% T LG e KR B AR T PR A A Dy LT B R A IR R A B s ) (1 S
e ZJ5, HENFGEAEFRCEAR SR RT & 51l FEARE A EEREREA, I
R T INZRI 53 FEAE TR AR IMN A IR BEREAR SR K85 . DL PR E 2
BEUA

4. STDPCEW

STDPCEW[24] 45 & STDP Al CEWP KillZ:/r2k 8. 5 STDP #H[H
STDPCEW 4854 CL bR R A (111 B R0 I 4k R AR I3 B A A Ay ik ik e LA
FEA. 4k, STDPCEW B CEW iEHU S B AE EFE A BA 5 m B AE
RERICFEAR, JRBIERME L P LERNSG 2268, FiRd R EiT, ERT
A ARPREREA A 58 BTN 1L

5. STDPDE

STDPDE ¥ DE #5%3| STDP HEZEH LLIZkIr2K4%. £ STDP At |,
Wit DPC R B E Mg E M4 . )5, STDPDE F|A DE Kfift Self-
training & F2 43 28 38 T (¥ A AR 10 8 (14 7€ A7 7E I B4R |, STDPDE i DPC 45
ANBEER IR E S [ 45

6. STOPF

STOPF & — AN AL 12 Ak AR (OPF) 5 self-training &l & 1 2 B BV
STOPF EZALE 2 30 ()HATMIMARZFEALE ] OPF MR, FHRA WA
B TR R R I 42, T 5E R OPF HIKgiE; (2)FIH] OPF fifiidke th v B A5 1
FEAS, A 73 SRER 0T I SRR AR HEAT FOU0 8 I 2k )1 252

2.3.3 Self-training HXEZMBREEE

FEARTNI R, AL 7 AHSRENE L AR, Wik 2.2 .
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Y N (e =S VA e

R i BAS R AR TTVAAE Sel f-training HIEHHIWFFL

#2.2 MREEHRRRELS

Bk

PR

R

STDP

STDPNaN

STDPCEW

SETRED

STDPOF

STDPDE

M DPC 4875 1 $dle (1 78 7 23 ) 4
1, $ETT T e BAR FEREAS I U

TSH

0 3o A G 4 AR X e LA AR A
(Fomge s BEATRLUE, 1R 1 r A
AE -

I oL I G 4 AR X v LA AR A
(Fomge s BEATRLUE, 1R 1 r A
A

TZH

ik I 22 7 A 3 i v AR FEARE A TR

P 75

FEAR 5 B U SRS Ak
WrEb e, A& EE IR
PRI Hoe 55 Ak D v A ik
U B FEREAR
AIEFAEN RS R
AT DI B A

AER T AN KR, HiS

(] BR22% EE i

Fe) ZR A3 el 1) I 1) 52205 R vy
HETREER, AT
EWLERYES-- 0 B AT PSP
ANTE T AR R K £

I 1) SR 2% B v

IR R A% s AT A
JUEAE7TES

2.4 BER

TELRMER T, BT Z AR R, (CEZMERR, SR TR R
[ ANEERIRA AN EEE . EREEN A, i oR 2 04 %5 IR Z IR
K%, A2 EREIE TR R T —Eh 2 AR AR, HAGEM E—2
N TCERAH R B — ML e 1t R AR B0 52 % i Bl 4544

5E M PEl(graph) i B — 28 55 (vertex) A 48 11 2 18] )3 2k (edge) T 4L Rk ;s 3L
W, R A TR (vertex)" s 1T A -5 A TR R 2 A 1 oM 320 B (edege)
RIEIL I SA J7 0], K EIAT LRI ol BRI [ ], ani& 2.2 Fos.
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Tl AT

K22 K%
i 44 K SCTG e B B BB 7 e, B 2.0 EEIER T AR ZK

ﬁgﬁ%—ﬁ%,mﬁ%%ﬂﬁﬁ%%oﬁﬁ@%%@i%ﬁﬁﬁﬁ@zﬁgﬁ
FT A m R E. mEmm s g s VEABCDE oy g
E={(AB).(B.D).(D.C)(C. Ak et pypiopr, i (AB) iy (BA) i —peg,
AR YA T M A K,

AR A A SCAS A [ B g A2 B SR 2R, I I ) B AT I SR T R A

L IEME .

2.5 BoAHR

N T SR TR SR (A R, A5 S BLKNN A 38435 88 . [K A STDP Al STDPNaN
] 3NN (3 nearest neighbors) {ENFE/FHEE, AT IRFRSEI M —3ME, 7EL
KNN 573 K28, I SE0RET R H 3NN 14 K de .

(1) K-z 4% (KNN) « &2 i o] B (0 23 ROTVE 2 — . K-aE AR A A B R - % T
o ERIINGEIRE RS BIBEAR x, ENGERRE K MEA, XIUMEAR
&5 x FEEERITMRT k MREAR, Bk MEATHEAR PR 2 M AR, RN x 2%
PRAE. K AL PR R B T R o K1 SRSV K 7 AR e 77 A 3R B4, K-

17
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BT TR g AsRAE, it REE R, B B k A&
s N IR S TRURNT - RTY N SR P o = N0 R o

(2) SCEEFERALSVM): SVM K REXT A B Fh AR 25 M Bl AT 702K, R—4 2
gy RIMBEA, HAVEMAELIER, FEABRWT . 4% KR8 s S gy 2] 5
AN (AL, AR IR AN A A SR A A R R KA P, AR I A
J&TFANIFI 2 500 0 RE AR 2 S 68 P 1T Ay 00, DA B 4 b 000 0 bR A, X L
(40 55—~ 25 1) 2 b i 2 T B vy A4 1) 22 U S ) e R B B TR E SR M B L RVE B
TR BE Y O, T R TR R B O, X AE — e R G T R R s O R
2% JEE TR IR R R, L SCRE ) S AN DR RS e A AN A LA S, 2 252 B %07 VR
B Z ORISR R R ) &

(3) TRHFM: PRI — P T ARSI DL S I I, 1%
R R AR S FOR AR, AR AR RN R AR B R,
INRREA AT 2 R A3 BN RARAE, 73 330 W 5 51 (0 fan H 0 O AR A8 O R AR
NG Ja, HAPEAEA — AL A R /3 R4 5, 8 4 2R )
{8 HOR 8 IX W8 1) 5 ST P DA B — D e AR 1D3. C4.5. C5.0 M1 CART 4572
H LI U e SR AR B R

2.6 WrigER

(1) HEHEF Accuracy F1 F1-score
A SCHE HUHER % Accuracy VA1 Fi-score 19 5 43 EAE I A VAT 48 4%
Accuracy M Fi-score W] LARYEIRVEHE MR . AT F = 7070 ALK ] 52
Hu A A IX A PR AL EE
Accuracy s I HERFEA R BCR ILREA S &, THRARIT:

TP+TN
Accuracy = (1)
TP+TN + FP + FN

Fi-score /& —/NEFHER B A BRI ZR S G fa b, tFR AT

2x precisionx recall

F, —score = —
precision + recall

2
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TP
,Recall =——
TP+FP TP+FN

True Positive (TP): HIEZE. FEAKIESZRZ IS, JF BB K45
iRk,

False Negative (FND: {6125, FEARR IR RS, (HRABAN R

False Positive (FP): {RIEZE. FEARKELIA RN, HABRA IR
HIEZE.

True Negative (TN): LA, FEARR IR R M, I HBALE IR )

(2) BUREL AR5 Fk 36(Wilcoxon signed-rank test, Wilcoxon)

Wilcoxon 575 A 46 & — Fh AE S 2046 3614, Wilcoxon Signed-Rank £ 56 /& 7F
FEAMER A IR EZS 73 A0 AT SRR 0T HHAH S R AR o A 2 5 22 ek
TE 95% M BAS K T AT , DU SEIR & BRI R . /7547, < mlRoR A
P Sk BT AR T X R, fForRon X RN BEER.

Hrf, Precision =

jun|

2.7 HIWENAB

N T BAEAST Fr R B AT R, A SCHE — S8 A T R 4T S0 R I IIE A SR H
FERIARNE . 2R 2.3 RASCP R B SR T AR L BEAT el ZE Rk . Bdlde
Glass. SPECTFheart. Heart. llpd. Australian. Breast. Transfusion. Pima. Diabetes.
German. Cmc. Cleve. Ecoli. Haberman. Planning-relax. Iris. wdbc. Wholesale-
customers. Wilocalization. tic-tac-toe. Waveform. Hepatitis ¥k 5 UCIYA %L
P4 . ORL?, Palm®. ARI®®] FERET32x32[61, UPSI®], YaleBI®8l, umist*. Mpeg7uni®
T BB BE AR o 35T SRA ST B4l £ F SRS AN i BE 47 7 B 1) 91 4.«

' https://archive.ics.uci.edu/ml/datasets.php.
? http://www.uk.research.att.com/facedatabase.html.
* https://www.gwern.net/Crops.

* http://images.ee.umist.ac.uk/danny/database.html.
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PN 2 1 e S AT BRI BAE IR ARSI VEAE Sel f-training FIAH HIRT AL

£2.3 HEEHR

ID EEE HAR il ¥ %5
1 Glass 214 9 6 GLA
2 SPECTFheart 267 44 2 SPH
3 Heart 270 13 2 HEA
4 ORL 400 1024 40 ORL
5 umist 574 1030 20 UMI
6 llpd 583 10 2 ILPD
7 Australian 690 14 2 AUS
8 Breast 699 10 2 BRE
9 Transfusion 748 4 2 TRA
10 Pima 768 8 2 PIM
11 Diabetes 768 8 2 DIA
12 German 1000 20 2 GER
13 FERET32x32 1400 1024 200 FER
14 Mpeg7uni 1400 6000 70 MPE
15 Cmc 1473 9 3 CMC
16 AR 1680 1024 120 AR
17 Palm 2000 256 100 PAL
18 YaleB 2414 1024 38 YALEB
19 Cleve 303 13 4 CLE
20 Ecoli 336 7 8 ECI
21 Haberman 306 3 2 HAN
22 Planning-relax 182 12 2 PRX
23 Iris 150 4 3 IRS
24 wdbc 569 30 2 WDC
25 Wholesale- 440 7 2 WCS
26 Wilocalization 2000 7 4 WIN
27 tic-tac-toe 671 9 2 TCE
28 Waveform 2746 21 3 WFEM
29 UPS 2007 256 10 UPS
30 Hepatitis 142 19 2 HPS
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

3. EBEMIEEYEEYRE self-training Bk

N T B B BERE A USRS SRR T P 6 R g 4 AR——AH
X A Bl Yw % (Relative Node Graph Editing, RNGE). BA&SKE, FETHfAH
LAV FEE B P T S A R A ) 5 P AR, LIRS i R SR8 o 5000 PR 7E
[RIGEHE . SRIG, ARSONBAMEEAE SUHXSTT S B (RNGD . efa, BT IMER
ORISR R A o BAS R AR R A IR AR IO FEA RNG. 454 0L ENES, &
SCEEH T AT AR AT S B B4R Self-training $17% (A Robust Self-training
Algorithm based on Relative Node Graph, STRNG), %1218 ] RNGE iR il
AR IC PIREA R AT dn i . A SCHE 14 N EE BRSSO STDP.STDPCEW,
SETRED A1 STDPDE H5VE#EAT SEI 45 RN b, SEEG &5 RER BIA ST # H i) S0
A LR Self-training S5 I TERE -

AR VRIS A A SR TR T R B AR Y self-training 5005 AR,
SO B E R SR R . S A SRR 10% A ARG A T & A B
Accuracy H Fi-score {H AN A LLBIA AR iCBEAR T %N Accuracy {H T2
BAFERIMEFE SLIG TR &I R S % 2 S AT I TR 234

3.1 HiEHR

STRNG IS an%E 3 Fios:
Hik3: STRNG
BMAL,U, K AL 0, KRR
M. R
LEEHLRE X 2Bt 54D

2FOR Dc X,|D|>2

3. RIESRE 2 AR RO SRR AR
4. UEAHUERERE M
5.END FOR

6.4 A3 5 HHELRER I p,
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

THAEAR 6 W HREAI S
SRR 7 HEREAIRI P, T R A

9ﬁﬁ$%%ﬁngJ%%é|

10.WHILE s =& DO

1. WS BEEEEAES

12. HNEBAS R ARZE
13. A g, A1,

4.  IHHE]Y,

15. EEQ,|H,), DW,|H,)

6. if J>r1

17. S=S-X
18. end if
19. L=LuUS

20 Vet
21.end while
22 %6 H R

3.2 AR

3.1.1 ETROFAANEER

IR 2 DA A 2% A9 B2 22 T (1 P B R A R R AR 22 ] R AR, 1Kt 3 3T
WA B AN I AR A B S A AN U RO B 4R - D9 17 e AR ER B 1 AN
P AR i, SCRUOR T 3 T B A ARE R LSRR AR TR B 9% 2R o fi] ok U
SEF B AL CLECHE 7 Al 2% e SO o MRS (0 SR MR B 152K,
ASCR TR A2 T B AR SR B A2 STRNG FHHIR
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

STl R AL VAL A A RE A RO N R B, ST AR 3.
FEX 1. B R(x, x, | Hi D) FRMAE T H F1D RO x, B x BB /NE 2 SUN:

R(x.%;|H;D)= argmin Y I(zer) (3)

FeH S X Jer 50D

Forbr, 1 () BTt B, B D RoRFEARE R Ty DA, X B
WAL D .« W |X|<256,D|=y . By =256, H eh(D)Rr K=K A
FEEXI. x Mx & D PFHRPDFER.

5 A ) B R JOR S P AT 2 B SRS R TSR, R0 2K R
BVE 20 ARSLUAEIHREE X, Xys Xgy Xy Xsy Xos Xy Xg, Xg, %o} AW, AFFHHVE 2 10 FAT
IrBREESL BN, & 3.1 P . BHR RBENLESE e, EizETEREKR
(AN B/ ME 2 [E] BEALIE R —MEAE 972 i, RPN T2 2 R AR RN
TH, KTFHXABNGTE. UE KR ENB, FEHLEF
X0 %00 X, Xy Xgs Xy X0 g, Xgo X } T — DN BVEREAT 7328, BT RIREA X, 5 X, X A
Xpo JETENT 0GR /L RZATHT RON{X, Xa0 X0 X0 X %o} B ALEHEAT
Gr R B AMREAR Y — AN RSB I B BB 1 B R R, AR S R A SO B 11
Ke AV =log2 . A 3 0 k1A A RFE S x R xg (9 5/ & B2

X0 X X, Xo

Iy . - ¥ - x .
|.,1,.,r_,.,1.,,x4.,1._...1:-,.x{,.,x,.,m,,..r_,.,n.._,.,,|

v

| - )
| LX) Xy X Xy, Xy Xy f |

B 3. 1 W5t
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Hik2: HEN
BN X OWBIRRE S EY . WM REE e
i — AR

IIF |X|<1 OR e>V Then

2. RETURN 75 i K/h

3.ELSE

4. BENLEEG KB

5. BENLEHC R /RS SRR VRO E AR ME Z R E
6 JRVEAE AN T3 2 S RE AR AN 47 1

7. BYEERT R AR R

8. RETURN 7% ril. RJEME. A a. AT A

9.END IF

FEAR SO, AR SOBIETAT 43 B 5 0 A R LR T AT (iForest),
A A ST T SR . RS0 ARS8 e 45— ) B/
Yk S0 AR o A LRI AR (%, H,, D) 015 X 22

B3 2 FEAS x; Al x, 26T B AU T3 2 50 T

me(xi,xj):%ztl“R(xi,xj|HV,D) 4)
HH, t=100.
3.1.2 R&IK

J PR RS 5 B AN ARULE 58T 5 SOREAS (0% PRV (EL, 4 281 200 = 1) 1 i
JEGERRAT A R 22 16 RO A ADURE B B vy LA AR A o A 8 A S il 17 BRI i = )
LR BRI L. 5 TR, ASCR SR OEVEAN A J5 R SR RS 25 R AEAS S
IRLH] o
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SEX 3 FEAS fUx B T 5 BE sk 4, W F
pi= exp(—me(xi,xj)) )

x; eknn(i)
Forr, knn (i) R ER BREAS 1 x; S IR i MREAS, REAS RO R B T H SRR A 502D
15 2R A E
BN 4 FEA X B REIEE 5, , WT-

min (me(xi,xj )),ifﬂj,s.t.pi > p;

ipi>pi

S = (6)

mjfslx(me (xi X )) otherwise

FETT SEBR A AR B ST SEREA (15 L o, RVEAE 6, (1), A SCHMI AT p, AME
R AFee iR I T )R N S 7 NE RIS
SEX 5 PRARFEA x KR, A

P=x

st.3j,8, = min me(x, ;) )
ip<p;

Fey 3 e AR F 20 R T

(1) H5e, XPEAR S AT HEY

(2) BRERCRRIREARBAE M S B, AR X BAGHE Vi, p > p,; s

(3) s (5) WHEAMEARER G, AR KB A

(4) FEAS P B R A A R SR bic ol SR JE 42 o e L U P DU P R i 4%

1 Tris Hn R JF AU AU RE b, ACSCREPLE B = FOH 10 M
A, CLRCEATRIE E p AE(E 5, o ASCRAIX 10 MEAAE 7] fi s i it R AR

Mg A, 3R 3.1 BoR T 10 MREARI S BRI, o sort EGTREAE E p
MREVNHERF o 3R 3.2 JEom THASEE p LB S RIIFEAZIE B m, (% x)» 1R
fi5E XL 5 ARSC BN m, (x x ) DT AR SRR (A I R AR R 3.1 AR
3.2, @I PRRUNE 3.2 Fros.
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R3.1 FEEAEE
Sort S 1 Cl
or ample D, ass
1 X 4.9545 Class 1
30
2 Xip3 4.8288 Class 3
3 X 4.7762 Class 3
143
4 X 4.7757 Class 1
47
5 X 4.7345 Class 1
14
6 X 4.6593 Class 2
75
7 X 4.6152 Class 2
51
8 X5 4.5533 Class 1
9 X 4.3379 Class 2
88
10 X3 4.1972 Class 3
£3.2 BEARA
X4 X5 Xag X4z Xz X5 Xasg X0 X2 Xz
Xy, \ \ 0.3441 \ \ \ \ \ 0.9707  0.9045
X5 0.5083 \ 0.5115 03673 0.8321 0.8237 \ \ 0.9759 0.8729
\ \ \ \ \ \ \ \ \ \
X30
X \ \ 0.3379 \ \ \ \ \ 0.9838 0.9151
47
X5, 0.8952 \ 0.8478 0.8656 \ 0.3807 \ \ 0.6495  0.7069
Xoe 0.8646 \ 0.8589 0.8683 \ \ \ \ 0.7258  0.6225
Xag 0.8973  0.8602 0.8903 0.8961 0.4911 0.3147 \ 0.7371  0.6209 \
X120 0.9013 0.8752 09024 09069 0.6197 0.5556 0.3813 \ 0.7351  0.4564
X \ \ 0.9772 \ \ \ \ \ \ \
123
X \ \ 0.9106 \ \ \ \ \ 0.6439 \
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Establish prototype tree

sample

X4

15

3.1.3 IEEVRBERE

prototype

edge
Solid line

Solid line

\

\X30)

v
Xa7) Xyy)
\Xis,

Solid line
Solid line
Dotted line
Solid line
Dotted line
Dotted line

Solid line

& 3.2 FEEIR

(xs,)

(Xgg)

Kizg/

AT AR REAS 2 160 0 B 6 Okt 8 0 B (B PEREA, AR XL (6) s
ST R
526 REAR x, (I K4 B

Bi:{xj|xj :Pivxi:Pj,i;tj}

| R, REAR Xog BB B B, = (X, X0 o) -

(8)

BAE x A B, R A o A S AR R AR T R x; 9 RNG.

3.3 RN T JEBIR R 5 X6 1) RNG. K] 3.3 SRR i, KHEZFR
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3.3 S A4
SR, IR AN TARICREA A KBTI R R A A b
BHREATEE ., AT SRR . B, AT T A
(RNGE) 779k, it Ziit (i 54 SR REAT (R UER B0, SRAPL ) 8 A5 B
Ao B FRAICH AN RNGE.
EXT R x 5 HGEAREA x, 2 JRIAE SO U g 50 F -
6 =0 (1+m, (x. %)) ©)
AR, MDD GAUE RAKIFRI, BIFER RGO g, = q, AR p ik
KAV g K
A8 I MR x VIR 2 A, HosE SR
Ji= Z‘é 0 J; (10)
GRAEAS x A x B30, W, =0, B, =1,
FBE o+ BEARRICIE R AL, FLRMBER 4 7, =L, |/]Ly [, 9 €[L m].
L, FORBHREE L bR g OREASOR, L, RATARER A SO, H,
W, 1 & MECLRRNLE R IRAG RS-, g, PR X BT g %
ISR A . B 3, IR IEAS 201, FLAOHCF I EE E A7 22 D it L R At
P4
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E(J1H,)=(1-7, )un
D(J;|H,)=7, (1-= )Z%

xjeBi

AR, B B REA T BA SN O A R R AT SR T . fE Hy B

(11

e BLAR EEREAY 3, B2 /N T T R, wE AN EENKY o, FHET

FEAR LI A RAT Dy e ELAE BERE ARSI B G o , T T A0 TR 4k BRI A
AR EFF

3.3 MEERE

N FORFEARG tFOR iTree MR, JHRFAA iTree AN, y T
A iTree (IAK/N. RNG IR RS 4R DU R LA 4>

(1) FEH i 1 4% 5 Oty logy +n’tlogy ).

(2) EEE p MR AR O(n?),

(3) HHEAMEAREREH s MERPHE O(n),

(4) EFHEO(N )R diE S

(5) 3 Wit EERES O(n’)

RSB, STRNG Sk s bt 115 24 9 O (ty logy + n’tlogy ).

3.4 XWigE

3.4.1 SCIGIRES

BT S ¥ 9445 /R (R) BEE (TM) i9-11900k CPU@3.50GHz 64.0GB
W7+ WinelO 64 {7 #1E R 4847
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3.4.2 HREMILRIZE

NIGAE STRNG fRE. STDP. STDPCEW. SETRED #1 STDPDE 1F Atk
YL, MR RS Z HI4RES . £ GLA. CLE. ECI. HAN. PRX. IRS. WDC.
WCS. WIN. TCE. WEM. HPS. UPS Al ORL #7525 .

£ 95% 1) BAZKF N AT BUR B AR R 5 Pkt 58 (Wilcoxon signed-rank test,
Wilcoxon), LA%: STALN SEER &5 RMAXME. £5+, “773 %R STALN &
EMTACT XL, £75~" %8 STALN H5XFHRERR A BE R .

X LR M SHIIE RS, STRNG # A ATE SEE L% 3.3,

% 3.3 KB
Bk ¥
KNN K=3
STDP! P, =2
STDPCEW!?2! a=2,0=0.1
SETRED®] ®{H 0 =0.1
STDPDED! a=2,0=3
STRNG k=7,0=0.1

3.5 HEMBENR

LA 3NN Jy%E 704810 14 NIRRT 200 . B LI BENLIESE 10%
IR EAIREREARE, KRR ELIRSEREARE . R OCE =R
(Accuracy)Fll Fi 73 #(F1-score){E N EIE RPN R R ICR A BIELE 14 AN EURE
B FIEAT 50 RSP ME AR AEZ, SEI0LE LR 3.4 FI5K 3.5, TERAERLE I
W o BRIP4 R AE FArid, S PNBTERENEENHES.
AVE.ACC. AVE.Fscore il AVE.STD 735l 7~1-¥) Accuracy. “F*#3 Fi-score F1°F-
PhRiE %
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% 3.4 BNEEENFAEHEEDRLSRE Accuracy CEPIETIREE (HEED)

STDP STDPCEW STDPDE SETRED STRNG
GLS 76.4843.88(3) 76.858.01(2)  77.3245.21(1)  76.03#.11(4)  76.03%4.11(5)
CLE 71.5646.71(4)  71.0026.35(5)  76.8745.16(2)  71.8944.68(3)  80.44:H.75(1)
ECI 87.1443.08(5)  88.69#2.38(3)  88.794.77(2)  87.6583.31(4)  92.83H.09(1)
HAN 60.7043.56(2)  59.84H.96(5)  60.0127.80(4)  60.6745.34(3)  66.7744.83(1)
ORL 67.63H.23(3)  88.98H.05(2)  57.43H.29(5)  67.39+.09(4)  89.0322.07(1)
PRX 540742.22(3)  53.6383.48 (4)  50.4824.03(5)  54.8683.51(2)  60.6349.53(1)
WDC 90.39H.56(2)  89.54+H.81(4)  89.5842.60(3)  83.3143.22(5)  92.93.91(1)
IRS 92.5145.35(4)  93.0145.56(3)  76.793.93(5)  93.5243.43(2)  96.52-H.38(1)
wCSs 81.5942.41(5)  81.72#4.38(4)  85.43H.15(2)  83.30+2.81(3)  86.94H.01(1)
WIN 98.2740.23(3)  97.8540.48(4)  97.5740.57(5)  98.2840.24(2)  98.6540.17(1)
TCE 67.6343.23(2)  65.735.33(4)  57.4339.01(5)  67.3983.15(3)  71.9445.06(1)
WFM 82.9640.97(3)  80.67H.14(5)  81.7440.96(4)  83.1440.61(2)  85.8020.67(1)
UPS 92.7140.28(4)  93.4940.77(2)  87.33H.42(5)  92.7940.71(3)  94.4530.41(1)
HPS 58.0148.50(4)  56.0847.36(5)  59.82H132(2)  59.3145.05(3)  74.20-43.92(1)
WSR-test + + + + N/A
Ave.ACC 77.30 78.40 74.97 77.25 83.86
Ave.std 3.01 3.09 3.84 2.88 3.31
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#®3.5 FHNEEEAFREIEET 2K Fi-score CPHELRMEE %))
STDP STDPCEW STDPDE SRTRED STRNG
GLA 64.45+3.92(4) 71.3842.51(1) 55.46+10.97(5) 68.83#4.43(2) 68.2026.33(3)
CLE 55.7145.99(4) 58.1646.93(3) 59.3245.73(2) 53.7144.95(5) 62.8535.43(1)
ECI 80.3313.07(3) 816544.74(2) 76.02%7.87(5) 79.5035.85(4) 87.0433.19(1)
HAN 60.71H.83(2) 58.9243.63(4) 57.64%7.87(5) 60.67%5.34(3) 66.77+4.83(1)
ORL 75.41383.44(3) 81.362.61(2)  34.4248.73(5) 75.0533.08(4) 88.93145.57(1)
PRX 54.072.22(3) 53.63183.48(4) 50.4844.03(5) 54.8643.51(2) 60.6329.54(1)
WDC 91.03H.55(4) 89.76.62(5)  91.24H.16(3) 92.0840.91(2) 92.6940.97(1)
IRS 95.5145.35(2) 93.0135.68(4)  76.7943.93(5) 93.5243.43(3) 96.524.38(1)
WCS 81.5882.41(5) 81.7244.38(4) 85.43£2.82(2) 83.30%2.81(3) 86.944.02(1)
WIN 98.2540.23(3) 97.8240.35(4)  97.5420.58(5) 98.2940.25(2) 98.6320.18(1)
TCE 67.63143.23(2) 65.7245.33(4) 57.43.01(5) 67.3913.15(3) 71.00=8.44(1)
WFM 82.154).70(2) 79.7120.85(5) 80.544.09(4) 82.1240.69(3) 84.9420.65(1)
UPS 92.254).32(4) 93.1340.86(2) 85.88H.79(5) 92.5040.86(3) 94.1940.44(1)
HPS 58.0148.50(3) 56.0847.36(4)  59.82H1.31(1) 59.3145.05(2) 55.8048.43(5)
Wilcoxon + + + + N/A
Ave.Fscore 75.46 75.84 69.02 75.64 79.67
Ave.std 3.06 3.61 5.45 3.20 3.66

RPER 3.4 F1k 3.5 FiRnBI4sE R, A SHI 4518

)

(2)

RKIAPMERENH, £ 14 ML L, STRNG 1#ER % T SETRED.
STDP. STDPDE #1 STDPCEW. X &K A% TH A IS STRNG
HIEA T MM FIE S BIRE P B &N FEIEERN S
[FIE, BRI AR N T REAS (38 e 2 (R 2 0, i vy B A T AR A IR 5 58 sy
o BEAN, STRNG i i i fi vk 56 ) 12 B i) e B A5 B RE A 3 — 0 1 ad
Xff19 STRNG B A B 175 R .

M 3.5 R LLE R, £ 14 NMESE L, STRNG 1 Fl-score (¥ T
SETRED #1 STDPDE, 7t 13 M ¥i#i4£ I, STRNG ¥ Fl-score {Him T
STDP Al STDPCEW. f£ GLS #i#54 I, STRNG [t STDPCEW (1
3.18%, 7& HPS LIt STDPDE fik 4.02%. f£ HPS [tk STDPDE f&
4.02%, EANFIEPI5rR Fir-score A SEAE— B VBRI IR 2 L LT, 46

HVER) T Z AR HAE GLS Al HPS W15 H A R Bk 55 b L B R 4 2R
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YERETE R —7KF Lo thAbh, 456 % A5 Accuracy b1 25 RARIE BT IX — 45
Wo LSR5 EL B, STRNG KI5 K MERet T b ik

(3) #iF 3.4 FIF 35 BnfE 14 NMUREE EK Accuracy Al Fi-score 31H,
STRNG #H 4% —. RN, giitfRgfinild R&E, STRNG 143
MEERH 2T STDPDE. STDP. SETRED #iI STDPDE.
R SIS S5 G UE AR SCHR H B I 3 2 T i T P e R SR T DU
R R IIREA, M &2 Rk fe

3.6 AIRERALLEIN XS -ER RN

9T SR AR ECAG BRI RE AN 73 SR PRI . AR SO 14 D EdE S
HEENLE DR IEREAS, BN 2% 2 20% KA 2%1FE A FREEIRE L,
BN EEBI AT 50 IRELE F 1 7T Accuracy. K 3.4 TR T LIGE5 R,

CLE ECI

82 95

©
=}

~
N

Average accuracy(%)
N 3
‘ K
Average accuracy(%
®
&

68 70
0 2 4 6 8 0 12 14 16 18 20 0 2 4 6 8 0 12 14 16 18 20
Proportion of labeled samples(%) Proportion of labeled samples(%)
HAN IRS
70 100
68 o5
85 90
64 s
= & 85
el g
= 5 80
S0l 8
© 60 @
[ o 75
& 58 g
S H
Z 5 z
54 65
52 1 60
50 55
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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ORL
95

Average accuracy(%)

0 2 4 6 8 10 12 14
Proportion of labeled samples(%)

TCE
85 T ™ ™ T T

16

@ ~ ~
o o o

Average accuracy(%)

3

55

0 2 4 6 8 10 12 14
Proportion of labeled samples(%)

16

18

Average accuracy(%)
&

8

) 2 4 6 8 10 12 14
Proportion of labeled samples(%)

16

18

20

8

Average accuracy(%)
8

82
0 2 4 6 8 10 12 14
Proportion of labeled samples(%)

16

Average accuracy(%)
2

4

Average accuracy(%)

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

85 T

@
S

Average accuracy(%)

~
o

70

GLS

4 6 8 0 12 14 16 18 20
Proportion of labeled samples(%)

®

Average accuracy(%)
o0
N

76
0
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98.5

@
a

98

@
S

97.51

Average accuracy(%)
>

Average accuracy(%)

97

~
=

96.5

0 1 2 3 4 5 6 7 8 9 10 0 2 4 6 8 0 12 14 16 18 20
Proportion of labeled samples(%) Proportion of labeled samples(%)

—4A—STOP —%—DE SETRED —+— STDPCEW —&— STRNG |

&l 3. 4 ARIWBEIRSRFEERT 802K R1k0e
ME 3.4 HPARSCRT DIAS H DL 4518
(L 76 14 DNEEREE b, A FIE 50 S0 26 35008 3 B 25 bR B AR 1) 3
N 42 & o
(2)  EKIMF, STRNG 5:7E ECI.GLS.CLE.ORL.HAN.HPS.WFM,
WDC Al A DUt 55925 B 3 2B PR R A0 T HoAl DU RN B3 . £ WIN AT WCS 4
e, /£ WIN H TCE ¥tk b, BEEIRIEREA BRI, 7r uemh b
B2 30, 380, STRNG ) JSHEf R AE e L ) FAR T-0f LU o (H Rk
MiE, STRNG ¥4 RMErl AT 0 L5 ik
(3) fE IRS H#figEh, STRNG H7r K HE#fiF &K T STDP.STDPCEW
A SETRED. {HBEE bR EFEA LG KT I B AR ic FEA LB 56, STRNG
(43 R UER R B3R 5, ;&5 STDP. STDPCEW #1 SETRED 43 251
KFF. £ TCE #ddEd, STRNG 4 Kt #fi L ig KT STDPCEW. Y5
TEREA L3 I 8%, STRNG M4 KM% H4fim T STDPCEW.
R RBH, STRNG HA HUFHI 532 RE .

3.7 BRRE

k F1 @ #& STRNG T LIS . 2H k BitEZSENPANERE. S
B oRERAKT, RWANSEm T S EEEREARERE. T LE 14 M
PR, 7 10%0 B IO FEAR L] R X k F1 @ 1847 STRNG 50 K IFid %11

Accuracy HIH7ME. Kl 5 2o TEANFZET STRNG £ 14 MR FK) 52Kk
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T

(1) @ HUE XS 43 S HE 2 (1 5 1)

O NER— A RFEAT, WRMERAN, WHEL P REAR R, IF BAE
FIGE AT R AR IR R 1) BAG EREAR . XH SEE 2 IE, IFH AR
SR B UOE R EHE A0 R o MR, R 48 105G B0k i e
W 75 RE A R AN N B e BB FERE AR, IXH 58 T 7 KA kR . BRI SCHE
[0.05. 0.5]f5E FEl N I BB KN 0.05 SKEX @ B AR -

(1) & HUEDGS 73 S HE 1 2 (1 5 )

A0SR K BB/, DA S DA 7R T AR A 2 ) PR 85 B 222 o R e IR,
AR ME X 73 15 B BEAEAMICES BEAEAS, I HAF B AR R OR . BRIASCAEL, 1018938
N BB KN 1Rk A .

CLE ECI

Accuracy(%)
Accuracy(%)

Accuracy(%)
<
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B

B

I 22 K 2 2 S

AVA

IRS

HPS

PRX

ORL
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©

@
©
@

©
=

©
9
Accuracy()

Accuracy(%)

96 96

Accuracy(%)

3.5 SH O E
HHE 3.5 7 EHBARM k Mo HEEAF R ZEUEFAR, %7 STRNG £ 14
MR LR REFR T T4 a5 8, mAWEK=7, 0=01.

3.8 AW HHr

£ Self-training HIEMIERSFEF, — BAERFRCIFEARRN MBI ZRid 72
F1, R Z AR FE AR R AR ) STRNG e A5 12 = B A
FEREA T8 1 R IO AR AR o ZEMEFE SIS T, EEL 10% PIRRIEREARLE N IIZREE,
FRENL T EH A 1% 2] 10% MIESRAR%E . Accuracy ENPERETPAlifEFR. & 3.6
BoR T ENEIREERRFEEZE 1% 3] 10% N Accuracy “FHIE. B 3.6 R T
AN [ 7 LA 1) 2 A S 732K Accuracy {H -
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# 3.6 AEEBITFANEIEREESIS Accuracy CRYE HxHEZE (HEL))

STDP STDPCEW STDPDE SETRED STRNG
GLS 74.3543.75(4) 74.9943.95(3) 75.5234.04(2) 72.47.76(5) 80.9244.25(1)
CLE 68.3045.90(5) 69.8645.30(3) 75.2326.06(2) 69.5046.23(4) 79.2243.56(1)
ECI 84.2643.35(4) 84.8043.09(3) 87.8543.23(2) 84.0842.19(5) 91.29H.87(1)
HAN 58.0643.68(4) 56.0913.47(5) 58.5546.9(3)7 58.8043.86(2) 62.2746.75(1)
ORL 85.60H.08(3) 88.92H.03(2) 85.524+.60(4) 85.4040.35(5) 95.104.35(1)
PRX 52.07%2.69(4) 52.40%2.89(2) 49.003.73(5) 52.38.21(3) 58.2548.43(1)
WDC 85.31.71(3) 85.1543.22(5) 90.53+.00(2) 85.2442.65(4) 91.38H.96(1)
IRS 89.0143.82(2) 88.9944.20(3) 80.15246.59(5) 88.8944.19(4) 94.1322.67(1)
WCS 79.0013.72(4) 79.2783.17(3) 86.322.73(1) 78.4243.51(5) 85.391.39 (2)
WIN 94.8140.65(4) 94.6340.98(5) 97.9740.44(2) 95.1320.08(3) 98.4610.25(1)
TCE 64.1642.00(2) 61.9143.98(4) 58.8144.76(5) 63.88+2.22(3) 66.3815.11(1)
WFM 80.57H.18(4) 78.73H4.38(5) 81.8240.86(2) 80.68 1.42(3) ) 84.11H4.26(1)
UPS 80.57H.1(4) 78.73H.38(5) 81.8240.86(2) 80.68+.42(3) 84.11H4.26(1)
HPS 53.6845.23(4) 54.428.57(3) 53.1849.78(5) 54.4543.44(2)  65.41H4.07(1)
WSR-test ~ + + ~ N/A
Ave.ACC 76.65 75.80 64.24 76.63 81.84
Ave.std 2.89 295 3.88 2.58 3.83
- HAN e __wes

Average accuracy(%)
Average accuracy(%)
@

2

56 50

Noise sample ratio(%) Noise sample ratio(%)
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5541 5647
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& 521 Se2f
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E 1 H
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88 sl
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WDC
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GLA

8

®

Average accuracy(%)
&
Average accuracy(%)

~
N

~
=]

-3
®

0 1 2 3 4 5 6 7 8 9 10
Proportion of labeled samples(%)
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@
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Average accuracy(%
~
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Average accuracy(%)
®
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Noise sample ratio(%) Noise sample ratio(%)

—&A— STDP —%—DE_— &+ SETRED —+— STDPCEW —&— STRNG |

&l 3.6 ANE LM T & Hk 0 KM ee

AR 3R (e 25 S B 8 R, ASCAT DA PR S

(1) STRNG (4 2K #i %X m T STDPCEW. SETRED. STDP #
STDPDE 7 13 M4l . STRNG 7E WCS HU4fs 4E b (¥ 7 SR e o AU B I T
STDPDE. STRNG £ 14 M4 4 L1007 3540 KHER R N 81.84%, 43JjlLk STDP.
STDCPEW. STDPDE fil SETRED 7 5.19%. 6.04%. 5.60%#15.21%.

(2) %5 &), STRNG 5ikL7t ECI. ORL. IRS. WDC. WIN fl UPS %
e B KRR R 90%. AL, 7EIX 6 MEHE4E . STRNG ¥4 il %
A EEHEA B8 ISR 7.21%. 9.7%, 13.98%. 6.23%. 3.83%F11 6.54%.

3.9 BITHIE)ST4R
SETRED 3 & HJ% RNG 2 i i 15 4 5 O (n°) . STDCPEW #i: ¥
BB RIS CEW, JUS AR 5 48 O (n®) o STDP HyM ) 5 4% i 3 3
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

R SR ), SER R 5225 O (n®) . STDPDE £ O (n®) Lhit§f Abric A
HOBALA R . 5/ NEEEAT 50 WA SE T A [ FE. 3.7 SR ANEIA IS AT
i ] GF) -

% 3.7 SEATH T (HE4%)

STDP STDPCEW STDPDE SETRED STRNG
GLS 0.12(2) 0.393) 0.02(1) 1.74(5) 0.85(4)
CLE 0.07(2) 0.37(3) 0.04(1) 1.26(5) 0.71(4)
ECI 0.08(2) 0.44(3) 0.04(1) 1.44(5) 0.80(4)
HAN 0.08(2) 0.293) 0.02(1) 1.18(5) 0.88(4)
ORL 0.25(1) 1.99(3) 0.55(2) 8.01(5) 2.72(4)
PRX 0.04(2) 0.14(3) 0.02(1) 1.11(4)) 1.51(5)
IRS 0.04(1) 0.18(3) 0.09(2) 2.37(5) 0.66(4)
WDC 0.332) 2.23(4) 0.19(1) 2.95(5) 1.27(3)
WCS 0.25(1) 1.19(4) 0.10(2) 1.32(5) 1.11(3)
WIN 0.72(2) 105.32(5) 0.62(1) 22.05(4) 5.46(3)
TCE 0.13(2) 2.17(5) 0.06(1) 1.99(4) 1.713)
WFM 1.58(2) 302.67(5) 1.28(1) 2.09(3) 3.54(4)
UPS 1.60(1) 157.53(5) 1.75(2) 38.95(4) 7.83(3)
HPS 0.12(2) 0.253) 0.03(1) 1.04(5) 0.62(4)
Ave.time 0.39 41.08 0.34 6.25 2.12

MR 3.7, ARCATDMFH BN 18: STRNG ££ self-training HEIE A
R 7 A I AT 0 BRI, B8 P65 P REA TR B e, ANIA T A
JE R X T B A E TS TA) . S BOR . STALN £ 18 N4 _E -1
e AL 3R =, SEIR A R S PR — 5.

3.10 KE/NGE

FET TR, ASCER T P AR Y S B Self-training 5% STRNG.
STRNG i HI 2 T 5 F (AR S PR R T SRR AS Z RIS, e 1 KR L LA A
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

EE BB BEAN, RSO T N R RUROR IR R B IR Z A5 . B2
TR, AU AR FEA AR Y S, IR R v v BAE B AR R
SCEG R, FrHE Y STRNG 5% b S B IR0 73 8k RE . 90% B {5 7K
R Wilcoxon HIIIREE KW, STRNG [ 2K54 IEAR T B ERE.

5 HeE AR EL , STRNG 2 35 #2275 T Self-training 535 11 AE . SR 1T, STRNG
WAEFELL T8 R (1) IEAT N B S, WA AR ic Bl 120 2 e i 4y
RARIVERE o 3X R R A EEBIR AN — S b e R AR TR L 536 1 5 B 1) G 4 1) B ) [
HAREWYIVIL, FEOXEAEART THIAMEEFEA. (2) STRNG P47k
A O 3l T BEARAR AR B B/ B, X TR EER B ARS REFE. (3) STRNG A
PAZH. USR] BRSO E 11 2 1H
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

4., BENEBIEITIER self-training E%

4.1 HiEhaid

N T R ZITARBREA G H ISR SR, Wit 1 &R R H 46 fE il )k
[¥] self-training 5% (STALN). ¥5E, BETHMRBEREANLREE BIERAFH
TN TORRREREAS T SR B A0, FER I TohR 2 e AR JR) 8 40 8 IR 45 S B AR AR — A
WA, IR AR TR AIARZERT L, T H A — bR 25 (0 O AR 2 R AT
BEE B, STALN SR insid: 4.
Bk 4: STALN #Hik
MN: AWBEREAEL, ThERAEU

1. While U =& Do

2. Vst BfE AL s =2

3. MG RAEH

4. For X, in U

5. FUFH H 9 %, A BbRaET

6. FERIAT (1) AR X IO EIERL B AD(x,)
7. If T, = i)

8. S=SuUx

9. End If

10. End For

11. L=LuS;U=U-S
12. End While
13. Return H

4.2 HERBNAE

/

DL S A AR AR AR AR D, D BRI ARSEREAE O 2R R 7 6
o N T IR A TERE, TR TR MRS S UL 230
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

WREREAIETE NS B« STALN 7E self -training AR FEH, FIFH B RS FEA
ERfE B, BENMMIRG AR N RS E. 7AW STALN &
%, BT TR E X
SE 1 HE N
R AD(X) ATCARZEREA X B IENBE B, AEA x N TREREAR, HiENER
BE ST
L]

AD(xi):%z D(x,x,) (12)

L=
Hort || o bR REA B, R Tk D (X, X, ) BREA x, SRR REA X, 2 1)
GV
RESL 2 [ IE R AT
4 LNN (%) FIREZA X, [ 1138 7 04RS00 A0 J 2 S R
LNN (%) ={x [ D(x,x) < AD(x),%; L, eU} (13)
AR (2) B, LNN(x) R ERERASES. TIRERA X %E4e

M FRAEREARRONE B, IS S IR M4
AT A STALN S0 58 REE #2804 RIS R, DAL W
KECREAR, T 41 TR T IERRAREA X (0 5 R HIE A LNN () TSR,
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

A% 1 O%2 Oxtwicks
B 4.1 TR sREmSETHERER

4.1 PEERETAREREAR, AT REH A LB ARERAR,
[ 3R SR AT TS — R I A, DATGAR R A x A, TR TEARZEREAS X,
5 BT B G R RE A UGN IE B AD (%) BAREAR %o Ay [0 O B
AD (x,) AR E — AN E . Gk BN A SRR AN X M EIER 548 E, B
LNN (%) = {%,, Xg, %5, X, } o FTEAE HY LNN (x, ) FTEFER TR A IRBREA, Stk
ity K ARG B AR B Y 7 A B, BT AR B & B IR BUOC AR B A
X, HJRFBARIE LNN (%) -

B3 SRR AL bR

g P LNN () IUBRZS, THEIIT
Yiun(x) ={y; 1% € LNN(x,)} (14)
ILNN(xi) = MOde(yKNN(xi)) (15)

Hrty, LN (%) BRREHEA, Mode (o) ISR HL4E 2 ACKLIN B 2

B (4 T, Ry, TR

LNN (%

4.3 ERBERT

N EINE bR STALN SUARGACGERE, BEHLA SFEA SRy 300 /) 3
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PN 2 1 e S AT

BN R EREA IR T IELE Self-training BIEF B

TRl o AREAS,  JFURREAR AT 4.2(a). BEHLILE 10%MIFEAEy AR
BAEATE LTI 4% B AEA, RO TERS SRR, W 4.2(b). i0RIFER

7 STALN AR,

(b) HIUE 90% I TR 2L A I
I3 BE 4% R 75 FE A

A

(e) 2 1 YOEAGE A FEA I Aii
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PN 2 1 e S AT BRI S B G R ARIE R JEE Self-training BETINH A

-
o L
fﬁ ‘ k4
N
m DD of REEHE
Oog;% o @g ogo
* REN- A
(g) %2 WIER (h) 2B 3 IEAR
o F1PBIREHEKR * AW BEIREHEK O EEBEHMHK
o 2BV BIREHER s FFREHK O ERIZSEHER

B 4.2 STALN &RiE2

ME 4.2 1, ARCATLAE F] STALN #HT T HFIEMR. R —IE T, &
P 252 DARIRICHIFEAIE N B ERA, HoAminE 4.2, MIE 4.2(c)
FIULE H, SRR AR B A2 38 4 B AR B — B0 72 AN SRR SRR
NRAFUREAR . B 4.2(d) A G FEAR I/ rT LLE H, STALN & F14
GrilRE AR E AL T A IR A B 2 TERE PR A [l . X R B STALN HA 1)
GFHIR T S BIRE . AN 4.2(D TR, R E 5 — UGEARH) 72 A I REA A
e R UGS M BAS R . B 4.2(h) R, B A 0 ST A A
PR AT — A SR AR 2, I HE I LA 4.2(a)F1 4.(b) 5T I 75 FE A b 253
1T TRIE. STANN HEMNAMEREE, FIHRIR AR T bR CRE AR [H]
(16 2R IS R M SRAGH R B A0 JE AR o e ADURARIR R, 1 A R4 1 40 g
AR

4.4 BHEEZE S

STALN SEA A8 T A bR AR AR (58, [ Yk R oh 7
E SR EARARE 5 A R R 2 B . 4 n R R,
AT AR B, T n -1 RTERRAEREA SR . STALN BN 152 4 51
EEEL G (1SRG B AT SRR R 42 4 50 (n) ()
(AR o, TSR R 10 43 o340 O S 25 O (1 (n 1))
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(3) TSR A E bR PR B A R AR E O (n-1) -

[itt, STALN S5 (I [ 52243 O (n® + (n—1)+1(n-1)) .
4.5 XWRE

4.5.1 LRI

T S236 5L T 64 £71) Windows 10 & 48 Matlab 2019b, AbFH 284 IntelCore
i5, WAFN 8G.

4.5.2 YWREMNSRZE

%+ STDP. STOPF. SETRED #l STDPNaN, 5 MH3%H] self-training /F A
Xof PSR AR R B2 1 R S S IARAD , % LSRR S BURYE )5S E . A SCHE 18
AN TFHHE S BT SCIR R B IE A L BREI A . 2 GLA. SPH,
HEA. ILPD. AUS. BRE. TRA. Pima. DIA. GER. CMC. ORL. PAL. AR,
FER. YALEB. UMI. MPE ##54E.
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NI R AR S ERR IS BB ERE AR R 7 VETE Self-training Bk IR

TE 95% I B AZ K1 T AT BUR B v #R 77 5 A 46 (Wilcoxon signed-rank test,
Wilcoxon), DA% STALN SEBG 25 RIA R £, «“435l3R 78 STALN &
FENTART X R, f754~" KR STALN 5% BRI W& 2 7+ .

F4.1 TRBHPRE

Hik S
STDP“! P,=2
STDPNANU4 TZH
SETRED] I 6 =0.1
STOPF¢ TZH
STALN TBH

4.6 FRMEBED

ARATIEFELL 3NN SVM F itree JNFESF JERTE 16 AN IEMHEEHE AR IEAT 5250
TR BENIE R 10% MR AR B A IREREARLE, HRFEAMETAR RS
ARG B VE 2R (Accuracy) Rl F ) 3(F1-score){F y SLILHITEN R R . 75 AR F K
FOPRET, WRKIA IR 16 MRS LIE1T 50 IRIPEEMbREZE,
RN TR, EENMEIEE ISR Remdr g R bR, F5%
M 7 AN IR HES - AVE.ACC. AVE. Fi-score fll AVE.STD 437 387~ F-14)
Accuracy. “F# Fi-score FIFHIbriE %
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NI R AR S ERR IS BB ERE AR R 7 VETE Self-training Bk IR

R 4.2 W ENDRBTEANFIEN Accuracy CEIMEARHEE (HE% )

3NN STDP SETRED STOPF STDPNaN STALN

CMC  60.99+1.46(3)  6052#1.27(5)  6157#1.04(2)  60.45+1.43(6)  60.99+1.01(4) 63.7723.12(1)

BRE  558822.34(2)  54.333.55(6) 55.6544.71(3)  55.4743.0(5) 55.4922.21(4)  59.4215.15(1)
UMI  7797#326(8)  78.33#2.34(5)  79.114359(4)  85.9142.4(2) 83542.97(3)  90.7220.88(1)
ILPD  60.03#2.94(5)  59.72+1.88(6)  61.3+1.8(2) 60.1723.44(4)  60.6643.96(3)  73.609.10(1)

AUS  635743.45(4) 63.21:43.29(6) 63.3344.13(5)  64.4823.83(3) 64.5142.88(2)  72.043.13(1)

YALEB  69.24+1.41(5) 68.78:0.26(6) 73.8440.71(4)  79.3321.65(2) 75.284052(3)  89.8642.11(1)

ORL  83.27#1.82(5)  83.0442.3(6) 84.63+1.83(4)  89.11255(2)  86.942.23(3)  94.69+1.33(1)

FER  83.8840.82(6)  84.48+1.2(5) 86.6940.49(4)  89.3120.44(2)  88.0621.25(3)  97.4240.69(1)

PAL  855140.88(5)  85.361.27(6)  87.8940.99(4)  91.1840.92(2)  89.0940.59(3)  97.62:0.36(1)

AR 77.94#126(5)  T7.724075(6)  80.8941.47(4)  86.180.66(2)  85.0240.8(3)  96.850.75(1)

GER  54.93+261(2)  545622.18(5)  54.9332.44(3)  54774247(4)  54.4622.35(6) 65.9123.99(1)

HEA 63.0843.25(3) 62.9943.79(4) 62.444.11(5) 61.7945.08(6) 64.6424.18(2)  66.9647.51(1)

SPH  63.534.57(4) 61.3522.71(5) 61.264550(6)  64.7420.59(3) 68.4248.55(2)  72.49+13.66(1)

PIM  66.7343.18(5) 67.49:2.31(4) 67.8842.67(2)  64.952351(6) 67.5542.43(3)  72.2648.04(1)

GLA  77.795.26(6) 78.5145.1(5) 79.8944.81(4)  81.213342(3)  81.73#4.73(2) 82.593.8(1)

DIA  66.42331(4) 66.05:42.95(5) 67.0942.86(3)  65.0323.23(6) 67.1242.85(2)  70.5746.7(1)

BTSC  58.4243.97(4)  59.27+4.66(2)  57.8243.8(5)  58.50#4.63(3)  57.7343.66(6) 62.93+10.13(1)

MPE  80.1542.05(5)  79.942256(6)  83.2+146(4)  86.31+1.38(3)  86.52#1.34(2)  94.39+1.97(1)

Wilcoxon + + + + + N/A

PIME 69.41 69.20 70.52 72.17 72.09 79.12
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NI R AR S

R i BAE R AR TTVAAE Sel f-training HIEH BB

FR 4.3 INN ERBTENEEN Fi-score CEHEwmEE (H4Z))

3NN STDP SETRED STOPF STDPNaN STALN
CMC  55.1%2.0(4) 54,49+ 75(5) 55.9241.36(2)  54.38+1.91(6) 55.14- 4(3) 58.6244.68(1)
BRE 55.8842.34(2) 54.343.55(6) 55.6544.71(3)  55.4743.0(5) 55.4942.21(4)  59.425.15(1)
UMI 69.64.93(5) 67.644.82(6) 69.9447.52(4)  79.0324.29(2) 75.3344.86(3)  84.69+1.59(1)
ILPD  60.0322.94(5) 59.72:41.88(6) 61.3+1.8(2) 60.1743.44(4) 60.6643.96(3)  73.649.1(1)
AUS 63.5743.45(4) 63.2143.29(6) 63.33+4.13(5)  64.4843.83(3) 645142.88(2)  72.0443.13(1)
YALEB  55.7542.39(5) 53.89:+1.56(6) 64.27+.45(4)  73.0622.19(2) 65.98+1.3(3) 85.06+2.62(1)
ORL 52.7445.14(6) 53.9245.82(5) 57.6623.74(4)  68.6446.72(2) 63.4947.25(3)  74.9949.65(1)
FER 30.443.04(6) 34.7343.94(5) 37.7441.93(4)  44.3249.16(3) 45545.37(2) 66.8145.67(1)
PAL 77.63+1.76(6) 78.0542.05(5) 81.2942.25(4)  85.89+2.17(2) 82.6641.09(3)  95.3820.9(1)
AR 51.0642.68(5) 47.960.91(6) 50.3642.66(4)  67.4443.51(2) 64.1443.1(3) 88.3642.83(1)
GER 54.9342.61(2) 54.5642.18(5) 54.9342.44(3)  54.7742.47(4) 54.4642.35(6)  65.9143.99(1)
HEA 63.0843.25(3) 62.9943.79(4) 62.44.11(5) 61.7945.08(6) 64.6444.18(2)  66.9627.51(1)
SPH 63.5344.57(4) 61.3542.71(5) 61.2645.59(6)  64.7420.59(3) 68.4248.55(2)  72.49+13.66(1)
PIM 66.7343.18(5) 67.49+2.31(4) 67.8842.67(2)  64.9543.51(6) 67.5542.43(3)  72.2628.04(1)
GLA 62.65:49.54(6) 64.335.98(5) 64.9449.1(4) 65.73+10.32(3)  66.3949.45(2)  66.98+9.95(1)
DIA 66.443.31(4) 66.0542.95(5) 67.0942.86(3)  65.0343.23(6) 67.1242.85(2)  70.5746.7(1)
BTSC  58.4243.97(4) 59.27+4.66(2) 57.823.8(5) 58.59:4.63(3) 57.7343.66(6)  62.93+10.13(1)
MPE 63.863.63(5) 62.7245.09(6) 68.7242.32(4)  72.4642.69(3) 73.234266(2)  85.742.96(1)
Wilcoxon + + + + + N/A
i 59.52 59.26 61.75 64.49 64.02 73.49
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R i BAE R AR TTVAAE Sel f-training HIEH BB

£ 4.4 SIMEDRBTFEANFIEN Accuracy CEIEARHEE (HE%))

SVM STDP SETRED STOPF STDPNaN STALN
CcMC 64.5442.64(1) 63.56:42.64(4) 63.2744.41(5) 62.50+1.45(6)  63.92+2.13(3) 64.2943.71(2)
BRE 47.69423.47(6) 59.54417.15(5)  66.714.45(2) 60.83+15.09(4)  61.43+3.74(3)  71.7448.79(1)
UMI 82.4343.33(6) 84.0740.96(5) 91.49+.17(1) 86.5540.36(4)  88.8140.68(3) 89.1442.78(2)
ILPD 37.3349.13(6) 72.89+4.61(3) 71.86+2.73(4) 74.4846.25(2)  59.04+7.87(5) 75.62:46.04(1)
AUS 30.1143.17(6) 56.93:48.36(4) 57.0445.72(3) 50.7245.95(5)  60.51+7.66(2) 63.37:11.12(1)
YALEB  93.6440.30(6) 94.87+0.01(4) 94.88+0.30(3) 94.4540.60(5)  94.90+0.06(1) 94.88+40.01(2)
ORL 93.90-4.02(6) 95.130.01(5) 95.130.21(2) 95.1340.07(3)  95.13+0.11(4) 95.1340.01(1)
FER 98.7340.14(6) 99.0140.12(5) 99.0140.20(2) 99.0140.05(3)  99.01+40.01(4) 99.0140.01(1)
PAL 97.62+40.17(6) 98.01:40.02(4) 97.9240.20(5) 98.0240.01(3)  98.02+40.05(2) 98.0240.02(1)
AR 95.55:1.90(6) 97.58:40.83(5) 98.35:40.09(1) 97.9440.33(2)  97.7640.17(3) 97.68:40.18(4)
GER 34.0740.37(6) 66.54+18.17(2)  66.029.49(3) 64.37+16.89(4)  60.0849.71(5) 73.1946.37(1)
HEA 25.4543.03(6) 31.9343.79(4)  47.1349.33(2) 29.17#13.3(5)  47.4046.07(1) 44.09:16.22(3)
SPH 40.1647.29(6) 65.64421.27(3)  50.563.65(4) 70.12+14.48(2) 48.12+14.61(5)  79.4029.79(1)
PIM 32.5146.06(5) 22.24416.65(6)  52.07#15.96(1)  33.04424.58(3) 46.86415.29(2)  32.65422.95(4)
GLA 76.3247.06(6) 79.3245.11(5) 80.163.95(4) 81514553(2)  80.8343.73(3) 84.74+1.46(1)
DIA 31.3640.23(5) 25.61+19.6(6) 56.55+14.95(1)  36.12423.68(3) 47.6746.84(2)  32.42423.11(4)
BTSC 73.0848.93(6) 74.0449.49(4) 76.242.62(2) 76.6841.42(1)  73.09+10.37(5)  76.0546.80(3)
MPE 95.41-.20(5) 95.2940.57(6) 97.4240.34(1) 96.6:40.83(3) 95.7740.38(4) 97.2940.07(2)
Wilcoxon + + ~ + ~ N/A
SEI4E 63.88 71.23 75.65 72.62 73.24 76.04
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NI R AR S

R i BAE R AR TTVAAE Sel f-training HIEH BB

24.5 SWMEHSEEBTENEEN Fi-score CEMMETHHEZE (HEE))

SVM STDP SETRED STOPF STDPNaN STALN
CcMC 56.9345.42(3) 57.755.00(1) 45.5748.60(6) 55.8644.30(4)  57.4944.47(2) 46.9748.40(5)
BRE 47.69423.47(6)  59.54:17.15(5)  66.7134.45(2) 60.83+15.09(4)  61.43+374(3)  71.7448.79(1)
UMI 26.02:415.77(5)  27.0711.03(4)  22.22422.06(6)  38.5146.95(1)  34.65+14.12(3)  34.8045.32(2)
ILPD 37.3349.13(6) 72.89+4.61(3) 71.86+2.73(4) 74.4846.25(2)  59.04+47.87(5) 75.6246.04(1)
AUS 30.1143.17(6) 56.93:48.36(4) 57.0445.72(3) 50.7245.95(5)  60.5147.66(2) 63.37+11.12(1)
YALEB 1.10=0.08(6) 2.580.10(4) 2.6540.01(2) 2.200.61(5) 4.18+2.25(1) 2.6540.01(3)
ORL 0.8540.18(6) 2.5040.01(5) 2.5040.21(2) 2.5040.43(3) 2.5040.38(4) 2.5040.01(1)
FER 0.1340.02(6) 0.50-40.05(4) 0.4440.08(5) 0.5040.10(2) 0.5040.01(3) 0.5040.01(1)
PAL 0.3840.06(6) 0.6140.29(5) 0.7240.08(4) 1.0740.33(1) 0.8140.10(2) 0.76:40.01(3)
AR 3.7845.12(3) 4.9542 63(2) 0.8340.01(6) 1.3840.62(5) 9.62-+1.85(1) 2.48:41.72(4)
GER 34.0740.37(6) 66.54+18.17(2)  66.0049.49(3) 64.37+16.89(4)  60.0849.71(5) 73.1946.37(1)
HEA 25.4543.03(6) 31.93#13.79(4)  47.1349.33(2) 29.17+3.30(5)  47.4046.07(1) 44.09:+16.22(3)
SPH 40.1647.29(6) 65.64421.27(3)  50.5643.65(4) 70.12+14.48(2)  48.1244.61(5)  79.4049.79(1)
PIM 32.5146.06(5) 22.24416.65(6)  52.07+1596(1)  33.0442458(3) 46.86415.29(2)  32.65422.95(4)
GLA 51.2347.7(4) 50.44414.82(5)  42.84+15.48(6)  59.94412.49(2) 54.06214.08(3)  68.2442.43(1)
DIA 31.360.23(5) 25.61+19.60(6)  56.55+14.95(1)  36.12423.68(3) 47.67416.84(2)  32.42+423.11(4)
BTSC 73.0848.93(6) 74.0449.49(4) 76.2042.62(2) 76.6841.42(1)  73.0940.37(5)  76.0546.80(3)
MPE 2554+16.58(1)  25.17+10.42(2)  17.8842327(5)  6.5246.61(6) 19.69+12.34(4)  20.99+18.41(3)
Wilcoxon + + ~ + ~ N/A
SEI4E 28.76 35.94 37.77 36.89
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NI R AR S

R i BAE R AR TTVAAE Sel f-training HIEH BB

#* 4.6 CART E N RB[TEAHEIEN Accuracy CPHELRFEEZ GFE) )

CART STDP SETRED STOPF STDPNaN STALN
CMC  61.02:1.55(6) 61.24:+1.83(5) 61.7541.89(3)  61.34:+1.61(4)  62.15:+.72(2) 64.64-1.28(1)
BRE  92.40:1.59(3) 92.37+.74(4) 922441 64(5)  92.124.60(6)  92.4342.12(2) 92.56+1.48(1)
UMI  79.37+1.45(1) 79.2142.14(2) 77.98+1.98(4)  73.7242.05(6)  75.50+1.82(5) 78.062.01(3)

ILPD  59.4043.21(6) 61.10+2.88(3) 60.7443.33(5)  60.8842.23(4)  61.1642.97(2) 69.90++10.63(1)
AUS  82.043.18(5) 82.0643.39(3) 82.0+4.04(4) 81.1943.64(6)  82.1443.15(2) 82.20+2.66(1)
YALEB  72.07:.49(3) 72.63:1.39(2) 71.7840.01(4)  67.0440.87(6)  70.11+.65(5) 77.7746.03(1)
ORL  8357+.23(2) 83.430.84(3) 83.0120.92(4)  80.194.35(6)  82.23:.75(5) 83.63+1.28(1)
FER  90.1040.76(3) 90.540.66(1) 80.1740.80(4)  86.2140.77(6)  87.3440.51(5) 90.20-4.74(2)
PAL  78.87+.08(4) 79.7420.90(2) 79.4040.36(3)  74.6041.17(6)  77.99:.08(5) 80.854.24(1)
AR 82.761.40(1) 82.580.61(3) 81.1240.49(4)  78.154.20(6)  80.99-.16(5) 82.6843.57(2)
GER  63.73#2.52(2) 63.363.18(6) 63.6043.09(3)  63.56:1.87(4)  63.4743.07(5) 65.2445.87(1)
HEA  73.7045.46(1) 73.5643.76(2) 73.424503(3)  725147.37(6)  72.945.59(5) 73.2442.45(4)
SPH  61.1046.07(4) 61.5245.73(3) 60.2045.25(6)  60.2446.95(5)  61.61+4.41(2) 67.7546.16(1)
PIM  67.1943.14(6) 68.4943.07(3) 68.2943.23(4)  68.8143.96(2)  67.8643.23(5) 72.1643.91(1)
GLA  785343.50(5) 80.344.20(1) 79.4342.99(3)  73.6646.14(6)  78.92+42.10(4) 80.24+43.56(2)
DIA  67.8643.30(6) 68.26:42.85(4) 68.643.14(3) 68.124221(5)  68.6643.09(2) 71.8444.14(1)
BTSC  62.69:4.71(4) 63.0844.32(2) 62.8744.13(3)  62.0744.67(6)  62.2543.95(5) 64.48-4.93(1)
MPE  78.33+.19(1) 77.8841.28(2) 75.4940.77(4)  75.3240.49(5)  74.94:+1.66(6) 77.2342.02(3)
Wilcoxon ~ ~ + + + N/A
i 74.15 74.52 73.95 7221 73.48 76.37
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NI R AR S

R i BAE R AR TTVAAE Sel f-training HIEH BB

* 4.7 CART ERBTENEEN Fi-score CEWE txdEE (HEZ))

CART STDP SETRED STOPF STDPNaN STALN
CcMC 55.0642.11(6) 55.3842.47(5) 56.0242.56(3)  55.4842.1(4) 56.5742.28(2) 60.17-+1.69(1)
BRE 92.40-1.59(3) 92.37+.74(4) 922441 64(5)  92.12+.6(6) 92.4342.12(2) 92.56+1.48(1)
UMI 58.7145.07(5) 70.1544.94(1) 68.1442.98(2)  57.0542.44(6)  62.85:1.65(4) 66.62+5.51(3)
ILPD 59.4043.21(6) 61.142.88(3) 60.7443.33(5)  60.8842.23(4)  61.16+2.97(2) 69.90++10.63(1)
AUS 82.0043.18(5) 82.0643.39(3) 82.0+4.04(4) 81.1943.64(6)  82.1443.15(2) 82.20+2.66(1)
YALEB  56.1842.94(5) 61.94:+1.98(2) 60.22:1.41(3)  51.43#1.76(6)  57.4842.85(4) 70.59+9.90(1)
ORL 38.0445.19(6) 51.8543.78(3) 57.9241.93(1)  44.0845.01(5)  45.32+4.02(4) 55.6146.26(2)
FER 21.2642.95(6) 53.1245.44(1) 48.8946.02(3)  28.2343.50(5)  44.2545.5(4) 53.07+10.45(2)
PAL 49.39:42.72(6) 61.043.22(3) 62.2242.95(2)  49.7842.61(5)  55.94425(4) 65.1628.21(1)
AR 36.7842.19(5) 55.19:+.34(1) 427141.94(4)  5.3642.85(6)  43.8424.22(3) 54.82+11.03(2)
GER 63.7342.52(2) 63.3643.18(6) 63.643.09(3) 63.56+1.87(4)  63.4743.07(5) 65.2445.87(1)
HEA 73.7045.46(1) 73.5643.76(2) 73.4245.03(3)  725147.37(6)  72.945.59(5) 73.2442.45(4)
SPH 61.1046.07(4) 61.52+45.73(3) 60.2045.25(6)  60.2446.95(5)  61.6144.41(2) 67.7546.16(1)
PIM 67.1943.14(6) 68.4943.07(3) 68.2943.23(4)  68.81%3.96(2)  67.8643.23(5) 72.1643.91(1)
GLA 57.077.49(6) 71.6144.41(1) 63.347.62(4) 61.5410.04(5)  71.543.41(2) 65.6848.04(3)
DIA 67.8643.3(6) 68.2642.85(4) 68.643.14(3) 68.1242.21(5)  68.6643.09(2) 71.8444.14(1)
BTSC 62.694.71(4) 63.084.32(2) 62.8744.13(3)  62.07#.67(6) 62.2543.95(5) 64.48-4.93(1)
MPE 41.0143.68(5) 48.0843.08(3) 48.16:1.25(2)  40442.28(6)  43542.12(4) 51.6147.29(1)
Wilcoxon + ~ + + + N/A
SEI4E 57.98 64.56 63.31 58.49 61.87

M A2, F 43, F a4, £A45, £46. FIF 4T LR RN, AL

REILUT S5

(ODMEEAR B, STALN F7r e 02 5 T L EYE, X e il il 1

STALN Bkt . STALN 0% e 7 e mtE, 8 — s fEd
BIREAWSREARNER, BEMIET 7 oR8nmaE.

Q)R 4.2 FIzE 4.3 A A LIS 3], 7F 18 M4 L, STALN DL 3NN /A4
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NI R AR S ERR IS BB ERE AR R 7 VETE Self-training Bk IR

B2, I Accuracy AfE T T HEE, HrRHERIFAHE T 3NN STDP,
SERTRED. STOPF #1 STDPNaN 437l & 9.68%+9.89%- 8.57%- 6.92%- H1 7.00%.
BE4h, STALN HJ Fl-score 7£ 18 NMHEHETA 17 MEIEEALE —, HETH
L SVE 5 515 13.83%- 14.09%- 11.6%- 8.85%- Fl1 9.33%. iXUE%H5R ] STALN
(17 M RETE 3NN 73 2388 F 0 3w T B

(B)HFE 4.4 FIEK 45 AXALIEH, STALN LI SVM fERHEpIEEE, H
Accuracy £ 18 ML 9 MIREAAZ S —, Fl-score 7£ 18 MEHEEA 8
ANEAE A S — . STALN (153 8V REARAC T LA 3NN 1E R 5L 4 25 1 73 5 P Ak
WA, {H 2 STALN 38R 3K75 1 B & 19T 2 Accuracy A1 Fl-score, X5t T STALN
1E SVM 43 K38 Nilid B HHE A RE R, 3T T K3 rERe.

(HHE 4.6 MK 4.7 ACATLISE], STALN DL CART fEANHEESEEE, H
Accuracy il Fl-score 7£ 18 MHREFH 12 MREHAE—, IHHRE T &
i B35 Accuracy Ml Fl-score. IX#iH] I STALN A CART fFydk7p3ds, 7870
FIH T AR S A AR REREA I O R, 511 5E S INAERA MO 7 1% tH & B AS HE
A, BEmEER T AEIERE .

(5)TEFH 4.2 F1k 4.3 1, STALN ZEF 3NN 43 2REE MG MG 3045 R B E R
TFHAB LA L. F 4.4 13K 4.5 1, STALN & SVM Z 43814 I &5
REZMNT SVM, STDP Hl STOPF, 5 SETRED #1 STDPNaN & i % 2 7 .
# 4.6 F1F 4.7, STALN £ J- CART £ /3 R Gt it fa e 45 L 218 T SETRED,
STOPF #11 STDPNaN, 5 STDP % H &% % 7

(6)7E P4 MPE 24 4E I STALN 7E = ANANFFE 432888 1 Accuracy {H 144
RIGRARPERE . XAy MPE B 70 2851, 7E2001d 2 M 5dE4E I STALN
SRS 05 20 A 25 A 5T 5 B0 A 22 13k T 5 S50 Rl 43 e PR AR . BRLIG, STALN
AN 5 250 2 R 4 .

4.7 BIFERA LI XN
AR [ HL B2 R A S S e (ORE, 4 bR AR LI E ]
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N2 T e SRR = BAS ERE AR FE T VAAE Sel f-training 5Lk WAL

10%.,20% N BUE, £ KN 1%. STALN FH 3NN NIE0KaF 16 M 4
HEATS20G, FRIRELIGIZAT S0 IR, IFCS FHuERe R . LIt 4s Rk 4.3 Frx.
0%, ek FUER R bR AEE . 2645 A& 4.3 Fis.

ORL ILPD
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o e &=
94 e W] g 5
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£
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10 12 14 16 18 20 10 12 14 16 18 20
BIREHEALL B (0 BAFREREAR LB (%)
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724 / N\
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4
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NI R AR S

SRR = BAS ERE AR FE T VAAE Sel f-training 5Lk WAL

GER FER
667 @ J
1&\‘ & 975 5—7_.4}_7*7_0_ = .
\ A/ A sso
641 \ A e 950 - —ao
Y / ‘w,/
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BEREREARLLHI (%) BIREREAELH (%)
MPE AR
T 97.5
4 - . L S
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NI R AR S

R i BAE R AR TTVAAE Sel f-training HIEH BB

84 1
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NI R AR S ERR IS BB ERE AR R 7 VETE Self-training Bk IR

()£ ORL, FER, MPE, AR, PAL, YALEB 1 UMI K{§%dE4E I,
STALN 7EA[FARZ LB N Accuracy R E & H AR LA, XUl T
STALN T %40 114 J5 5 B & S M e B O AR B RE A SR 40, 78 MG 2 ds
£ I STALN BT 0 EE R T &

()Tt UMI i 4E I, AFRZEEHIN 17%~20%KEF STALN 1 Accuracy i
T STOPF, (7 STOPF H|[H] OPF 457~ 1 Bdlaidi e 25 [ 4548, Refgide th o &
(o BAS BEREAS, A4S/ 838k RE . (R NEE4k B, STALN fE UMI %
P4 B Accuracy =T STOPF.

(4)7£ HEA. GLA 1 SPH #(#54E F, STALN [ Accuracy 7EAEFRZEL
B NP BEIR, PR R X e R B AR A B LU U, A BRI
STALN JoiEA Stz 48 A bR S FEAR IS B

4.8 BESSH 2

1E self-training FEMGERITFRES, BRI TOAR AT IEEI 2R 4,
Wb E R AR YR, B =R KA TERE . STALN 74 %8
THIEM2RGER, ZElAmSREARNELR, Bk STALN feiid ik /&5 i
Ao N TBAEA TSI FT IR R A IR /), AN ST TR S0

ASCFENERE 10% MG PR IC AV N IZREE, RN ZREE R4 E 1%2
10%HIFEATR T 455 R bR 25 . AR SCIEHR Accuracy TE NN FERR, 7 3NN 5028
TR SEES, RIRSRIGIEAT 50 YOO M RIARAEZE . e SO I 4
W3 4.8 F114 4.4
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NI R AR S ERR IS BB ERE AR R 7 VETE Self-training Bk IR

R 4.8 WANEIEER SRS LY Accuracy SinHEE GEFF)

STDP SETRED STOPF STDPNaN STALN

CcMC 60.78:40.83(3) 57.7640.63(5) 59.14:4).66(4) 62.89:40.72(2) 68.05+2.87(1)
BRE 56.46:+1.88(3) 55.78:1.32(4) 54.96:+1.52(5) 57.28:1.23(2) 60.562.45(1)
umi 81.71:+1.51(4) 78.531.05(5) 86.59:+1.40(2) 84.5540.91(3) 91.79+0.92(1)
ILPD 62.29+1.79(3) 60.621.53(4) 59.633.35(5) 62.50+1.11(2) 65.2742.11(1)
AUS 66.72+1.36(2) 60.0842.12(5) 66.34+1.81(3) 61.0543.03(4) 71.174.51(1)
YALEB 68.9740.59(5) 71.830.66(4) 79.650.88(2) 75.08+1.08(3) 90.7242.46(1)
ORL 81.8540.94(5) 85.631.08(4) 88.5140.68(2) 87.7940.96(3) 94.6140.93(1)
FER 83.940.39(5) 86.8040.57(4) 90.480.44(2) 88.580.70(3) 96.7140.92(1)
PAL 82.420.75(5) 85.7340.63(4) 91.940.49(2) 89.020.66(3) 96.8740.58(1)
AR 78.970.66(5) 81.050.89(4) 85.440.44(2) 84.69+1.01(3) 96.8540.80(1)
GER 52.75+1.08(5) 55.6240.92(3) 53.2240.93(4) 56.60+1.28(2) 68.1943.80(1)
HEA 55.2943.52(4) 63.9543.39(2) 59.5243.68(3) 53.59:4.88(5) 64.4942.77(1)
SPH 58.5542.48(5) 61.7944.82(3) 62.1243.05(2) 61.50+1.99(4) 75.0547.72(1)
PIM 68.95+1.97(2) 63.441.74(4) 56.77+1.56(5) 65.19+2.09(3) 78.8645.46(1)
GLA 77.7242.09(4) 75.5542.63(5) 77.7443.09(3) 83.1342.07(1) 82.9442.76(2)
DIA 63.93:1.37(4) 67.841.71(2) 67.15+1.39(3) 63.4542.14(5) 73.6242.62(1)
BTSC 58.71:4).78(3) 51.40-1.56(5) 58.92:+1.21(2) 57.28:+1.70(4) 61.65:45.04(1)
MPE 78.7840.93(5) 85.5440.67(3) 87.2040.75(2) 84.3440.99(4) 94.69+0.93(1)

Wilcoxon + + + + N/A

SPISE 68.82 69.38 71.41 71.03 79.56
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SRR = BAS ERE AR FE T VAAE Sel f-training 5Lk WAL
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