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Classification Uncertainty Minimization-based Semi-supervised Ensemble Learning Algorithm
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1 Guangdong Laboratory of Artificial Intelligence and Digital Economy(SZ) , Shenzhen, Guangdong 518107, China

2 College of Computer Science &. Software Engineering,Shenzhen University, Shenzhen, Guangdong 518060, China

Abstract Semi-supervised ensemble learning(SSEL) is a combinatorial paradigm by fusing semi-supervised learning and ensem-
ble learning together, which improves the diversity of ensemble learning by introducing unlabeled samples and at the same time
solves the problem of insufficient sample size for ensemble learning. In addition,SSEL can improve the generalization capability of
classification system by integrating multiple classifiers trained on the highly-credible labeled samples. The existing researches
have proved the mutual benefit between semi-supervised learning and integrated learning from both theoretical and practical per-
spectives. The existing SSEL algorithms are unable to make full use of the unlabeled samples,which limit their prediction capabi-
lities when handling the classification problems with less labeled samples. This paper proposes a novel classification uncertainty
minimization-based semi-supervised ensemble learning(CUM-SSEL) algorithm, which introduces the information entropy as the
criterion of confidence and uses the characteristics of information entropy to minimize the classification uncertainty in the process
of predicting unlabeled samples. The feasibility,rationality and effectiveness of CUM-SSEL algorithm are verified based on a se-
ries of persuasive experiments. Experimental results demonstrate that CUM-SSEL is a valid algorithm to deal with the semi-su-
pervised learning problems.

Keywords Semi-supervised ensemble learning, Ensemble learning. Semi-supervised learning, Classification uncertainty, Confi-

dence, Information entropy

#H5 H 91:2023-06-05 3R 1& H 9. 2023-07-28

BEWH R A RR R G w LIH (61972261)5 7 R A AR BH# I i L OUH (2023A1515011667) 5 % I 7 3 At BF 78 5 51 H
(JCYJ20220818100205012) s RN 7 Fe itk BF 5 i £ T H (JCYJ20210324093609026)

This work was supported by the National Natural Science Foundation of China(61972261), Natural Science Foundation of Guangdong Province
(2023A1515011667) , Key Basic Research Foundation of Shenzhen (JCYJ20220818100205012) and Basic Research Foundations of Shenzhen
(JCYJ20210324093609026).

EAEMEH AT EMC yulinhe@gml. ac. cn)



o AR A5 ¢ B T 43 SO 0 G T R/ Y 2 W AR R ) B

89

1 3l

il

BT SERFETRBFINWAEL L, 5
T GE A W B 5 S AT 2 W B 2 3 R R A e 12 4K
B — B R R & TE AR IC B O 4 LA 1 A AR T B (Y
207, WAE R T T R R R A T AR
TR RE A2 10 4R SR W HEAT 26 B0 )R 56 P i o de 4 11
T 455

VEAER R UTE 2 SERF I NG GMRZE T2
B ET 2 W B 4E 2% 3 (Semi-Supervised Ensemble Lear-
ning , SSEL) X —HE & 1 UK 1 BLAE i Bennett 25077 32 49 As-
semble J5 B H1, & R HI AR ICHE A F Boosting H 125 2K e KAk
SR F ARG . 2009 48,4 TR B2 B 27 o] FAR 2
S5 B AUHE L Zhou™T DAk T 43 B A9 2 W 2 20 R, A
YR BRI A AN [ 1) #f B B R T 2k B A o RINAR LA ) 22 )
BOH £ k. X T AR W& 56 26 45 B % 2 HE T FI 2 A
B TCAR TR AR T LLH B 1 Ak Ay S 8% 10 AR AR Y
FRACHE AT BE IR N 00 250 ) F TC AR 10 B AR R Al 1 47 9 46 15
X2 B2 2T BVE JE AR G0 R AR B 4R g B A S e A
MR A RE A A A A B PR RE T LA — 2B R

X2 W AR Y A 5T . H HT AT 43 Ok 2 B Boosting il
2B Bagging W28, 2k Wi Boosting M#%.07E T3 i3 £ IR
BRI I A3 AR PR . 7E [ UCE AR AR Y AT 4
AR T TEHR TR AS (W BR 28 B R B AR AR I A 4 4
IR BV IE E 15 2 f DB AT Rk A X 432 B e S AR
A A BN D RE SR R Y 2K . X AP T L RE A A R T 2
AR PERE B 5 52 B MRS 2 Hh B LA B R il
GRIN AL 3% B I ) JF B A K . 2E M Bagging M0 32 F
R AR T AN R oy 688 M A 22 Y o0 28 8% HEE R
AL XA B AT ST XA 7 SORAT B AR L A B
T A I () R 0D e L i KUK AEL S R T 2 R R AR A
fIE T2 Wi Bt Boosting™ .

DNUA - fT 22 9 43 B v vl LR B, JE IR 2 M Bagging
W2 W B Boosting, TEX AR ICHEA B RN 8 25
B B 0 R AR I A B 58 A R T L T 3 2 A IR R AR
A E T HANOAE R, B — 25 3R AL 17 1k g
55— T3 ] AEX TEARICREA BEAT U Il TRIAL B B IR
A TN I AR A A AR ORI AN A e e s /A 3 ol A i
PEAR S — AN R R S )

BT b 2 M R IR A A I [ AR SCHR T — A
LT 3 2N R P g /AR B8 21 B 4R 2 2T (Classification
Uncertainty Minimization-Based Semi-Supervised Ensemble
Learning, CUM-SSEL) 8 #%. 1 56, b 7 9 & I Z 6 ],
CUM-SSEL 5 % 5k 1 T Bagging"'*’ X #) 4 i SR s Il 25 2 4>
FeorZedt s K, Seedat S I8 L 78 AR R B 0 O =
e AE B TT LUBEE F RS O A5 R R # e . T AL
A e B P B AN E 1 AR SCRI AT S AR B AE
15 B2 B0 PP B 2 3 3 AN BT b 32 AR 5 L T LA/ Al A A T
AR ENE . &5, o8 T A AR e A, ik 1
=Gt TR AL R PR B AR AR A I A ZE it

33 43 AR ) S T SR Ak Ok B b % b b P BE AR Y AR R DU
TR i b & HE T AR D REAR B4R

ARSCHE 2 AR T MO TAE 5 3 T XA SCH B Y T A
FRGEAT T S8 000F 5 5 4 T XA SO B Bk AT T RN
JEOR 5 5 SRR A AT AT M A EE R b AT T S 56
TE s I J5 25 & U R AR R .

2 MEXTIIE

2.1 FI5E Boosting

SemiBoost & — M 28 it (1 2 W B Boosting B ¥ . i1 Mal-
lapragada 8555 32 1, B R B TR 2 W i — il 2d 2D BTk
TR A R I N 20K A AR (] AR DL A B e X RE
AR [A)AH AL B2 358 i {EL B 7 4R A3 20 i 19 T30 45 2R AN — BobE e K
R A 15 T K 9 AL T, SemiBoost 7 AS W 1% 4R 4 1ok B o fi
FHAR 2 20 88 X AR DB AR SEATIT A5, X AR 1 BLRL Y
W AGHE ) I AR T T AR AR A T ) — Bt AR R B
IS O B BRI T AR ICHEA AR .

Hou M T — e KALRE AT 531 19 2 5B Boos-
ting B, B R BE A I R R BRI S R & T
35 A A SR IR R IR /N Ak R B B T B AR B T — Bl
35 T DX IR AR /N R AR A ) 4 R R A K o UL AR
Gradient Boosting fEZL T 75 R b4 55 T 432 i HETR P .

Jafar "™ $2 i T MSSBoost 557 , %55 15 6 A1 T 1E W fL
— T AE R 22 28 43 28 1) 80 1 397 2 3, 3 HL 4 F BT 9 Boosting
2 20 FR IS RTE AR 18 B0 22 18] 0 AR (LM 15 B 43 26 4 T
LS A IPRIT 0 BE 45 AR ICEE . R4 SR W % Bk
AE % A 2R FI Te A iC Bt v i 45 2ok 32 3 43 2 2 19 43 S g

Chen %17 56 F P [N ZRALH] 42 T — F By 1] )1 2% H A5
BRERSE WL . B R ] T bR A A A B 1R I 25t A A ) 1L T
TE AR D H AR IS R R, PR3 %0 B AR Sh LI 1 25 R 58T
AR DT H R I A R AR A i IR) A
2.2 HU5E Bagging

W5 B Bagging 9 W8 B9k & B Zhang U R Y
UDEED J5 %, 5 — 2 Wa 8 4 i 5 1 ) ) & 45 B8 0 e i
FEA BEAT S0 1 5 SRR B — J7 T E T RR R R A R
IETEC AR IO HEAR | 200 iR 22 38 B e/, o) — 77 A B AR ic
FEAS fe R R B b 3G in 2 > 45 1) 1) 22 REE

Li £ B T Semi-Bagging 5 ¥ . 1% 7 B % i Bagging
H AdaBoost ix Wi 75 20, LY KN Zras 1] A R ad Rg o
SR f2 3T 4B 5 E F AdaBoost 1 Jhy 32 > 25 X S0HE #1711 25
AT /0 e 11 £ 4 T 0 DR AR I 9 T 52 05 0 2 1 o A 44
I BTk Hon 8 T AE X 2 R RS s,

Livieris 25 42 1 T CST-Voting J7 %, i% T ¥4 M T H
i 2 LY 3 R o W B k. B Self-training™!, Co-trai-
ning™ M Tri-training™ , {ff FI £ 5% % % A A gk 47 B0, IF HL
ORI I B T S A I

3 FEHR

3.1 FEEBERFIER
FWE AR SSEL e Z MK . CAAREZH



90

Computer Science iTHEME#  Vol. 50, No. 10,Oct. 2023

W R A0 0 A R 90 45 25, SSEL $2 W W 5 2%
ST 0 BB 31 A A S RE A LR 7 A TR ST B 4 R
7 S B T 0 2 Ao B 2 3 R A I B
KA, B B AN 1 B AT S B

LU T A RS AT R ITREAR L ol A2
#C.Cy e Chs

BB 2 IETAEIE C LGy O MRFRICREASE U
B4 —DREAR U, G=1,2, -, N) HEAT B85 TEH 18 5 & B
5 BRI U3 N SR SR o TR e B A 05

WS R A U A B RO A L o

BB MR EREREALE U WEARITHEARSE U R

HURS BHEELW 1R 4, B BA B R EN Ik

AMEF AR SR W B AE BE VF A AR UE DL A 1k oE )
SSEL % ¥k Al 2R H A 4

1) H AT = 2 59 45 5K B £ 75 Bagging A1 Boosting 5 F
T

2) AR BEVP bR e S F T 0 TCAR D B AR AT TR 1 — Fib
T5 2 — AU B B BT BR o T LU Ak Bk B A
BEAS , — IR0 A B VP b5 e 23 S BOBE Y s Bk )
REEW G . HETETEVF 28 5 09 815 B PP ) 45 o, 40 F)
JH KNN Bk BE 2 . SVM Y30 #1545

3D T PRAESE B R d 245 1k, A5 A A R E N, R
i 14 457 L o U T A 0 R A R AT O 3 ok, B
FricAEAS 38 3 56 7 1k IF I A B IR 4R vh AT B RL ST . )
— A DL B 45 Lk A TR SR B R EUR 4% 1k B R B A
PR TCARICHEA

Y

5l 1 SSEL HEHL/REZ K
Fig.1 SSEL framework diagram
3.2 EEE
HEMITUERATEHEY PETNERR, SR EA
o AR BAEAR R 22 B IR L B, B X R
A ES B BEHLAE B, HoE AN R, B 4 A i pR
WE .

pi=p(X=2),7ER (@D)

YR Bie vl A, B apEpLAS & X B9 N .

HX) =3 p logs prri=1.2.vm (2)
i=1

Hoom Oy X B i . {5 B0 B9 4% R fEL 7T 3 0 oK A
ENEIY N R AR R

FCprapesesp)= ﬁ;p; log; p;

(3)
s. t. »21),:1
Ry 3 P A% B H PR, HAR R AN R .
L(pi = pi loge pi +ACE p,— D) 4
TR TF po B9 F5L
AL(p, ) o
#:ij,:e (5)
BROMRAR GRS FATE,
S t=1 6)
i=1
3 2 1 — 25 SR A T A5 R R A X R A AR SR AR

_1

b= €
BROMRAR ) SR
H(X)=log,m (8)

4 BETHEAHEMRNLE SSEL Hik

4.1 HEFRHBEM

FE TR St A v TR T A RN i E M A TR BE S R BURE AR 1Y
BT TEEACYN R (Y 2o A2 o, 1 75 55 10 AN I8 8 n L 452 B 12 g
ANWRFRAIS . TR — o o YR 0 AR 30 i R A s M ) e
AL BEE W SR T 4 (O i B P 5K . Kendall 450 38 1, R #ff 22
53 U B 2 P R A BILAS B

DA HUR G 5 P A A 0 5 3R R AR 3, X Fp
AN R P AT LA S 5 AR A B I 25 B R e, R O AR
CU N DR O T S = = oo N o o e o U S O P s S
2 2] R WS AR Y i fff D 33X o [R) AL

2) BEMLAS B P J2 T B0 A v Ao R e A A MR P G
B PRI AHG AL 9 R S 808 AS 0 o 1 5 A O B PR AR LG, X R
ST B AT M I 1 AT B b 3 e s 4R B 2 R Sk b, (B
AR B ST AT LLGE S 38 0 Bk 2 3D 3R 09 A SO AR 4 Hb 4L 3R
2 3] F G0 X B AL 8

PRI 2 W B AR 2 2T T o o 2 R A ) R N ) 4
B RN W B 1 TE AR I BN L DUBE AR 2% T R 58 B I
A SR 2 2 FGE M N Tk 2R R O B A S A R AN
PE A3 2N 1 MBS T A A SR T RE L
BIATAE . & 302 — A~ T7 B0 A% 5] > 00 HlL 38 B 3 P S 1
P, BIRAE -G RAE, RS A BB EESAR
(0. 05,0. 95) FIFRICZEH B 2500 LA K B 28 F 5 280
BEAR S 0 A0SR 42 78 B fi 1 A HE 3R 43 AT O (0. 49,0, 51), A1 B
0] LUK FEAS 0 8 Sy 55 T2 RO A b T R 0 SR 1Y
SIBTEIAL, A3 B X 0 i LD A5 R AR SR R e B 4y 2
AR R A IS ) Y ) L BIR 7E S R R o, AT AR
IR ARBEA AR A IRFER Dy v WA 1 TI0I 25 2R, B3 26 4 X AR
A 53 FEARHE PR AT RE D
4.2 CUM-SSEL &k

VL dpe AR T i A A 5 810 Rl 288 80 A 6, AR SC



fof TR S5 o R T4 ZEA M G T dee /A B 2 B AR A ST Bk

91

HE— 2B R T —Fh L T A N M S /M 2 W B
2] CUM-SSEL # ik Bk fHESR K 2 iR AT 2| T .,

HAFICHAEL

Wk % B

i RAFCHEAREUS K

BEGAR T
Y HHUT B R KT

i

I FEEETO

§SLH R B 4
o

1R E 15 B ARZF H

1

EHGHERS L

K 2 CUM-SSEL HEZE/R &
Fig. 2 CUM-SSEL framework diagram
L1 FI] Bagging £ R SR IS AT AR ICHEARLE L il
Gin AR C1CoyernCys
L2 BETHESKC.Cue
B — AR U G=1,2,

A U

TS R A U A B A b Ok A L
#quﬁjf%g Cl 7Cz sttt vC” ﬂ??i%ﬁﬂ
B 4 ARG B R REA A S nh il H

,C, X AR ICEEALE U
N ERGBETH GRS R

APES X H P REAR AT BN — ST 4
L B R 195

A6 WAIR 3— PR 5, BB T A bR iR A T
AR,

CUM-SSEL 5% 1) %515 B2 1 J40 4 o 2 ) A A5 80 ot Bk
38 T B A B RVIG B A BE MRS B AR (MR SR A A A T, B 1
15 BB, FEAR A MER A A AR 2 . B R B S . &
AR R AR T T R AR A (B AR AT T vhite
T 28 whoits 19 B 09 B0 R T R85 1 A — 50 AR g o )
B AS B REAR

Breiman™” #& i , Bagging W 5% JH A B [0 1l 4 1) Oy =X A
BUBHEREAS B AR 5 IR IR B Z (M 20 63. 20 A&
SR B 4 2 TN 2 B 0 43 A S R, U AS B B 4y 2K 8 2
(B SARAHAL . 25 & 2 5 Xz AL he I P2 F- A PR . 31X 28Xl 2k
B AR U 2 S BRFR N AR B A I AT e, X T A 4R
SRR E K48 Bagging AR AEM ., KK, Bag-
ging T B A R AR E 2 S B, — Ok UL, 25 ) S R R
SE LR AR TR ORI R X B — AR E ¥
8o DRI AR SO0 R Y 3 206 8 hy e 22 I 465, o 4 I 4% 14 i
JZi5d Softmax M T )5 . 43 45 Rk MRS . BEA

X o7 1 43 AN E PR R AR o R A B S3 SE AR X T
PRICHEARSEAT IS AR BA m AR 138 00 43 28R
I3

b Pt D

P Pzt Pow

P, = . . . . D)
pnl pnz ose pnm

Hp,

S pe =1 k=1,2,n (10)

i=1

Xif B — FEREARME R AT SR AN, A5 B — AN Hr B R m] & .

Po=0[p s p2 s s ] an

Horpr,

b= piai=1.2.m (12)
i=1

15—k Ab B )5 AT 45 .

Pzz[ﬁlvﬁzs""ﬁm] (13)

R E Py B E B .

Entropy(Ps)= > p, log, b, a4
i=1
B AR I RE AR B 43 R 8 A
p,:p,//ip/,izl,z,"-,m (15
j=1

BYL 145 T CUM-SSEL Bvk iy B # , b Bk 1y
OB SR AE X TE AR 0 B A R AR —FE R 0 F A AR A R
AR, EF—RE UG B m B R RE A A R I %
AR XY AT TR, AT R R B PR RE AR B T — 2 R T
T AV A5 A A A A 380 2 b ot s 2 b sl o A R R T A AR
KB AN e M L 7R T DU L 6 28 ol it o 9 IR B (R R AR
BEAT T, S e HEARAE b — R R AU R B 5 AR A, B —
6 3% A B T BE AR A A R AR R A 0 O A P s dE—
A0S 33X R T A AR TR A g 2 ]

&% 1 CUM-SSEL ¥
A A ARICEEE L AR OB U 42588 Ghi=1,2,

il H
fth R 268 Cihi=1,2,+un
15T [ B SR AR XA AR 10 BOHE S L R AT A IR R 9 0 B — A

FEARFAE L #7330 A~ 55288 G

fori=1,2,:+,n do

on; %%

Li<BootstrapSample(L.)
Ci<learn(L;)
end of for
2. % TR—DTARICHEA Ui U, 0 H 347 B0 5 280 b 2115 2 4%
R Py (LX) TS B 4 5 RN T BCE i B A I 10,
DU AT LS S AR 500 AT ARSI BUREAR T4 LiGi=1.2. 1)
OO R SRR T B T DR O A vl H A
for Ui€ U do
fori=1,2,-+,ndo
Py <predict_proba(C;)
end of for
fori=1,2,++,m do
for j=1,2,++,n do
Py<2p;i-pi € Py



92

Com puter Science THEHLELZ:  Vol. 50, No. 10, Oct. 2023
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Table 2 Comparison of testing accuracy when the label rate is 40 %
AR & CUM-SSEL  Self-training Co-training Tri-Training Semi-Boost  Vote-training  Semi-Bagging CST-Voting
australian 0.7495 0.6473 0.7149 0.7004 0.7053 0.6859 0.6570 0.7053
wdbe 0.9467 0.8889 0.9005 0.9115 0.3684 0.9064 0.8538 0.9183
algerian 0.7927 0.6270 0.7704 0.7837 0.7625 0.7837 0.7745 0.7868
ionosphere 0.8736 0.8301 0.8641 0.8584 0.6603 0.8301 0.8679 0.8584
biodegradation 0.8138 0.7298 0.8075 0.8107 0.8138 0.8075 0.8012 0.8075
messidor_features 0.7167 0.5346 0.7109 0.7080 0.7080 0.6763 0.6791 0.6994
vertebral 0.8545 0.8172 0.8494 0.8408 0.8279 0.8301 0.8408
forest 0.8801 0.8726 0.8471 0.8484 — 0.8662 0.8675 0.8636
o — RN FIE AR EUE & g7 R B S 25 2R
£ 3 AARCEIE G 50 %0 I RORS ARG 4K
Table 3 Comparison of testing accuracy when the label rate is 50 %
A& CUM-SSEL  Self-training Co-training Tri-Training Semi-Boost  Vote-training  Semi-Bagging =~ CST-Voting
australian 0.7369 0.6667 0.7149 0.7111 0.7149 0.7053 0.6376 0.7101
wdbe 0.9503 0.9122 0.9473 0.9421 0.3684 0.9356 0.8947 0.9473
algerian 0.8196 0.6284 0.7786 0.8081 0.8108 0.7923 0.7808 0.8060
ionosphere 0.8831 0.8396 0.8773 0.8490 0.6742 0.8490 0.7924 0.8679
biodegradation 0.8328 0.7456 0.8170 0.802 0.7886 0.8107 0.8138 0.8264
messidor_features 0.7104 0.5953 0.7052 0.7104 0.7046 0.6763 0.6676 0.6907
vertebral 0.8439 0.8279 0.8387 0.8258 - 0.8387 0.8236 0.8215
forest 0.8738 0.8407 0.7707 0.8305 — 0.8152 0.8662 0.8356
. — FR LR R AE B S LB AT kA B S 4
F4 AARCEARE S 60 Y0 BF AR B B H g
Table 4 Comparison of testing accuracy when the label rate is 60 %
AR & CUM-SSEL  Self-training Co-training  Tri-Taining Semi-Boost  Vote-training  Semi-Bagging ~ CST-Voting
australian 0.7276 0.6521 0.6740 0.6724 0.6946 0.7198 0.5990 0.6667
wdbe 0.9339 0.9064 0.9239 0.9251 0.3684 0.9298 0.9122 0.9298
algerian 0.8378 0.6420 0.7837 0.8243 0.8243 0.7972 0.7103 0.7650
ionosphere 0.9056 0.8773 0.8867 0.8962 0.6932 0.8584 0.8018 0.8962
biodegradation 0.8201 0.7393 0.8088 0.8120 0.8138 0.8075 0.8107 0.8151
messidor_features 0.7225 0.5086 0.6994 0.6892 0.6660 0.6849 0.6965 0.7023
vertebral 0.8276 0.7849 0.7741 0.7956 - 0.7849 0.8086 0.7827
forest 0.8823 0.8598 0.8662 0.8560 — 0.8280 0.8662 0.8726
o — RN B RN Z B 4 LB AT R B S 45 21
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Table 5 Comparison of testing accuracy when the label rate is 70 %

A& CUM-SSEL  Self-training Co-training Tri-Training Semi-Boost  Vote-training  Semi-Bagging ~ CST-Voting
australian 0.7148 0.6908 0.6618 0.6676 0.6705 0.6908 0.6473 0.6676
wdbe 0.9443 0.9181 0.9176 0.9181 0.3684 0.9203 0.9064 0.9239
algerian 0.8256 0.6830 0.7972 0.7824 0.7972 0.7702 0.6986 0.7972
ionosphere 0.9150 0.8641 0.9056 0.8962 0.6837 0.8962 0.8584 0.8962
biodegradation 0.8296 0.7582 0.8138 0.8044 0.8233 0.8107 0.8264 0.8138
messidor_features 0.7052 0.6445 0.6676 0.6861 0.6763 0.6820 0.6763 0.6705
vertebral 0.8169 0.7849 0.8064 0.7806 - 0.7956 0.7870 0.7913
forest 0.8912 0.8789 0.8853 0.8458 — 0.7898 0.8891 0.8789
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Fig. 6 Results of ablation experiments
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