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Abstract: In this paper, a algorithm named DE-Tri-training semi-supervised K-means is proposed, which could
get a seeds set of larger scale and less noise. In detail, prior to using the seeds set to initialize cluster centroids, the
training process of a semi-supervised classification approach named Tri-training is used to label unlabeled data and
add them into the initial seeds set to enlarge the scale. Meanwhile, to improve the quality of the enlarged seeds set, a
nearest neighbor rule based data editing technique named Depuration is introduced into Tri-training process to
eliminate and correct the mislabeled noise data in the enlarged seeds. Experimental results show that the novel
semi-supervised clustering algorithm could effectively improve the cluster centroids initialization and enhance
clustering performance.
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B 2 ) T R B b i B AR U 2R 4 DUER IR IZ AL B8 ) AEAE SCA AR B A= W5 J3 2 R W 0T 4 I 25 S5 o
FA o o B EAT N AR 2 AR AR 5, 25 2 BRI K == e 1 R . 6 B 4% 20 B T EAT A B 5 B M B 3
2 3], BUROR T3 BT bR A B (B BT A A5E B SN 8 R ff DRL o 2 S A 8 B A K R T bR e B 4 A
B2 S R LA ST ORISR A TR ST 5 IS ) 2 A 2 3 40 g 2 M SR S e Wi 4y 214,

o WA TR SRR 9T TG W 2 ST e R T 26 0 A R R R v SR e P b R B R T LR
H 1 28 590 b i — S O R A R T R — 2 0 B A OGRS A R A AN TR, Ay R
(distance-based) ¥ J7 v F1 5L T~ 2 o8 4 14 (constraint-based) 1) 77 2B 56 T 20 o 444 (¥ 7 vE H Wi i 50 3 45 2 124,
OB 2 A R A A 4 2 R, R ST K A R A R I N BRI L e 1) S0, o A 3
LR EAF ) COP-K-3 M A VAI), 3L o o JR T R B HLIAR AL ) HMRF-K-34 {5795 L . Generative #7145
# EM FLiE S FF 1 Seeded-K-24E Al Constrained-K- {1 57:18. 1 v Seeded-K-#4){E A1 Constrained- K- {8 5% i
JEHET seeds &1, EATH D AR ICHE T B seeds K U -4 {8 28 2 ) Ay A 2ok 00 v 1 v A B 4
RSV R TTT, Basu 2 A\ IE I 523 3 W13 P FH AL T seeds 4 (144 W SRS BEVL N seeds 4R 1 BB AT I 7
HRA- 2> BB AR . I /N seeds ARtk 25 MR v SR S PR i

e WS B A3 SR MM B A ST A0 BE T R, 2 RE AT A I A AR A A I S ) K T b TR AR A B B 4
KAOYNED, OB LT EM HIAK Generative #7124l 1AM, JEF 5 G4 P (transductive
inference) ) % £ ] & ML 731 &% Graph-cut 731 Blum #1 Mitchell™S142 Hif¥) Co-training 51 & 3 —Fh 2% 4
9 20 H B 2 ) FE Y A SR A ST M Y G A S e AR S SR BB U AR M e A A B SR T E R S A
i Co-training 570 B2 K g M A2 REWE 73 A W AN ASAHAS (K 14, HLAAN &8 1 1 A0 RE AT I 5t 8 IX A 52 B
i) 550 AR A 5 238 A I, Goldman %5 AR T —Ff 253k ) Co-training S92, AN 52 J8 E B2 K1 43 1O 20 0, 1T ) 4%
AN JE B2 V0 Gk 0 S o AE SR A 43 2 28 i FH 100 M B8 25 S 0k BB 0 S 480 23 i) 1) 43 oA S5 A0 2846 4 it HLI
S T 5 B B AR RN (058 B E A v 5 Tri-training 573052 Zhou 25 A7 #3716 Co-training A8 2X
e B VR AT 3 N4 S B AT VI Tri-training X @ PEAE R 3 /M43 25 B T F W B 22 S0 S0 B 7 24
SR T HLANATE FH A2 S8, PR S R S 0% s v, i HL LG Goldman (10 50 507 5 38 5 il He iy Ao i A A /b
1) 553 2 i) 7.

S 2R 28 FH A b B R D T AE T seeds 4R (19 202 R X SR IS AT A2 seeds S MUASE RN T (¥ 5% ) J 3
BEXFIXAN & AR SCAE % Tri-training Y125l B2 G895 FH /D 875 bn 10 £50dis i 360 oA id B0 AT b i, A ps i )l
SRR AR 15,10 1 seeds SEWIUA AL SR IS LT, ] Tri-training Il 250l FE 88 K HI4A seeds £ (KAIAR AR T, 5 3
BR[2, 18] T 45 Hi 119, 2 /b B b 1 B30 AN A2 LA S e K T b e 0000 9T 28 4% 10 56 3 SR S A My 2 W B 43 28076
TRIUAR Y B SR 0L 58 R AT 25 I T — FF, M W1 46 seeds HELL I/, Tri-training 37 K1) seeds SE &40
KR bR AT R P Kl L2 S 0 ol 2k (R B S, DR G Tri-training Y1 255t R R 38 & 78 28 25t A0 45 46 1T 3 B
K seeds FEMUASE. A Rk Tri-training Job Fi A AN i 66 (1) 15 b i 0T 5 30K seeds SR Mg 7 184 K 0 28 1 5l 2R3 1Y)
7L THT 536 M, A S () B 245 b 5 1 S 408 0 (1 250 0 B 4R B AR 454 31 Tri-training %) seeds A2 MR 4™ Kl 2 o,
HEAT WM . A8 0 AR 0 AR A, DU e seeds B2 02, D0 SRR UL, MR A5 1 seeds 4E.

ASCE 1 i A H A28 Seeded-K-3J{H A1 Constrained- K- (i B Fh 35 - seeds £ (13- I B R VL 50 2 51
WA Tri-training 47K seeds #EidFEF Depuration %8s BUARF AR F 4k seeds £EHAE FEHEET Tri-training !
Depuration (4l 558 ) DE-Tri-training - M5 & K-35 {E 5 500K IR45 H I 1) B2 2% B 23 A 38 3 1l g 52 30 o) 09
BEATPE BRI 0 45 SRBAT LU AT 28 4 AR S TAEMT B 45 5 R .

1 Seeded-K-14{EFA Constrained-K-#4{EE %

MacQueen™ M t (1) K- 331 555 2 25 44 1 G B SR ISV e BE LA A 1 & AN SR vl i B 85 00 32 2 O K
B s B B ) B P A K B SR O I A BT, T A AN AR A B 2 R A R S i e MG S (D) B s 19
Hell A BT LR T 7 R H b R AL
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JKMecms = Z z ” xi - luh ”2 (1)

h=lx,eX,
Hob {e}, BB XY B eAERE {u Y, =2 kDRI,

5 K-MEEERENR AL k A8 AN TR, Basu 25 AR H 1) Seeded-K-14 i #1 Constrained-K-1{# 5%
LD BATARIC B 1 seeds 42, IF 4 bR i K seeds £ERI 40 Ay k IR B ILTT A & AN B0 5 A FE S
P 254 B i B o Constrained- K- {4 5738 3R 21 oK seeds S5 7R 8cds 250 5T 8 SR AR, HUOE I b A0 B8 o5 703t
S3TC.

Basu J iz 52 56 2 WY M 24 o0 7 seeds B2 9Ty BB O I, DR S35 (0 P 400 0 S v M S B, 4 seeds
Wk 75 B 45 48 K I, Constrained- K- (i 14 B 2 2 BRA%. R Seeded-K-F4 {1 73 FICEG AU AN 52 seeds 4R TPyl 4h Fric
[ 24 30, R T A T+ Constrained- K-35 H1 8 £ FF 58, (1 5 JE e 75 1] 1) Seeded- K-S E AR LU, PEBE R B4 193 W35

2 EF Tri-Training FERITIE A4 M B R EH %

Seeded-K-¥{fi 5 Constrained-K-YJ{E 5L IPERESZ seeds G2 MR T (10 5600 i 2%, I ML AE 19 K seeds
SR ALV R B $2 1 seeds SR T, W) Lk BE 4R oK T A B3 O b TR AR A6 TR 8 Tl 2 i, R SCR
Tri-training A% 25 FE 18 K seeds Z2 A, [A] I, 64 K seeds 4233E4T Depuration %l 85 %5, L = seeds
.

2.1 Tri-Trainingl~ A Seeds&

Tri-Training 43 J8 5735 0 VE 41O A8 A5 WL SCHR[17], 48 SO % Tri-training 047 1) Co-training = ill st 2 >k S0
seeds FEY KA BERI UG > B bR G B 0 L(RDRIUG seeds #2), 11 L VI kA5 2 3 NI 40 2588 Hy, Hy, Ha,x J:
TEFRICEARIE U WAT 3 — 2 0 S Hy A Ha 3 x (8193 45 5 Hy (x) R Ha(x)— B0 4, 114G x bRid o Hy(x) A
Hy BN ZRAE, WL e Hy BB IZRAE S) = L O{x | x € UHH,(x) = Hy(x)} SEAUME, Hy A1 Hy BOUIZREE 3 5009 78 0
Sy FI Sy ARG ,3 Ao s FOB I, WUk T R IEAN, LA Hy, o, H #5384, I ik B2 45 31 Tri-training Il 25
Fit e, 3 AN S HAH B I 2R 2 AR 7 i P gt 2 SR WIUR seeds SR 1204 R A Ik Bt AR S S0 1E 2 DL 5 45
WIS 3 AN 7r RN R IE AR ST O S, L Sy AR 4 78 )5 1) seeds &, W1 4f 4k S8 S Ol 45

Ak seeds SEH I R H A H JL[RIBRAC x O Ho(x). 45 Hy AR IR IR, dn v af v 208 o, & ik 1y
(IR Gh A5 W, 2570 Hy (RN S04 R I N 75 5 I 2R 808 ik, Zhou: 8 NVHIEW: 78 PAC AT SJHEZE T,
WAL IR AE AR 2 H S (2) 52 UM A 4Rl 2 ) Hy 0B I 2R T A3 IR e 1R 4 Kt e ik AR .

~t| 1t ~t=1 yt-1
|LUL’| 1_277L|L|+61|L| >|LuLt71| 1_277L|L|+el JL I (2)
|[LUL| [LUL™|

Jerh L5 ¢ UGEAR Hy 1 Hy 2 Hy b ic I ZRER, e o Ho A1 Hy 55 ¢ YOEAI R R IR, 20156 ) 2548
L IR 25, S AR/ BUE 0<8/,8 ™ < 0.5, 4| L > Lt i A Q) l e & | L <&t | 27| BS54 T 2
X(3):
o 1]
€ [ L]
o, & A nl H Hy B Hy fEWIIR A bRid B0 48 L LA 3R ITBL7E Tri-training Y 25k 72 v, 24 50(3) K )
Wi 1 Hp A1 Hy 25 A AR 10 IR B0 A AR 500 48 L 2 15 BOZ b N B Hy I I 2R
2.2 Depuration5i4gseedsse
B priR, AR LU Tri-training YIRS FE X 0w 10 B8 A AR i, S0 seeds SEIF 78R BT LW AF IR
UEA 73 R AR AEHT A AL I ZRAE AR A2 0 R I 23 SRS BE SR ARHRE i A8 92 B 2 T o 0 463 i s 1 5000 B RBSAR /N AN A2 A
NG R B4 28 25%, T LA, Tri-training I 2R3 A2tz bR ac A0 24 B0 i 200 A2 X 9 1) X A AR ZE B AT T kAR I,

<1 (3)
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53— A 53 2 2% (Y R S A V22 g 7 200y SR 3k AR e R e (0 R AR 10 30T A 0K 28R AR D B T 12
B seeds #2515 B R, SIS AT U 1 SR 2R 45 b B B B B R B A A 0k o 2 I R 1 R e, A S
76 Tri-training EAQ IR &5 & T o BT H2 AR FEBEAN 43 248 A1 0T 10 I 2 8 78 03T I 2k 2 R 397 I 2 B ik
AT B4 B 45 3 4E . ok et 1 Tri-training VIl 25 0 B2 AR b s B9 B 45 19 Tri-training, >4 7 @ A2 UL, ] 4
DE-Tri-training.

HE | K-35 RS /S A B T e 3 AT R U P JE AR — S0, i LK S5 T AT I 0 5
P By AR T J L P seeds SE MRS 102 & B 35 T 5 40 BN 1) Depuration £ A S 5 1 R 8 ] JRU AL 1%
PR IOE D BT IR BOAR, e AT A0 B 4 A B n] e 0 SR8 B A B (5 B i 1k BN BRI SRR I 7 | AR
Rl 25 g 14 AR L A 1 Dy o 85 30 AR 36 B — AN (0 e ST AR S L AT AN AR R AR
I7i], LA e < #8846 IObR AT & AT k4% generalised editing #1051 45 1 (k+1)/2<k/ <k %5 7€ . SCHR[21]365 24 & A0
K%k 3 F1 2 B}, Depuration S5 &4 R B i AR S I BV R T IX AN 1
2.3 EFTri-Trainingf B EERIDE-Tri-Training¥ M EK-H{EHZ

P 1 2 M SR A Y UG AL SR L BT, 1 DE-Tri-training Yl 25 1L R w4046 /b B b i B 4 28
Ty 7 AR BT 3R ORI  IGIE 75 seeds 4R (1 VE 4N I 2 .seeds ZE R[4 7038 1k DE-Tri-training 244X 111 25
T TG AR A B AN Wb 0, R I I R A K S I I8 D 4K 1) seeds 41 g R bR Tc BN 1Y) BY B A 0 A
HEFABBCEE 1B BOE DE-Tri-training Il 255 R 5 & AR bR i f5 %0 8 I 2R 45 1) Depuration 04 BY #454F, =
TEV 15 32 5 S 1) W6 75 ) B, 6] 40 i seed!s 44 R B A7 A 1 A5 10 0 i 128 25005 1 READ 20440 4 38 2 B B
LE N 25 45 R I DE-Tri-training JIT 151564 23 8 28 { Hy, Hy Ha 30 Y 254 (1) I 4 T 87 4 25 k5 30 JF 64T 1) Depuration
Kl B AR B AR IXRE AR 20 50T seeds T T ARAC M LAtk LBk 20 M BRI A R AT, 3R v T 2R 28 b
WIHRALIY seeds 4E it i

Iterative training process of Tri-training with data editing (DE-Tri-training )

First iteration
labeling

Depuration
data editing

Second iteration
labeling >0 00

o Unlabeled

Trained joint classifier {1, H,, H3} |
relabeling

Depuration

= Labeled data editing

m Misclassified\noisy\outlier

Fig.1 The process of enlargement and data editing on seeds set
Kl 1 Seeds 424 7e MHcdls By 4 1L

Bk, B Tri-training R BT4 1 DE-Tri-training 1 B K-J4{H 28503k,
BB X ={o Y, xie 97 BB H kAARIC seeds 4 S = Uk S, (S, TEAS), B s 0T @ SRS A0 B A il

77 3 (seeded J7 38k constrained J7 30), R IIZR 50 2588 Hy, Hy Hy;
i A X bk DA IR XY
Step 1. DE-Tri-training Il Z5d fx) S I 78, BY %
(8) LS, U<X-L;*%F L 4T Bootstrap KAf, 72k 3 MINEE S, S, , Sy 7 Sl 2k Hy,Ho,Hs.
(b) MHFEA H(i=1,2,3), ANTEAR B U it Hy R H (ko) 3 P8 3 A2 5 (3) A 4 1R 10 742
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L={xlxe U H H(x)=H(x)PAThrd, 3525 % H Bl 2E S/ =L UL, .
(c) XFEEAS S KB AR s T4 L, 3T Depuration #0385 45 45 1F:
S« S
I 2% 88 AE AR L AR FIAR IR TCE x5 S -4} AR x 16 3 AN BT AR s W R FEAFRC ¢ 75 x 19 34
L AR s A B 2 UG AT ST x BRACCA o 5 ), IR AR AR IXRE R RS T ¢ B STBERR x;
S/« S".
(d) XA H(=1,2,3), 35| S] |5 S'| U S 538 I 5.
(&) W Hy,HyHy T2 /DH 1ARAER, W% (b).
(f) S« S;USyU Sy INGRFTRI A 5 ZE 28 {H, Hy Ha FE A ZE NS S H OB b ic 200 75081 20 2 h .
(9) X S 1t {H1, Ho, Ha} T H bric 30 5213647 Depuration 204 85 4 #74F.
Step 2. WIUHtk k ANFESE
b 71 seeds 5E S H R AR LRI b k AR S =S, S B ) IR & ARG
1
s, IXEZS:/ZX h=1,. k.
Step 3. THT 4T A A
F 4& Seeded 720, W) X R AREANBIHE A x AT B 4 G 0 B S BT 1 2R 2
#77& Constrained 7720, %1 X H AN 25 x, WL xe S, SR 2 BE B 2R 2 X, 15 W), 25 e 3] ds T 1)

RAK

B e Exo . 1
Step 4. E%ﬁblﬁgfé%qJ‘b‘ M, :m Z X ,h:]. ..... k.
n lxex,

Step 5. W k AN ER SO # A OO B9 4 R, 75 ), %% Step 3.
T B 2, R BRE th R B 45 L WSR3 8 3 SANIRNK 4: 28 4%, 509% Step 1(a) 5 #Y FI SCHR 171K I
Bootstrap KAEH A AE SCHR[L7]H, Tri-training I 2k &5 W48 208 3 F5 05, I R Fr A4 100 65 40 SR e { Hy, Ho , Ha YK 22
B LS IN)¥ RE ) S o 58 2 E T 2,81 Sy DE-Tri-training 11 25 BT 4 564 20 2 28 SR T 30.(4) B 7= A
BEEERNHEAT IS AR 10 (592 Step 1(F)), B 1 3 A0 RERAEWI LA AR i B 4 L 1003 JSUERf 28 A,(L) T e .
>, 0(e Hy () x 4(L)

H, X) =argmax
{1‘2'3}( ) Lgluhe/ s A(L)

=171

LI—“[L\ /uh =

4)

1, H/(x)=c
0, H(x)#c

AN AT T2 588 v Tri-training A1 Depuration 445 H A SC% FE W) 4h seeds 4270 e 75 1155 1, T LA, 55
v Step 1(c)F1 Step 1(g) M Hibsic (1) Bt 42 04T Depuration %4 05 5 4.
24 BIEEZENT

By Step L(a) i) 402 35 I St SR A 2 T ik AR 1 2 ) B0 (A pf 446 I 486 ) WU ] 82 5 M0 4 s b e B 4 L b
[ 43 A8 3R A R IR AR 45 R4 Step 1(e) Tri-training JEAR AT LLHT VI 254k S AN ARAL 25 R 45 14 Step 5
S IEARIU vy FH A 0 20 20 rpoCo [ BE 2250 22 (LR M 45 R4

8 V5 B SE AR n, BB B S N ) 52 % FE 6 AL G P AN BRI TARAN . 28 1 B B, DE-Tri-training
XU seeds BEP KRBT IE my YOEAR IS AN A O(myx [2x T H;n—|L|)+|L'|< (\L|+|L'|)xd+ T,(H;|L|+L']), H
T (H;n—|L[) A& 53 F538 0 To b 10 B8 b A, T(HG | LI+ L) A2 B A ic I 25 B 3307 VI 25 23 238 i AR, = 35 40
i B FH 4 28 8% H T 15 |L) X (IL|+|L') xd & Depuration 4% 5 3T 48 H 0 57 K5 0 B0 45 L B A4 BR
5 1B BURIRE LR (LIS OIL | >n) A O(myx(T(Hn)+ T(Hin)+dn®)). 55 2 B B AT W8 K-SR M1
P E TR TP AR E R B ORI R RIS O my UOEAE FE B AN O(moxkdn).JIT LA S B SR 45 100

m,a(c,ﬂ,-(x»{
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RIS R S AR EE Sk max{O(myx T.(H;n)),0(myxT(H;n)),0(myxdn?),0(myxkdn)}.
3 B

IR UCH L3 2 >3 $His P 1 6 A $Hs SEEA T S 56, I B30 P SR R VE R, 26 1 B T X S8 000
IR R I Letters 2048 742 T 5 P AR TP BEHLIIR{ZS, LY 3 Ao UM 7 AF I 10% T 41 B 2 {80
i, Digits Bl 742 & M {3,8,9} P BEHLAME 10%/77 21 jiki.Image segmentation ' 1 AN %5 & M xS 2k R 45 Bh A
KT DA N Bk A SC S B B AR . BRI A S I R 40 % rT A http://nclab.hit.edu.cn/dc.html 3575

Table 1 Information of UCI datasets in the experiments

Fz 1 SEIHTH UCH Hd gk

C taset No >f instances No. »f attributes No. of classes
Iris 150 4 3
Wine 178 13 3
Letters 227 16 3
Digits 318 16 3
lonosphere 351 34 2
Image segmentation 2310 18 7

SO AE T LA, TRA VIR BE WL AL 1 K-2AE 53 . Seeded-K-J4{E 53 . Constrained- K- {2 8035 b A 3041
H ) DE-Tri-training - & K-Y4{E 5575 (DE-Tri-training Seeded-K-J4J {5 fil DE-Tri-training Constrained-K-J{f).
Sk WA 3 At Tri-training A0 B4R 167 VE FD 60 SR Tri-training 11 G £ 87 48 1 21 B¢ K-2(8 519 (Tri-training
Seeded-K-#41¢ F1 Tri-training Constrained-K-J4J{f1) 3547 1 556 LU

S VEREVEN S H T2 A8 169 1E W 4k 47 & (normalized mutual information, & Fx NMI)§ #2425 NMI
AL T BLVEAEIMRAE b 2 A0 45 5 5 Br 5 S 2 I K LA {5 S5 NIV, T 2R 28 8 B i N
N5 RAT 2 Bl AR SO NMIE TR SCHR[23]145 B i sz X

FEAN B LR SR 25TV (1 2% 3T i R RAT Y. seeds B2 FIURE 1 L5 i Pl 2~ 5 T, i 2k AR A e Al
SR IZAT 10 IX 10-folds A8 R IE FR) 45 e B AR5 5 b i 4245 23 4 10 4 fold, B¢ (I 1A fold Al X 4R (B
AN ELAR AR (1 10%), 42 9 A fold (i 90%) 4% Till /& 111 L il K1l 43 b A5 i seeds B2 NG A7 i B4 F 82 (F AR AN 28
3 BCHTE 1 L 18] 5 R A el 4 v L —380), 4R 5 I8 AT 0 590,10 A fold A v 4 78 IR AR A R 10 AN &5 R 1K1
BMEAE R — K 10-folds A8 SCHRAIF 45 S Ak 732 4T 10 K 10-folds 28 SCHGIF 52 56 B 44 1 b 2% 2] i 28 1
1 RERRE HRARR AE A HA AR AT H AR AE F 5 NMI .

7 Tri-training 1,3 Nr258% Hy Hy Hy R 3 )2 BP #1419 2% (BPNN).K-J4) {11 B8 2 i1 Depuration i3 8745
R 0 A SR IR TG S B AOE AP A 200, 25 5 IR I le-5.50 B MRS 1 A EEH R
Tri-training ME], 76 Tri-training Y252 o R4S BPNN 23 2848 8 0E 702 M I Sk AR, LR IIE 4 4] 4R
seeds 4L LL 14 0.1 1, Tri-training Y Z5 T fH 0675 20 28 45 45D AT AN 4 288 0T W14 seeds 4. ¥ 7 FEMERf 26 K
F 0.9;5 2 411: #%%% Depuration [JEH], 51 BPNN 2288 W ZRIRBAS AL, W1 4E seeds &M LEBIA 0.1 1,
BB R 20 LA 814G seeds 4117 HUERI = /N T 0.7.
3.1 BPNN#% 2214575 2 B Tri-training{E 89 4> #f

91,6 ARG L 7 RN R BRI NMI 2 2] i 4R i BB n 18] 2 Ji 7. Tl o Constrained-K- 1 {f
F1 Seeded-K-¥ AT Random K-I{H, X5 CHR[4]0 &5 RIEEAR — 8 HET A Seeded [ K-¥JEF AL
Constrained 5% 72, 3% B 1 Sk [2] T 1) 45 L SR M B AR SC S AH DG 1% DE-Tri-training Constrained-K-3 {5 il
Tri-training Constrained-K-#J1E () NMI £ B 245 T Random K-{fi. Seeded-K-¥J{ii Al Constrained-K-J{H,
R AR BPNN 432K 2832 1 BE ) 43 2 3IE I seeds 4 (MUY K HL Tri-training Yl 455 R A 10 37 S8 Aok
G RA TR bR seeds I R R ASARUE T FH T R P OWIAR LI seeds 4R 2 R I 7 ).
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—=#—Random —=®#—Random
—=—Tri-Training seeded —=—Tri-Training seeded
¥ Constrained **¥--Constrained
DE-Tri-Training constrained DE-Tri-Training constrained
---wi--Seeded ---x¢--Seeded
—#—DE-Tri-Training seeded —&—DE-Tri-Training seeded
—&—Tri-Training constrained —#—Tri-Training constrained
0.95 0.95 A e
g 0.90 A e P
0.90 e 0.85f .- e
o 0.80r | L
— 0385 7 o — 075} [ = —
0.80 St . . e
;ﬂ-ﬁ""-"—m_‘d’ vl —:‘L.-—.gr-;:x_z.-h1 0.60 "l.f/
0.754F e " e 055/ E———%
0.501 — - : e :-f"‘ iy
o0k 04545 — e
0 0.1 0.2 03 0.4 050.6 07 0.80.9 0 0.10.203 040506070809
Fraction of initial labeled seeds in all data Fraction of initial labeled seeds in all data
(a) Iris: 8 nodes in hidden layer, 500 iterations, (b) Wine: 8 nodes in hidden layer, 300 iterations,
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Fig.2 NMI comparison on six datasets when BPNN trained sufficiently
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Fig.3 Size comparison of final seeds used to cluster centroids initialization when BPNN trained sufficiently
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Fig.4 Size comparison of final seeds used to cluster centroids initialization when BPNN trained insufficiently
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