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61673249). LLITHHHFAMAE A G H (#EdES: 2017023, 2016004) B B I H

WE HEREM)HNERNRBEARE R RN TR ERTR, AR EE ST RSN
wRHE. A, AXERERERFHHEARIHERST RERKX ST URKEAX RN THE
HENHERKNEH. AXANBER Lo MEAREN&EYE, ARDETELMAHEAREME
E7E WA AXRE - M ETHARRUENRET &, BH R AR HEL ARIHEREN TR
RHAR, AEHERREFANAREN, ARTREFEAKN, ZZRAKEM T, &5, AXELZ
G ANEBENEGLE T ZTAMETHEARTEN BN, AELEEERE ERIEASTREER
R3Sk

KR AEF, THEF, RESA, AR, REMEEL

1 3|

b B R . FEhif . R N A ZAER R, & 2R R R 4 i sc Tl K &= o brid
B, LA )b, X SRR 1 2 IO TG B 5 ). B R 3K 1555 Geoffrey Hinton, Yann LeCun,
FlYoshua BengiofENaturelfi ] F&1E &K F ) L (Deep Learning) g H 7 KimF, FATHH T &
SN AR A EE N EE I RIS MR e B 2 ) R M E A AT A 2F, L H TE T ST EEE IR TN
AR, BPAR LRI AR R R — 280, B, RO iz M T SEBREE 2 Hr i %5,
HARERE, BARE S A A B0 S, A, e R N 5 B FALHE SR mE N 7EIR 2 5
P W R AR AR O] | VR A )T 4

DB B, HE TR L BE iR MRS, R E e RE R B, @ g
AN R R, BRI, BREE. T = B B, FEARR ¢RI E AR E R HEAE
FH, B an i B SR R 5 RS ri 5 B AR B T AR i Rl o0 A RIS 8 B SR I R A % R 3 e AR AL
BRI IRE ARSI U JZUCRRMZ R & I A AR %, AN, 1R 2 SRR BE I B TREAR I K &R
FERE, Nl SRR L (spectral clustering) . Frey& AfEScience i T1] 42 H 177 5% #7658 2K 505 (Affinity
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Propagation (AP))8). Rodriguez2% A7EScience I TI] L3 Hi 1% B I KRB FIL(DPIL. OttoZ NI H
[0 Ak B DRSS N IS 54 P SR 2000 B AR, B 28 20 R 2 AL, i f 5 BUEE . R
P SCAREE |« ik DRI DL R 22 b B 2R TR VR 45 400, 14l Ml o A R IR Ak, i B | IR G
IIATEARE - ASPETEE . 2 0 A S5O~ T R R R p T EORE AR A O R AT R SR AN R T, X
A R HHR TR AE A 7 45 K s R P k.

SCHR [2017E SRR T FEAL TREAR G R ENE, 18 TR E SR R I A FR
TERRIIFEALEE, FRAC T FEA SR RANIE MEXS SRR, JRREST [ 2 T REARR 8 I I SRR I,
S N HAE MR R TR e SRR . SR [20] BB 9T 8 B AR ] ¢ 2 (1) ANBf 8 PR A4 130T
B, AR T S ANAE R R . SRR AR 2 i S 2 A R R A R AE R, R
B TERITIE M R I B B4R, TR B2 R, AR b, AR ARG (0 A BE Al A
AHIFLIIRE AR, BEP AN FEA S 26t ILAE [F] — SR AR =R T2 L IUME et W] T AR B AR ik B A 0
AL, K FEARTEMEME S R BRI i alAT I, BT R iHie, A 32 B 50 R 2K 0 i h
AFaENE, JHR AR IR RTTE.

AR TTHR AR LR =5 TH:

(1) ¥ RBER P FEATE MY B R RIS, IS R G B4

(2) $HETAE BRI IREATS E VEE Bk 2, TR v WAL SEER 56 UE 5 R A

(3) FRH—MpE TREARTRE Y IR T V. FRAE SRR 48 RIS | A R

ASCAE B2 4 A AR M s SORE BRVE RS 047, 42 Hh A T3 B0 PR AR R e 1 = R 4
TES ST BT R T HEARRE MBI VE BRI, 7R 28477 A SEES FISIESE T5 BISFE A FR e Y
B G BN TR AR E M IR R TR A . a4

2 BRESHHIIFEARZEM

SCHR 20078 1 BRI T IR E . BT AIRSRER, AR IR AR R — SR
HOGIERAGE T A RICIUER . M PTRE A SR B R OY I, ATHf s X A I A AE R 2K [F
BT R E SEIUBEF MO P FEA SR ZAE AN RIS, AR 1] A SEBIUNE 5 08 4 i P AR A ) 7t oA PR . Y
ANFEARZ IR RIAS E R AR AL AN T (1) PR A B AT e (R AR R — 28, BDPREA BT B
FISECEURERAE; (2) I MREAR BB R B 8 PEANE R — 28, RIS REA B BRI LB 8. B
FEHUE R NRIR R R IR EVEASRE SRS 51T, 9, STHR [20]F5% HY 5 1k BR U B SR PR B
RRAMPERE, Il —DHARS LA S IR 1T 1 E B SO A A2 P AR ATRE
AT T RBLR AR RARIREA TIE, FEEREAT 20 KR M I STk L, A B T80 238 1)
RS

FEA TR SE BN 2 A1 A B K (0 SRR RF AL A T, AR ARADURE L SR RI4R38EE . TR SRR (207 f R
AREEVET YRR p . RN BREATE VE A E S, WHEE B A BEE, IR 4
TG BRI AR E P B A

2.1 HEXENX
BOEPIREA IR LB p, PN IX AR AR 9 2 0 78 P2 1R s PR R UE SON:

EX1 (W tERE [20) XHTFA8&Ep € [0, 1) M &t € (0,1), BREf & — AN Pk R A 3R 13 2
A

2
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(1) anffp < ¢, Wf (p) < 0; Wkp > ¢, Wf (p) > 0;

(2) Wikp, <t < pa, ;;fbt = 15, Wf(p) = f(pa)-

For e AREA 8] 26 F B AN 8 I ISR 2R A8, 2B AT B T L IAERE P = {p;;|1 <i<n,1 <j<n}
PAF. FFAF Q)RR E R BTE A EUR/IME, H B B UK. S50 (1) R S IR 2 U PR
Bt R, B PERR RO R S (2) RN e YRR BUIE L PRI EL A0 AR, R A T PRI E D,
Mipa (pp < t < pa) Bt FIBREG LU T2 Dy oI, py Mlip, HUPSAH AR B H0ME.

BT 4 MH e R A, W TEIREX = {21, 22, ..., 20}, HARz MFE T SONEFEASH
EREASIEIUBE AR T 2 8 5

n

sts) = = 3 i), (1)

Jj=1

o NEIREFFEARLL, pij € P, P = {p;;|1 <i<n,1<j<n}.
2.2 MHAREMHAEMEILSN

KA, AERH AR TR AR E PR A EEE . SRR I IR R i 4 A 2 ey Mo, SR
JETFHAEA TR T2 S8 AR LR IR A LB, B 3L IR AR A L B 1 R R o AR E
PERUE RS, )53k T2 TR 8 f g TH A AR E sy, Il I WY S5 M sg HUE 5 1) 52 2ok
T A

BB Mllep Rm IS IR A g e 70 A1 1RSSR, MR AR = {dy, da, . .. dp} T IBER S JEEN:

1 1 1 Ts-1
zly=c1) =N(z;p, X)) = —— — e @0 T (@-n).
p(xly = c1) (z;p, %) 2n? =
1 1 1 Tyt
€T = C: :N T, — ’E = 776_5(1:"'_“) % (w+“’)’
p(xly = c2) (z; —p, 2) 2n? =

Hrhp Ba e g, ST ZHERE, DABHRYERL.
Gt A, JESRIAEMEp(y = cifa) 1) i DU A HORT:

_ ply =c)p(xly = c1)
> ymer.co PY)P(2Y)
_ N(p, %)
N(N> E) +N(—N, E)
1

FIZ, JE5 SR B p(y = col@)

1

p(y = c2fx) = Tren =2
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1
08
AO.G 4
9 —pxecy)
X
T4 —Pec) |
02
—p(xly=c,) —p(xly=c,)
! I i 0 ‘ | ‘
-10 5 0 5 10 -10 -5 0 5 10

X
(a) Conditional probability

X
(b) Posterior probability

1 p=3 and o = 3ETRUR B E &= A
Figure 1 An example with 4 =3 and 0 =3

D = 18], FERAEMR R A Ssigmoid A EE A —2, Bz s . Fi1gHu =
3, o = 301 R £ G R B
BT BB, FEAR e, Ml I ] — 285 A A

pij = plyi = alza)p(y; = cile;) + p(yi = calws)p(y; = calz;)
1 « 1 1 « 1
1 +672MT271E7; 1 +672;1.TE*11J- + 1 +€2;1.TE*121' 1+e2uTE*1mj
1+eami+amj
1+ eo®i 4 eamj 4 eaxitax;’ (2)
Hrta=2p"s" 1 RN, G EFSHaR w22
B W az > 0, Wp(y = ci]z) > p(y = colz); WiHaz <0, Np(y = c1|z) < ply = calz); W
Razx =0, Mp(y = c1|x) = p(y = c2lz) = 3.
UERR

ar > 0= e 2 <e = p(y = c1|x) > p(y = co|x);
ar < 0= e > e = p(y = c1|x) < p(y = co|x);

ax

1
ar=0=¢" :e‘m:1:>p(y:cl|a:):p(yZCQ\ac):5.

Zi b, e RO m

HIE L, ax AR BN K Feo M e S RIS T 2. MR1IKY, Hax > OB, 2B
e BT, R2Z YMax < OF), i B2 5Ee, BT,

A (2) IR IR A LU R PR

M2 Wk (ax;)(ax;) < 0, Mp;; < 33 WH(ax;)(ax;) = 0, Wpy; = L W (ax;)(ax;) > 0,
UlUpij > %

R B Aas(2)F15:

1 1 4 eowita; 1 (1—e®)(1 — o)

bij — 5 1 4 eaTi | ¢aT; | oa®;i+aT; o 21 + eaTi | £aT; | oaT;i+aT;

1
X —.
2
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Y(ax;)(ax;) # OB, HRHE(1 — e2®)(az) < 0, H(1 — e2®)(1 — %) x (azx;)(ax;) > 0. Bl FIAL
T (1 — ax;) (1 — az;) M (ax;)(ax;) A 5. B, Z(ax;)(az;) < O, p; < 3; H(ax;)(ax;) > OFF,
pij >3-

5 (ag) (a5) = O, F7(1 — 90)(1 — c95) = 0, Mlpy; = .

gR b, 2R O

P2, M PIREAE Rl — SR i, JEIMER py; > 5 AMPEAB A RISSGRITH, JEBUERp;; <

N

MHR3 X T EEaz, # 0, Hax; = —az; 4 HA Mpiy, + pjr = 1.
WERR RGEA(2) 1S

i ek 1 1
Pik = T3 cam X Ty came T Ty eams 1 come’
edTi ek 1 1
Pjk = 1 + e x 1 + eaxx + 1 + ea; X 1+ eazr’
B
Dik +Pjx =1
2 + eawi + eawj _’_eawiﬁ-amk +eawj+awk +2eaaci+aacj+awk
=1
(1+ eam) (1 + ¢a29) (1 + caen)
¢>ecw:,--i—a,:cj =1
~ar; = —axj.
gi b, PEFBEOL. i

P I3 33 B A SR N A 2 PR A A R BE B8 22 HOAAE B, B A X PR E A SAE R AR ORE A (1) FE 3
MEZR AN AL, PR3 2 AN A% B 20 22 1 48 0 (AR [R] R A N B AH R A e MU E.

MRR4 X Tax, #0, flaz;| < |ax;| 2 HAH|py, — 4| < [pjr — 5.

WERR B2 iR (ax;) (axy) > OFITENL. BEI, ax;, azj Mlaz, FIEUE S R AT 40 9 BUT DURRS Bt

(1) ax; >0, axj >0, axy > 0. g2, F:

L
2

1
|Dik — 5\ <|pjr —
Spik — Pk <0
(1 _ eamk) (eaa:j _ eamz)
&
(1+ e0) (1 + ea%7) (1 + eoor)

e — 2 > ().

<0

H Naz; > 0, ax; > 0, Mea®i — % > 0 & |ax;| < |ax;].
(2) az; >0, az; > 0. azy, < 0. WRIEMEFI2, A:

1 1 ) .
pir = 51 < Ipjk = 51 & Pjr = pix <0 & * =% <0.

H ANazx; >0, az; > 0, Me®i — e2®i < 0 & |az;| < |ax;|.

http://infocn.scichina.com
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(3) ax; <0, ax; <0, axy > 0. W2, -
1 1 ax. axs
|pik—§|<|pjk—§|<:>pjk_pik<0<:>€ i — e > ().

Bl Naz; <0, ax; <0, Mer®i — 3% > 0 < |ax;| < |ax;].
(4) az; <0, az; <0, azy < 0. W2, A:

1 1 . .
pik — §| <Ipjr — §| & pik — pjk < 0 & 9 — e <.

K Nax; <0, ax; <0, Me*®i — e < 0 & |az;| < |ax;].

BT 8 (azs) (azy) < O azy = —(aws), IIEHERS, o — 1 = lpox — 3.
Tlawy| = |ax;|, EH TiEM|az, | < |az;| < [pik — 3| < Ipjx — 5. BT (azy)(az;) > 0, WHIZHBIHIE
15 58— R DUARTA.

g5 b, PEBTAROTL. O

PR, A0 SRR AR 5 A % 1 B 2 O B HEBOR, W FEAR 5 U aw # ORIREAS HH ILAE[A]
RHIMEZMRT L. PR BTARRAE 5 A A5 (1 (2 28 222 1) 40 00 (0B K XA AR e I B AT B sy ) A PR
1H.

BT, SR R 0 £ B, AT BRI A A R B O g, UZE MR A 343 A5
PRI T, B2 AR E P E SO

sg@s) =+ 3 Folpy). 3)
@ jEX

Hrb) X = {21, 22, ... 2 SRR ES . FETAES AR, SR AR (7] 06 R A 8 3L
DMk A MEE = L. e R B BLA DL R MR

MRS5S  WH|az;| < |ax;|, Wsg(x;) < sg(x;).

ERA 1‘&?&@;’&(3)7 sg(xi) = %kaex fo(pir), sg(xj) = %ZwkeX JF9(pjr).

MR L, 2t = LI, SR (2) R ok FI0R. S5 6% M) 513 Ipy— 3| < Ipa—1L = falps) <
f9(pa).

Hazy # O, RIEVEL, Flaz;| < |az;| = |pi — 31 < |pjr — 31 = folpi) < fg(5k).

Haxy, = O, RIETERL2, Fpi = pjr = 5, W fg(pir) = f9(pjr).

25 b, MRS ROL. O

Ve BN T sgFIBUE 3. WPERRS TS, sgfEax; = ORCENARf/IME, B PSR IR B 22 (1 4 il
RIIREASREIRAT B w5 (1 s g 1.

M6 WRax; = —az;, sg(zi) = sg(—x;).

IEER RIEAN(3), A

http://infocn.scichina.com
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RAEE 3 ax; = —ax;, 15:

5) :% Z fa(pjr)

xpreX

= % mgx fa(1 = pix).

MR L, B f(pir) = F(1— par)- Wsg(x;) = sg(—x5). O

P J5 6150 B 1) 79 21 e B B 22 1 8 GHELAR TR) R AR LA A [R) R A e MR UL, 2 o s A S 6. 30 B 7 =
Wi ™ MR A AR e MR EUE & A5 M B s AT M A ) T 35— 3K

23 ETEEHNHTHES
EA LI T, Shannonf B B R BRI PERIE 0 T B 95429 Shannon s B 24T 12

L2825 TS, WTEID3FICA. 555 e S Bk i s B Y. 4548 BIRA N BUE, MR 2070
R{p1,D2s - - > Pn }s BT RS E A

n
=- Zpi log p;.

FEROR, A 505 B 0 B BOR UM 5 2 8 UL R E VE s B 0 TR S ARSI — oo B, 13
S R BRI O

Hy = —(plogp + (1 — p)log(1 — p)),

Hrhp A LEER. E2(a) BoR T Ho M RRBOEE. IEI2(a) FT RN, BRBUH S5 58 1 bR BOA A S A B
VAN, BB H IR s et = JARHUAS. TR AR B B SEAR I, AN R AR ok L IX 7 (R IR S (A —
SEAEL = SACEUAS. S AN E B SEELBER B P PR A IR EURE S A 3RS . DRI, ARAE E 31, K2k T
AT YRS S0 bR K 0 9 b 5 1 PR AT A A e (1) B R (2) AR A A, AR E
RAEL JEBAR, Horbe € (0,1). AeH)E, FTE R A E 1 pR B0

(47) log (%) + (1= £) log (1 - £) . p<t;
Jeto) = {( (1 p) )log (1_ (1=p) ) (2((1 P)))10g<2((1:?)) Cop>t. (4)

X FREAR LI R A A, A SR 48 F A (Otsn )22V SR AR R L. Otus B3 —Rh 22 i (1) BE 1l
ik, JRE TR BRMENG G =R P AR 280 7 22 k. BRI, & T AR S & LI R
WL AP = {pyll <i<n,1 < < n}RRIEBUERMFE, FEAR R DG R B A E 1L DU R
At = Otsu(P).

BI2(b) 2R Tt = 0.70F felt sREEME, M EI2(b) W5 0] 1 BRI U f 3l 2 5 72 1 bR B o PR R 42
ok, AR fe Rl E T R L

MRRT AT (4) N E T R AL

WERR XA R(4) R T A5

fe'(p) = { 7 loelzs) Pt
g

g t)lOg(1+p 2y | p>t.

http://infocn.scichina.com
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02 |

H
fe(p)

04 |

-06 |

L L L L L L L
0 0.2 0.4 06 08 1 0 02 0.4 06 08 1
P p

(a) The cuver of Ha (b) The cuver of fe (t =0.7)

2 EEEMfe (t =0.7) NEHKES
Figure 2 The cuver of Hz and fe (t =0.7)

Gy ¥p < th, fe'(p) < 0; p >t fe'(p) > 0. KIUk, A3 (4)7 L0 MR A2 — K2 W,

Hipy < t < pa, S8 = {AlHfE B = 1284 i AAS(A) AR fe(py) = fe(pa). BRI, A 30(4)0 2
i CSR A e S

gi b, A (4) R E R O

FTHIREX = {@1, 22, ., @p ) PR AR, HEE TG BRHIFEARE N

selwi) = = S felpi), 6

Hrp; e P, P={py|l <i<n,1<j<nl.

AR, B AR PR AR R O R AN 2 VERE BEAN[R], S EUN RIFE AR BRSNS R, K28 258
1E Bl MBI AE A, R, A H 3 FREARFR e R R 2071, MR EREARE S A e
FEASEE BT A 1 (R AL PR SR . BARBEES T — 148 .

3 ETHAREMMRIETIE

BT FEARTSE R EIIZ O BARTE Tl SR R o M AR B FEARSE AR EFEALE, PR AT
X PR S 7 ) AL BAX PR RE AR, R T AR AR IR] G R B, LT 7E 1) AR S5 M B0 I, 725 5 SR
TSRS IR, A2 IR AT E FEAME LUK, AR e FEA R 73 A28 AR SR I SR S5 M Hh AR AL
by, HABRFADFEFEARR DB R AN IERE. Bt FETFEARTE MR SRR TNE A=A 2
gy (V)W EARERI S NEE AR S ARERARS; )12 I e AR RS ERIFRE M, (3) K AtE
FEARRI > B iz s .

TG, ASCAE B b1 Fri R AR E MR R R R MR E AR S AR ERE AL, i b —
RN, FEACRR E M ) I TR B SR I SR B TR AR RS 2., FER KT AR (KN N)
S FE R AL UM ZE 1) — /N TSR B SR X T HIRE X = {21, @2, ..., @0}, FEARZ, IKNNATAE
an:

KNN(z;) =A, |A|=K, ACX, Vx; CA Ve,ecX-—A, dis(x;,x;) < dis(x;, xg).

http://infocn.scichina.com
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X T May, 2T I FEIKNNFI LB 9 3 R SRR BT o5 L, TS

Dy = |{.’J131L,\zlc,gEKNN(:I:;(),Q:,DEKNN(:J::J-)}\7 (©)
He A AR IR /N K U L R B /N AR T IR A (0 21 i, B LK 3 SO IR Ea ), B L/
SEUREIER L FEASRERSLI T, AR/ N KBEE A0/ (2k)], H e Bda S U % 4. fE
B T R RIS OU R, W0 SRS BRI P R AL B, [n/RDNRESRIOREAR R ARIORN KR E
H(n/k) /2] T T AT CAGE RESCHR AN W05 SR B 20, 2 — 7 1T AT AR AR I AR K Bt /)t 2 K 2
BER 5.
MHEAI(5), TRFTEFERIIRRENS = {(s1,52,..., 5.} BT BIEsKREARI 5 A e FEASE
ESSHATREREGNS, BAAWT:

SS ={x;ls; 2 ts,1 <i<nk; (7)

NS ={xz;|s; <ts,1<i<n}, (8)

Hort @i OtsuB LR, B, = Otsu(S).

R BRI 7 RS TE FEA SR MRS B FEA SR I A WAL 1-317

SRJA, YRR ERE AR R AL IR E . e FEA SRS SRR (8] 5k R LR 52 , JLIUBEAR A HUE K
AT T W, BIRGE0ERL. Rk, A€ A SR R AE AR A A BB M, 7R O BRI IE
PRI RAREEN . ZRATEFEAS AR THURA BRSO, SBOBERBE RS2 T 1,
IR IBCR] H B € AN SRR L. BUAN, T SRS A] A S B 2250 B I C 2 3R AG A 1] F) R B
R, BT O (0 SRR B Re B A T 20 B TH SRS TRV . 458 B35 08, T4 AR e A A B i 72 AT i 4
TR SR FH 0 5 6 SR 28 B9 (Affinity Propagation (AP))8]. ZE8 i 2 WA L1 28447

BT RABEATEEFEALE. X TR W2 A R AT e FEA, F LRI 7> BASE AR I 245
fyrp. FEBE AT EREAA R T AU 2B . B AR, 5 BB BB THE R

sim(x;, c) = max(sim(x;, x;)).

xjEC

HI T AFEREA AL ST A M AT L, R, SRATEZ AL B ANES E FEAS 1R 1%
SR PSR o S5 B AR FEAS, F P E SRR IOFEAY 78 8%, R PUTEATFE B 2T
AR ERA)E. Hrh, FEA 25 R N

ps(x) = 1rgza<xk(sim(w, ci))-

Xl 7y B A AR B i B KT B Rt s IR AR
NS> = {z|ps(x) > tps,z € NS}, (9)

Hrt,s = Otsu(PS), PS = {ps(z)|xz € NS}.
5 X7y BORE A A 0 BE B B I RAR Th I RAZ IR RN, R, (P vl i@ i o F 2 305

¢ = ¢ U{x|sim(z,c;) > sim(x,¢;j),j # i} (10)

http://infocn.scichina.com
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2 RILEE: BT REARRE R R IETTE

HEEPAT LRI IR RE TR A AR E A S L RIS . Sk P 355-94T BoR
TAREREA 7 LI R

AR IREL) 2 KA T PO, RAERR L (HO) B Z & I A ISR LA IR, ke, Me; I
U :

. 1 :
sim(cy, ¢5) = el Z Z sim(x;, x;5). (11)
il o g

SRR E MR SREE O A TR I B 1 R,

Bk 1 B TRAREIENELTE
BIN: BUBEEX = {21, 22,. .., 2, }, AL
i BRERC = {c1,c0,..., 01}
: BT AK(6)BBIFEAN M ILIMERIEMEP = {(py]l <i<n, 1 <j<n}
R AR G) T MEARRIFREMES = {51,852, .., 80}
MR AR (7) M (8) 1 BN R E AL S SN EFEALENS
R APH AR EREAESSTAR: O = {¢§°,¢5°, ..., i3} + AP(SS)
while [N S| # 0 do
RIEAK(9)FNS>
TR e AR R A TR EFEALE: 5SS =SSUNS>, NS = NS - NS>
FRAE A (10) T T C s IR R
end while
if ¥’ > k then
IR AR ()M ZIRERFIEHCE HCos THBEEEE Z RNk C «+ HC(Css, k)
: else
C <+ Css
: end if

e e e
L S v~

SR T BV FERT M A AR D3R 43 (1) THE IR B (2) FIF APBIE N R B FEARTE R,
BV RIF AR FEALE,; ()R ZRRIEE IR, T, THE LN 300 o 75 B H SR AR 8 BE 2 0,
BEAMREAR LA, DASREAR (8] (1 36 Rl 404k, %3507 (B[R] 2 24 BEAO (202 + nlogn) . I APHZEN R
JEFEARSE RN A 2R ENO (1SS log |SS)). R AR EFEASERIN A Z R NO(T|SS||INS|), H
T RINIERIEL. R Z KRG FERIRMIN A F A FE N0 (n?). 75 ZEVE R =R A A BR B 5 PR AE
THEILIINE R AE MR O, TER AP, R ARReeARE, G REN AT HEEIH. 4L,
SERINAEN L Z4 B2 O (202 + nlogn + |SS|2 log |SS)).

4 SCUGSTHRT

ARSI o A B EAE T (1) NGRS G EI M 4 B B LR R T B A
SE I PR ) I (2) 7R HE A A b e e T A8 8 I IR ST IR R
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Figure 3 Experiments on synthetic data sets

TR NIEEHRLE, 2T AKG) TR MEARRENE, JHRYE 2 3 (7)M(8) 7743 B A2+
AELSSHATEEREALNS, SLILERANEBEE —AT PR, ERBH AT, AMaEEAENSHK X
AR, REREAESSHIEIORR. B, K3 A7 EoR, A NGEHIE b, RmETE B0
HIREATRE PEFE AR 3R B AT EAEA T BT A FIRRAI ST XK. AR RAE S, RRHEAJR T

Y Pam e
B 4 EfgHRIHIESE

Figure 4 Experiments on image segmentation data sets
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Table 1 Benchmark data sets

Number Data sets Number of samples Number of attributes Number of clusters
1 Iris 150 4 3
2 Wine Recognition Data 178 13 3
3 Seeds Data Set 210 7 3
4 Glass Identification Database 214 9 6
5 Ecoli 336 7 8
6 Cardiotocography Data Set 2126 40 10
7 Image Segmentation data 2310 19 7
8 Waveform Database Generator 5000 21 3
9 trd5 690 8261 10
10 trdl 878 7454 10
11 wap 1560 8460 20
12 rel 1657 3758 25

DX 3. AR X3, R R 43 #) BE Chen-Vese Method 200K L 431, 1235 43 5236 45 B 40 B4 58 — 4T
PR, BRI TR 1 AR E DX, A2 X 70 3145 R R XIS BB X8R, BAR, K45
AR, G RIANRE X BV IR BIA G o, AR A R By MRS T R T AL PR
X 5.

PAESEIR B L BoR 7 THE RIS IIRE AR E M R T X R AR S AR ERE AR, i3t
M98 IE § AR SO R IR AN AR E 1k P B 1 o A

4.2 BIMESIESR

NS UEBE TR AR 8 M SR T IR AE AL R IR AT 55 I IR 1 R, R F RVE T U CTE i 42 1 S 2 £ 4
FIRIE T CLUTOMAZ SCAR KR, 1220 8088 M aifs B ansR 1A s, AR R f) BoR 2 T REA TR
PERRBEIL(SSC) BRI MRE, sMH AR ERRE LM E MRS IR E, AFK-meansH X,
K-means* 5427 4 Jik-means 5 % (CK-means) P81 {fj F & 5 RBEIL(AP), HIE N AT AL KR E
HIL(AD-AP) ) % I (E TR IS H70(DP), ok (1% I SR R 575 (GDPC) BY i R R 2K
EBPC)Y. Her, SREIESLR A 2 REMNIRA. A FEIKK-means 1L FIK-means™* 5H 1% H i
BLAHESOF P4 REPFIU R 5200, 38 AT 3K P A 7 1R 10098 FF e T34 1M BE. AR SR FH AR 74 8 B AR BESUA SR .

NVEN R4 vk, X R A G LA PR 8 AR AR Ak B B (NMI)2 U F i 5 2= 7l g
H(ARDPY. XAV FE brodid 2 SRR e IR 5 S IR 2 AR LB SR S B SR R kg, vt Somr 2 1
PN RRERNZ N R, BRERC = {4,8,...,&) AC? = {cf,cd,... cl} MAZXNRMF 2R,

FETF-F2, NMIHHE Ny

b S i log (7)) |
\/(Zf_l n;. log (nT)) (Z?:l n.;log (%))

1) Averbuch-Elor H, Bar N, Cohen-Or D. Border-peeling clustering. IEEE transactions on pattern analysis and
machine intelligence, 2019, DOI: 10.1109/TPAMI.2019.2924953

NMI(C®, C%) =
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Table 2 The cross tabulation of C? and C¢

chcd & & b SUM

cd ni1 ni2 nik ni.

cd na1 na2 nok na.

cd nk1 ) Nk n.

SUM n.q n.o n.g n

* 3 IMNEEMNMIEA
Table 3 Index NMI from the nine clustering algorithms
Number K-means K-means* GK-means AP AD-AP DP GDPC BPC SSC
1 0.7116£0.0622 0.7309 +0.0142 0.7419 0.7777  0.7777  0.6586 0.6586 0.7630 0.8031
2 0.8414+0.0118  0.8423+0.0184 0.8347 0.7507 0.7315 0.5885 0.7415 0.7955  0.8364
3 0.6743£0.0000 0.6725+0.0037 0.6654 0.6873 0.6790 0.6797 0.5246 0.6959 0.7043
4 0.4107£0.0292 0.3409+£0.0313 0.4008 0.3392  0.3065 0.3265 0.2757 0.3918 0.4481
5 0.5939+0.0283 0.5970+£0.0185 0.6224 0.6311  0.5653 0.4985 0.4773 0.6333 0.6768
6 0.8972+0.0227 0.9177£0.0368 0.9478 0.9270 0.8118 0.8020 0.8199 1.0000 0.9797
7 0.6114+0.0159 0.6065+0.0112 0.6109 0.6116  0.6095 0.6599 0.6666 0.6664 0.6683
8 0.36420.0000 0.36420.0000 0.3642 0.2989 0.2760 0.2214 0.2128 0.3592 0.3728
9 0.4669+0.0406 0.2708+0.0244 0.4245 0.4062 0.3681 0.2673 0.3209 0.4491 0.4752
10 0.4829+0.0389 0.3160£0.0312 0.4292 0.4003 0.3917 0.3507 0.4268 0.4311 0.5160
11 0.5058+0.0211  0.4668+0.0163 0.4792 0.3603  0.3603  0.2728 0.2608  0.4523  0.4995
12 0.4360£0.0170 0.3031£0.0148 0.4194 0.4464 0.4461 0.3628 0.3524 0.4192 0.4477
ave rank 4.0000 5.9167 4.3333 4.6667  6.2500 7.5000 7.4167  3.5833  1.3333
T2, ARIIFEA:
ARI(CY,C%) = 213

%(Tl +T2) —’I‘37

He

.y N K n.: 2r1ry

1] 2 _ "] —

3 () =2 () (V) ety

=1 j5=1 J=1

TESEIO T B ) B SR NI FR bR 0 S B X 23 DRI, 80 5y 1) 8 b (L T R FRRATE 1) SR 2P .

ONRREIEIE 12 504 F I TR B R 3R 4R IR, HR3E/R TNMIVEIN Fe b, K48

7~ T ARIVEIN FEbE. 7ER3FIFRATF, A EE 1 f A SR 45 PR E B~ RIZ IR AR IR, &5 —AT
J&oR T AL .

F3MFAE IR, SSCHIF AR T H e 5k R3EIR, SSCEENMIVENHE AR F 75 31241 $dE

RO R M AR SRR A5 R RAWIR, FEARTVFN 8 PR T, SSCHUA 124 H 4 84t B iy 3R 28

=1
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Table 4 Index ARI from the nine clustering algorithms

Number K-means K-means* GK-means AP AD-AP DP GDPC BPC SSC
1 0.6589+0.1179  0.710240.0080 0.7163 0.7445 0.7445 0.4531 0.4531 0.7184 0.7874
2 0.84514+0.0140 0.8477+0.0196 0.8471 0.7262 0.7144  0.4956  0.7567 0.8025 0.8516
3 0.7049+0.0000  0.702640.0048 0.6934 0.7064  0.6952 0.7076  0.4726  0.7020 0.7406
4 0.257240.0149 0.185940.0278 0.2471 0.1862 0.1583  0.2267 0.2294 0.2397 0.2481
5 0.4238+£0.0811  0.418040.0334 0.4150 0.4551  0.3412 0.3086 0.2655 0.6142 0.7080
6 0.7779£0.0654  0.8049+0.0905 0.8521 0.8558  0.6529 0.6323 0.6372 1.0000 0.9771
7 0.4711 +0.0446  0.4736+0.0354 0.5034 0.5100 0.5117 0.5301 0.5318 0.5159  0.5260
8 0.2535+£0.0000  0.253540.0000 0.2536 0.2167  0.1980 0.1897 0.1875  0.2542 0.2592
9 0.3336+0.0627 0.1855+0.0421 0.2512 0.2498 0.2217 0.0822 0.1275 0.2848  0.2354
10 0.3024£0.0691  0.269840.0305 0.2493 0.2296  0.2349 0.1388 0.2725  0.2695 0.3066
11 0.2025+0.0857  0.140840.0390 0.1792 0.1126  0.1126  0.1756  0.1964  0.1157 0.2035
12 0.2451+0.0181  0.122440.0147 0.1598 0.2066  0.2178 0.1303 0.1660  0.2427 0.2709

ave rank 3.9167 5.7500 4.9167 5.3333  6.4167 7.0000 6.2500  3.7500  1.6667

G, ik — B i3I AL R, K H Nemenyi /5 4050
72 511 S B RN RAG I P AN SEE R RE i AR TR e S RE B THSR AN T

A(A+1)
6D

CD = qa

)

Nemenyif 4 HG A N EIE T35 P E 2

(12)

Hot ARSI B, DABIREN L BIEEN5%, FIENBONIN, g0 = 3.102. RIEAK(12)7T 4,
CD = 3.468. 5% 7% T Nemenyif g . Kb, LR mRoRs T8 REER PR P, WE R
A I S E IR, R R L ONSSCHRUAR) LI A E. W Es TR, SSCHIATE R L T K-means*, AP,
AD-AP, DP, GDPC. E5E MR R SSCHUTF 1 B AE T 172 7.
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(a) Nemenyi test based on table 3
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(b) Nemenyi test based on table 4

B 5 Nemenyi/g&0%
Figure 5 Nemenyi post-hoc test
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b, ARSI T AT REAR R E MR IT IR, 1R VE SR AR T FEA SR R A M IR A AR e R
AR > iz R e NG R AT B R BIEE IR T REARRE MR R A B, 1241 3 R
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Clustering method based on sample’s stability
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Abstract The complexity of data types and distributions leads to the increase of uncertainty in the relationship
between data samples, which brings challenges for discovering the cluster structure inherent in a data set. To
handle this, in this paper, the concept of the sample’s stability in the clustering ensemble is extended to the area
of clustering analysis to reduce the influence of uncertain relationships between samples. We theoretically analyze
the rationality of a sample’s stability and propose an entropy-based sample’s stability measure. Besides, we
propose a clustering method based on the sample’s stability. Firstly, this method divides the data set into stable
samples and unstable samples. Then, it discovers a cluster structure of stable samples and assigns the unstable
samples into this structure. The experimental analyses on two-dimensional data sets and image segmentation
data set visually show the rationality of the sample’s stability. The experimental analyses on benchmark data
sets illustrate the effectiveness of the clustering method based on the sample’s stability.

Keywords machine learning, unsupervised learning, clustering analysis, sample’s stability, stability theory
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