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Abstract

Concept decomposition algorithm (CF) is a classical data representation that has been widely used
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in machine vision, pattern recognition and other fields. In response to the fact that the basic CF
method is an unsupervised learning algorithm that does not consider the geometric structure in-
formation and the class information of the samples present in the data space and feature space,
and also does not take into account the sparsity of the decomposition results, this paper proposes
a novel method named constrained concept factorization based on sparseness constraints and
dual graph regularization for data representation (DCCFS) to overcome the above defects. This
method constructs the geometric structure information in the sample data space and feature
space unchanged, which extracts the features of the data more effectively and enhances the data
expression ability of the algorithm; by using the natural label information in the data to enhance
the identification ability of the algorithm; DCCFS adds the smooth sparse constraint to make the
matrix factorization process more stable, smooth, which makes sure that the results are more ac-
curate. The experimental results on COIL20 image dataset, PIE face dataset and TDT2 text dataset
show that the DCCFS method can provide better representation for high-dimensional data and ef-
fectively improve the clustering performance.
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1. 5|15

FCRRAE RS i R B2 5 BB A2 AI T A e b e I TR — o ] N e s iR =
BB R R INE AR — DR [L] [2] [3]. IELeSEk, RYEEE RRBORZ 2 THIN A
I, HPETZ R TEARZHE . tF ARG B RS W R4 R R E AR H R 4y
fige, o HBRRAFABZ MRYERERE, T8 H SR AU AT e bl SR A B FE R o A58 FH o B 40 i e R ] LA
TRE JE ah s E G RIS B 42408 H BUR 2R & A s SUE5 ), AR T LR 2 L TR LA SE S5 40
W — P kR . — S ORI ) B o) il B 32 4y 43 B (principal component analysis, PCA) [4]. K& &
1k (vector quantization, VQ) [5]. #7518 % fi# (singular value decomposition, SVD) [6]. £k 355143 #7 (Linear
discriminant analysis, LDA) [7]. 3E41%E 43 f#(Non-negative matrix factorization, NMF) [8]. Hf &4 fi#
(Concept Factorization, CF) [9] PA K& 5 IR 5 2% ST AR A 45 A 1 — L8 5155 FE 73 f# 592:[10] [11]. 75 FAERE 2y
fif 7 iE T, AR FE S R (NMP) FIRE S 20 R (CRE AR AN RO E0E B4R 4E TR, 28] TR FE N R R,
BTz B T A A %5

BSAFAE— A 4EFERE, NMF 170 i 5 FR A 1 1% i 4R B A O PR AR GEFE B 1) 3fe fH, A MK
YT B (B RE R A R O ) R SR AROR I (RS A v 4R R . RIS, NMIF S8 — N R AT B n 2% 41, BRI
MRLEFEFE R I PTA e R AR IR, RTINS Em AT RIEIZE, Bk, NMF & — /MR EE T
T BB R T, EOBEMA R F B ERIEREE . MR A1 NMF ZEAC BRSO S5 5R
FAEFILT PCAL SVD. LDA SEfEG e FE4E k. (Had, NMF JoikibBEE b e A i & A
G AR AERE, 1X(E75 NMF 7EACEESEfr in) @i A R IR E. A T ARt i i, Xu S542 HHE&o)
R SH(CR M T SRR E VL K M ik . CF AR DU o Hy e 75 51 RS AR R Hh & ST & I, o % &
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Cai SEfEIES S Al b, RIS > B AR 1) NMF FI CF B A b AT ek, 38 T
GNMF [12]#1 LCCF [13]. FE TAERXRA M) NMF F1 CF R e in 12 1E Ak DURIE 1 B 18] ) J L AT
WG . Liu 55 N[14108 1 B MAFERIARZEE B, R FEAH) CF AR it g —Fh = I B 22 S 55
% 3RH T ML T RS BR A S  iR(LC-CF) Jrik, LC-CF XF3EAR (1 CF AR jfi i Jay 38 1E M A6 20 3,
ISR S 5 TS BB BHRAE B, TR R A A RIAR A I E s RU7EARAE 2 8] P A s 28 [F] —
mbo Tang [15]7E7% EUHR LKA I, L5 8 THRHMEAE, $2tt T ODGNMF 55i%, # e 7 GNMF
B 2B AHA2, LA B3 DB () e 36 AR 7 T NMF B CF i LA, 3% 25 8 2 B E IR i 1 -
LR WI[16] [17] [18], XS SHIEBEINARER LI A, (G135 AT L Sl i s, A SR m Rk B4
Pe, RS A RASENE. P, SRR R E IR,

PRI, AR SCHEHS 7 — o B 773k, PR O 1 i 20 AR XS 4% 1 L D A ) 52 BB 2 7 A 532 (Constraiined
Concept Factorization Based on Sparseness Constraints and Dual graph regularization, DCCFS)H T ##E & .
DCCFS AMXUF T 2 >0 1) S AE 2 16 1 5048 = (A1 T AVRRALE 2% (AR ¥ 9 3 LT 4544, 1 SR A T
LS HMPRCFEARRIAREE R, BEANLRE CF Ay v B &k, R T HEM %068
w5, AT L FIRARUFEEERMETE. N 7 ERZEERIER, JATRE T — MR T i g
BRI R SEERAR T3 tH AR o A8 LA A IR AR L seie e ], JAiI3R i) DCCFS 7572
YT HHR A RS TT i
2. HxTHE
2.1. EFIFERESB(NMF)

{8 AT — 5 I SR R X =[x,
V=[v, Je RV, BIAMELEE R T

 E—

e RMN 3 A 8 BT A G AE R R, 5 BN U = [u, ] € RM
TERRIE T BRI, T NMF (265200 T
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pgui
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(Xij _(UVT)ij )2 = "X _UVT|||2:
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21)

i=1 j=1

stUu>=0V =0

For |, ARFTMESEH, K < min(M,N). MIFRAERE, NFRRAREL URRIEE, V08 /1
R R A LA 1152 5 T 700 T 155 NI [ A F -

(xV),
Uy < U (2.2)
(Uv'v )i,-
XU
Vi €V (E/U TU); (2.3)
ij

BT K <min(M,N), R U MREGER: V KRN TR X AORE, B Eseal 7t
2R IR AR o 1 B

2.2. BZ5HE(CF)
BR&A — B X=x]eR"™ , CF M{E % | B EHEEV=[v, |eRV . & B
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v = 2 W X, (W >0) (2.4)
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00 <[
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Vt+1 VA (KW )ij (2 8)
T o), |
ﬁ\:]:':l’ K = XTX o
3. ETFOHE L0 5R 3% B I ML B 32 PR 2 57 B L% (DCCFS)
31 5|8

WA S [19)R W, Bl FRAAAE AT TR AE RYE T, AR ONERIRIY - Hla s 18] 00 LT 40 4125 R 0
SRR Y LR . BEFTRYI[20], Ks 8] AR AL Rt o AR A — MG TR TE L, R 2 AR RHIE I
FE[19], [AIHCAE ot R Bk i, 75 2 [ A =5 5 21 B 000 = 1) o A7 2 (R S o o ) L AT £ Mg 5 U DA S ARk 4
(8] L AR AR T LT G5 K5 8 o 3 I Ay i et PR MVRRAE PSS, 220 i et e P2 A RS AR T 1) L AR 5 4
A DAORAE R AR AR E 2 1] A S OR ORFF 1 e s s LS55 02, RIS A I B, I 5 vt
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B2, ZITEERA B EE PR EREE . B B8 S AR SOE R, AR
LERAE BININFRAE, AT DME 2 B AONARIEE R . A BRI TR A AL ORI (5 B 2R m A RS
FESHARRIERE S, L, ERE 7R EA S hRLfE e, AR CF SR TEHE ALy it
BRIRALER. &a, HBAFENmENE, R L P2 DOERR TR IEE R Bk ilE .
BRI S R AL AR, SRR R ER . IR

DCCFS i Ly “PIE AR SR R e, F3E 8 P45 2R A Hs 42 8] AR AL 2 18] I 45 /15
B 3R T EER SR IZIRRE ), BJE R RS AR LI R, RGBT S, PR RIE A S RE
VP
3.2. tgiEXY & E E N

WETERE, FEAS B A DU A T AR 2 M RV B (BRI, B (RHIE A7 AE T AR
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Hodr, N (%)L X, 1 p ABIEAE, B BB R I 5 S

Y =D -¢Y (3.2

i, j=L-n (3.1)

o, DY X MLIERE, DY =3 Sy -
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i B R A AR R (1 2 R P TR BE R LT

wiEheal

_ gviv: DY _”j_lviv}sg 3
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Ry > PRAUE e 28 2% [A] S SR 2 [A) v f) A ERRR D6 o BRLIEE, 503, 3) e B Dy s Pl P 35 vz 24 1 0 50

FIRER T, MG —A p Bl RAF Ak, ﬁlﬁ,ﬁﬁﬁj?{xf,---,x;}, SRR 0~1 By S8k A
IERFALARRE, I SCERBCE R R R -

Lifx'eM, (x');
SiljJ: i € p( l) i,j=1---,m (3.4)
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e, M, (xi)% x| p ARILEE, RS IR B R R e O
L, =D" -s" (3.5)
Hrr, DY RXHAMEE, DY =3 S) -
LU = [uf Y ,--.,u;] e R™* AR MR LR #0187 B M50 e AR 4 22 1) 2 1) o ol v
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:Tr(UTDUU )—Tr(uTsUu)
=Tr(UTL,U)
3.3. EZRIEM

CF &P i B 2 2 5k, B BIEFEARISBIE R, AN TARZEE ST AR oL, ARG
WIE TR WK 2edia P IO AR 2545 D e A A 2 OAT LAAT R i Bk 1 S0 8 70 DA R BRI Rk g . BB sk
AR (x b, T L AMREAS CARID, RIA n— 0 AN ARSRCREAS, B X AT C MERR. BT 1 ANH0E A
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TR, A

HRRAR LI LB FR A e HUEESIAMERAEFE M, BB x Bbrid a5 j NMERE, W my; =170
m; =0, SRRFAERE A DR

_ Mlxc 0
A_( 0 InIJ (37)
Forb | RRALAERE. N T R AR E R, WS NABIERE Z AR AR . RECE R W] DL 5
T
V =AZ (3.8)

3.4. DCCFS HireR ¥

N T T MBHER SRR, BRI AL K LSR5 B Fra8 (5 B UL S M
M, AR T R EB R R 7% DCCFS. DCCFS R RS & T H L eI aR, ik 5445
] CF A B A SR AR R AE /. 400 DCCFS J7i% K H AR e 800 F s«

O =[x —xszAT||2F +ATr(ZTATL, AZ )+ aTr (WL, W )+ 2" 3.9)
oL, =1, =D? =87, L, =X, X =XT(DV-sY)X =D" -8, A REIRELHIELE, 1 Z %

RN, RBHEFEV =AZ . 420, a=0. x>0, =HRIEMLSE, ¥R RT67 i
Zo PIHUELE LA 2 (8], L, A1 Ly 23 )2 s B AR AIE B s 5 v 27 o

3.5. DCCFS EFRek #K %

REIIZ, DCCFS ¥ H b e B2 AR M, BRI TE 4R 2 42 J5y e Ui, Ao P Sfeideldb AR BRI vl figh et il
HARMOE A E —ADZERELT, MR NRENERETIRL. F5h, MR R A
Tr(AT)=Tr(A), Tr(AB)=Tr(BA), SBIATLISZHl DCCF B[R ME. W4, ARGB) Lt
— S5,

O =|X - XWZTAT[ + ATr (2T ATL, AZ )+ aTr (WTLW )+ 24W|°
=Tr((X —XWzTAT)' (X —WzTAT))
+ATr(ZTATL, AZ ) +aTr (WTLW )+ 2u|W | (3.10)
=Tr(K)—2Tr(WTTKAZ)+Tr(WKWZ"ATAZ)
+ATr (ZTATL, AZ )+ oTr (WTLW )+ 2u|W |

FIFITRAE AR, FIIR(L18). T U 20,V 20, B W =[y, | Flg=[p, | AHRXT UMZ
bk T, DR, (3. 10) 44 1 I B L St F

L=0p +Tr(yW")+Tr(pZ") (3.11)

L% U #1 Z i 35 s
;—Vflz—ZKAZ +2KWZTATAZ + 2L, W +y + 2uPW P (3.12)
g—;:—ZATKW +2ATAZW KW +21ATL, AZ + @ (3.13)
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R KKT %4, oU =0, ¢V =0, X (3.12)F1(3.13) [ #ik5 A:

(KAZ +as"W )

e wt J (3.14)

(KWZTATAZ +aD"W + uPW F’*l),,
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. (ATKW +1ATSZAZ)__
7" <7 : 3.15
' ' (ATAZWTKW + AAT DAz)__ (319
ij

3.6. DCCFS Bk E
A CHEH Y DCCFS Fiik AP BN N 2% 1 iR

Table 1. Iterative steps of DCCFS algorithm
%< 1. DCCFS EAIAR ST

DCCFS i&AC0 %

BN BORFERE X =[x, x,]€R™ , HAFRICHER X =[x, x| WFRICEEAR, Xy =[X00 o %, | ARIRICFEA,
B KIEARREL maxiter, IENINSE A, a0, 4,P »

Bl UM Z;

1) &N (B.7) MR ZIRAERE A

2) BENATIRAL B M U MBI RE Z, BT LU DR

a) I EA(3.14) BT W

b) ik (3.15)EHT Z;

) FIEBNERIIERKE maxiter, FikZi:, BNIREHATZE @),

3) iFE M. H— L EER,

End

4. BUESCIE

TEARTH, N TVl FrdE i) DCCFS B (1A Rut:, FATIAE PIE. COIL20. TDT2 =ANAFEEiR4E
LHMT T HE RS .. BATERAIRE RS MM %8 KM, NMF. GNMF. CF. LCCF. GCF
A1 DCCFS #H4T . (EARSZI T, 48 FHUHERA B (AC) A1 IH— AL TLAE B (NME N FTE 7 v I B 20l 4
FRo

4.1, HERSRN B

ARSI NG ER4E PIE. WAKIE4E COIL20 DL A SCARKMHESE TDT2 Lidkir. fEASZIG, A
M PIE i 5 ik IUAS [F) X5 1) 11,554 MRIEME, EUE 4 #r3eh 32 x 32, AR5k KL F R R AEAN R L A1
FRARAL A6 R USSR COIL20 HHREX A S T 20 MORFEMAM EG (G ERS . #745), &1k 360
fE, 5 Bk E R, Rk ARIa 72 5B R, 20 NAREPIRNEE 1440 5KE R, EBK
/N9 32 x32; TDT2 AR AEIALE T 56 25, 10,021 NSRS, 7EiZEESE ARSI R L 1 AF28%0H K
T 10 MIREAH TR L5

4.2. SEHfT4R

TEARSZEG A, FATM PIE ¥E4E. COIL20 ZdESE. TDT2 L P ENLER K BRI, K
FIEUE ISR 2 3 10, S50 BT Hhik HOR OS2 ie RUR IR & TONEES X, XT84 KE, A hikisfr
20 IRBCFIME, TSREUEEF 7 22 HERG EE (AC) . IH— AL EAZ B (NMI). SEEGE5 U0 N 4% 2~4 .
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Table 2. Clustering experimental results on PIE database
2 2. PIE BUiEE EMVRE IR

K Accuracy/% Normalized Mutual Information/%

NMF CF LCCF GCF DCCFS NMF CF LCCF GCF DCCFS
2 69.27 73.23 74.85 78.23 80.45 70.13 72.23 73.34 74.48 75.46
3 65.45 72.62 73.75 78.65 81.75 63.30 65.46 67.73 70.94 73.73
4 63.51 71.72 73.24 77.37 78.27 66.17 65.73 67.43 71.66 73.47
5 62.34 73.16 75.68 76.82 79.34 65.89 67.66 67.56 72.83 75.84
6 61.29 74.35 76.76 79.46 81.83 60.54 63.46 65.25 69.63 74.57
7 59.47 71.47 72.36 76.84 78.23 61.29 63.56 66.72 68.47 77.37
8 59.81 72.72 74.59 75.52 78.73 58.00 62.41 65.34 66.84 75.43
9 59.62 74.48 76.97 75.36 78.81 60.02 63.00 65.63 66.47 73.75
10 58.68 71.46 72.39 74.46 77.49 58.46 62.26 64.76 65.27 74.33

Avg 62.16 72.80 7451 76.97 79.43 62.64 65.09 67.08 69.62 74.88

Table 3. Clustering experimental results on COIL20 database
3 3. COIL20 HiE R EBASIAR

K Accuracy/% Normalized Mutual Information/%
NMF CF LCCF GCF DCCFS NMF CF LCCF GCF DCCFS

2 88.20 88.73 90.37 91.84 94.35 68.50 71.01 74.06 79.66 82.45
3 76.68 78.35 83.27 84.72 92.74 60.67 63.09 68.24 75.61 78.27
4 71.60 72.05 77.95 82.05 89.23 65.12 66.26 70.18 76.69 79.66
5 69.92 70.34 73.09 78.59 86.72 63.32 67.55 7177 77.82 82.85
6 63.05 74.22 79.63 82.26 89.33 65.59 65.21 68.36 74.15 79.46
7 63.54 62.86 69.28 72.98 82.59 67.39 66.55 70.12 74.57 79.86
8 63.34 63.65 74.97 65.43 79.47 67.65 67.16 70.22 75.71 80.72
9 63.69 61.87 69.48 67.80 83.36 68.90 66.28 69.41 71.97 82.34
10 64.26 61.16 61.79 64.18 80.73 69.14 66.15 68.24 69.89 80.56

Avg 69.36 70.36 75.54 76.65 86.50 66.25 66.58 70.07 75.12 80.69

Table 4. Clustering experimental results on TDT2 database
% 4. TDT2 $iE R ER R ERMER

Accuracy/% Normalized Mutual Information/%
K NMF CF LCCF GCF DCCFS NMF CF LCCF GCF DCCFS
2 82.34 82.18 91.23 93.19 95.34 60.54 62.93 77.86 79.87 82.74
3 75.54 76.35 85.46 88.98 92.83 58.32 64.98 71.45 74.64 81.57
4 72.64 74.79 83.84 86.37 91.47 63.12 64.24 72.69 73.25 81.24
5 65.78 70.13 80.12 85.25 90.93 57.47 59.56 65.70 69.67 80.26
6 67.56 71.21 78.09 82.64 88.47 62.31 62.73 68.26 70.48 78.19
7 65.78 67.50 76.17 77.78 84.28 61.34 66.26 67.14 68.89 77.34
8 63.37 63.03 71.73 72.09 82.53 60.28 61.53 63.56 65.67 75.63
9 63.85 64.27 72.34 70.00 80.01 62.61 63.35 64.49 65.15 74.47
10 62.12 65.44 66.04 69.28 78.66 62.56 64.12 63.04 65.37 73.80

Avg 68.78 70.54 78.34 80.62 87.17 60.95 63.30 68.24 70.33 78.36
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4.3. EWERESKWE R

1) # 2~4 43504 PIE. COIL20. TDT2 =AM 4#a4E ERIERKSLE . & 2 HrLAE tH, DCCFS (1)
5 AC AT NMI ELFEAS ) CF 2351l 5 6.63%7F1 8.98%; Lt LCCF 43 i & ! 4.92%A11 7.8%; Lt GCF %
il i 2.46%A1 5.26%. M 3 MIZE 4 it REAS BISRULE A, 780 UiW] 1 DCCFS Bkt .

2) MWF 2~4 FTLAE Y, LCCF MREMERELLREAN) CF ki F, XJ&HIT LCCF RH T~
(R SEAR, CRAE Tt BRI JUART 4546 AR, DR L 26 it FE 3 HH 1) LCCF SR 2R RE#L CF LBk GCF £ LCCF
MREah b, AR T BRI, FNE T SOLRE, XU T AR R A 20 2= A LA 45815
B DR S BRI 5 2 B, ORFPRHIE 2 8] 1) LT S5 0015 B ARt Re sl ot R, R AE 7
IR 5 Rz R ae 71, RIGERE L LCCF B 47

3) AFEFZH ) DCCFS tt GCF (PR MERE L, FE R 2 DCCFS H &3 1 ##s fIhn2(5 B LA K
SO IR B E A 8 0 ) 1 52 PR AR B X AR 2515 SN 2 o, A5 s 4 s R vh & T R — 2R R A
A DA 5% B 25 (B g R — s b, R A TE I B SRR OE R T IR B, B T R KR
HRZEZGE S, JEE BRI L, FIELR, L, FIA L YaE0T LA a8 ke, L, ST Log R
TP s SR s 7 SE R, AR R TR, K.

4.4. BYIEE

ASCHEH ) DCCFS BIBAL S T WU o, A, 1, P, R TR B TR YA S5 i ke . 78
CDNMFS Bl o, 2 2 XHEEI S H, N7, REAH - HREMSE, Wa=2. BEPKREN
1<P<2, #%# 1=(0,1110,100,1000,2000) . =545 Fan 1~3 iR, ATLAMS RN 4518

91.5
88 \‘\\
84.5 e - —
81 .
Q775 il
< 74
70.5
==
63.5) | 258k
60 : : : :
10! 10° 10! )LIOZ 10° 10*
a =
(a) TDT2 database
84 : 86
81.6 ] 83.9
792, e 81.8
76.8 //,/ = 79.7
74.4 77.6
O 72 8 75.5
< 69.6 2734
67.2 i 71.3 -
64.87——CL 69.2) ==Lk
626-3 T 8tErs 67'; 2 SbEes
10! 10° 10! 1102 10° 10* 107 10° 10! /1102 103 104
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