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Abstract

With the progress of data collection technology, functional data with
infinite-dimensional and continuous characteristics have appeared. This
led to the exploration of functional data analysis methods, among which
the research on functional data clustering analysis methods has received
widespread attention. Most of the existing multivariate functional
clustering methods adopt the strategy of "fusing™ each monadic functional
data before clustering, which is difficult to mine the deep information
among variables. However, multi-perspective learning in the field of
machine learning has excellent aggregation performance and its cluster
analysis results are more comprehensive. In addition, non-negative matrix
factorization is widely used in the field of clustering because of its strong
interpretability and simple model solving methods. Some scholars
combine multi-view learning with non-negative matrix factorization to
carry out clustering research. Inspired by this, in the framework of
functional data analysis, this thesis uses non-negative matrix factorization
to combine multi-view learning with functional clustering, and proposes
two multi-view functional clustering algorithms, they are expected to
reveal the internal structure and characteristics of functional data
effectively, and bring new inspiration and thinking to the research in
related fields. The specific research content of this thesis as follows:

(1) A robust multi-view functional clustering algorithm based on
graph regularized non-negative matrix decomposition is constructed for
functional data with noise and outliers. This algorithm employed 1, ; norm
and introduced a graph Laplacian regularization terms to maintain the
intrinsic geometric structure of the data set and improve the performance
of the algorithm. Initially, an alternating iteration method was used to

optimize the objective function, providing an iterative updating solution
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algorithm and the algorithm flowchart. Subsequently, the convergence of
the algorithm was proven, and its computational complexity was
discussed. Experiments conducted on both randomly generated datasets
and the Growth dataset demonstrated that this method improves
clustering performance while exhibiting robustness. When applied to
identify the spatial layout of air quality monitoring stations in Beijing, the
results indicated that this method possesses certain practical significance.
(2) Aiming at the high dimensionality and large volume of functional
data, a robust co-orthogonal constraint multi-view functional clustering
algorithm is devised. The algorithm adopts the i1,, norm, the graph
regularization is introduced, the local geometric characteristics of the data
are considered, and the multi-view heterogeneous features are integrated.
At the same time, constraints are added to the non-negative matrix, and
the orthogonality of the representation matrix and the base matrix is used
to improve the clustering performance of the algorithm. The alternating
iterative method is used to optimize the model, the algorithm flow is
given, and the auxiliary function method is used to prove the convergence
of the algorithm. Experiments on the stochastic simulation dataset, the
Growth dataset and the TIMIT speech dataset show that the proposed
method can effectively improve the clustering performance. At the same
time, the practical application of meteorological data for administrative

divisions in Gansu Province shows that the method has good applicability.

Keywords: Functional clustering; Non-Negative Matrix Factorization;

Multi-view learning; Robust; Co-orthogonal
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Py 2L R B VORI, 12 EVEAURT LA R b R IR P9 302 6 3 T 5
BRAEAT BT, 0T LUE R HI 2R s Wang 25 (2023)12814%5 4 bR £ 74 %40
P AT RS2SR, 42 Bk AR SRS ] U O P 2 ST AR A, R S
& BT T SEUEREAT

(2)Z TR B R H L

TESCPRAGE R, R AU R B & 2 AN, R RBE R AR SR
FEL W KR AR EEEE RS A A R — Sk

3



BV EEYNE 2 T R DATS'S ST AR TR 0 ) 22 WA R B IR BT T 5 8

SEFRbR, B HAR AT 2 AR T, WL R R TR RSB AR R
Blo IREAE AT LRSI A A FISR S, A LUK 0 2 490 s AU HE . UK
W RKE, R AL eRBEEE . B TSR 74 . Singhal
1 Seborg(2010)#14 th £ T 8] 7 51 508 SR 8 50, T4 2 o e AT 28
i ATUE(2012) T T 2 AR AR AR BRI R K, VB A A BT
(132308 Jacques AT Preda(2014)1°M Funclust(2013)R04™ & 31 £ ot R $idk 47
BROMHIEMRF R SN BEJG Schmutz 25(2020)CH5% k47 T # R A 7T,
2 T funHDDC 5i%; leva 2(2013)B2¥ (L 5t 1) K-means LN H £ 70
PRECRE, 183 T AL T4 H; Yamamoto fil Hwang(2017)B342 Hi T
— P Z IR B R T IR, VR W M A AT S R 3 B R R R B s (]
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W, AEIE BN E AU Y R [N SRBCAERA A 45 5, ) DAAR B vy 28 HLAK B K 10 e 2507
K
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2 MEHIR

2.1 EAFERE S R

AR AR R 3 APV — TR R S i T v, el R ) B R A PR A R R R
GERCHE R R AR AS BICRFAE S [R] SR A R D B A B ik 4 P AH L
bR XA T AR CRFF R AR UME R [RIIN, E REE A RURAREOR 4L, 4%
THREHIHERAE -

GEAFBIEHEIEX = (z1,- -, 2,) € RO, NMF 5 7E4F 57 46 B8 46 FE X
A MICBRAR TAERE SRR, O8 1Pl NMF SR VERE, R AR ZE KT
ek Ok, R

. T2 _ _ Ty 2
pluin X —UVIE =) (X - UV, |3 (2.1)

Horr, BEHMEU e ROF, REGEEV € Rk,
MR SR T U (2. 1) AT SR A, RIS
(Xv)ij
Vi =Ygy,
(UTX),.

)

(UTUVT),,

=1

2.2)
Vij«— Vi

2.2 BTG FER S RATRHBIR A

BRI SR HT 5 T A N SRR B AW AN R i PI 28, H TOSes%
B PR B, P DA T8 O R SR AR PR SRS A b DA O R 3 it
BRI A P IRAN T B . 725 bR HOR SRR EE AT B, W URAE L&
HRE RSB MR T, FH N BEME D%, wiHs (2020)%
FERGUEIIBRE T, Y NMF SRS, K it A& i D SRS A5 R ) gk
17, R T ET SRR R B E(FNMF).
FNMF &AL R HE SR 4R
ggHY—QUVﬂﬁ+aM%UM1 (2.3)

Hrp, ofRIEWAEZSHL, DACRN Z0 3R, &2 B-FEAEEAERE, (|D.U(3

10
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PRSI R B I 045

f£ FNMF 1, X455 R BRI FEY, HaTHeu v RiRrs. b
PAJFR S FE R Y (1 SRR ) L e AL o 1 W RV ISR

) FH SFevk BB LK g X (2.3) A7 LA R B8 4 3

(YTRU) + (VA),
Vij«— Vi -
(YT@U), + (VAT), (2.4)

U« Uy (((@"®+aDfD,) ' #7Y) V)

He, A=vTyTeUu., HTA. ULIERZR, XHIFEVARMY eUHAZIE
FHRE N TR — R, REC R T7 AT B, At =L (A + AR
INIEEAEHE, SA = 1 (A - A)ER L xHE, AT E (YT eU) Al

(YTBU) Wi R I3 5 (0 R 2 AR S

2. 3BT HMAFINBTRHRIRA

AT B2 R B IR RE, BRIP4 %5 (2022)3% SBITE A A 2 ST 1
HESE T, B2 22 0 ok B8 38 2545 78 (Multivariate Functional Non-negative Matrix
Factorization, MFNMF). ZE A 7E AN EE 2 o0 s B A B, ANOCKEE A Rl F2 A
RBSBBAT T 5 — 13, AR T % — 7o s O Bl 10 BAME B AL [F A5
B P IREEE SRR A R — B, AR R SRAUR

MFNMF A FRRESE R

minz (HY;:: - @L!U’L"/;TH%‘ + a’uHVv - V*H?':‘ + BT‘HU’UH%)
v=1
st.V, 20, V]V, =I,V* >0

Hrp, WS 8o, BB SR B B AN A E, OHBENRES Z 7D

|V — V2 Z AT R 2 N T e a MR B, 5B U |12 N

WO, AR —dREY, WS, KA REER, FRIEEE S A 2 1A HAH

SRR, B R WA 7E SR I T o 1 TR A DA A
XF2(2.5) AT Rk, AT S

(2.5)

11
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(Y7®,U,)" +aV* +(V,T})
(Y1@,U,) + (V.Iy)
U, = ((el®, +51) @[V, V,

%%v

. (2.6)
>,V

V* = 11:71.1'
>y
v=1
:/H\:EP7 1-‘1.' — ‘/;)TY;?—‘(I.'UU’U + QVLTV*O
BT, USRZAERLAHR, AeefRiEEE v, T Y, e U M3ER . T
fife iz i) B, X AR FE AT R, AT, =1(T+T,) R, 1 IEH,
I; = L(0,| - D)FRD 5, HBHTE (v e,U,) RV B,U,) Hilis
it ) FRRE R 2 AR Bt

2. 4 SHBhRBUE

54 B oR B0V T A e 0 2 SR A ) 123 35, 891 5 vk TG b M i T
— M EE BB ), R S1S H bR R Bopk H 2w R AN RO EE I AR
s, TR ZE AR B A R E 8 A 72 B 203 75 22k Bl By R B0 E B R 1)
Weshtt:, BARRUL, F/FEIEIIGEIREGE LA RENRN SN, e A RIK
TEIRIEACH,  BhHZ AT SRR A A

BT M) R 4t B R A i S AH DG, B S R A AR B RO, R
PR B CSE BEATIE B, D Jim 2 N 9T 58 B4 7 =it

EX 2.1 AFx A

G(x,x") > F(x), G(z,z)= F(z)

HG (w2t Y2, TIFRHA% B H BREF () AR BN G (2,210

SIH 2.1 A F ()R BOEG (2, 2), WAL SRR

27 = arg min G(z, ") (2.7)

UERA HsE 2.1 A4S, 2ROk ALY

F(xtJrI) < G(ﬁ?t+1,$t) < G(ﬂ?t,ﬂit) — F(.’Et)
B, G (r ) REHAME R X I, BF) = Pat). BF@TS, H

12
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FE X B/NARIRNIESE, RIgF(2') =0, W@ I0Q.7)BEAT R H KM, W]
RS T F ()RR AIME 2100 = argming, F(2) 1751

Fomm) <--- < F@th) < P <. < F(2?) < F(zb) < F(aY)

B 5| B 2.1 15F

2.5 WIS

RSCHRET AR Z A bR B SR BRI 7122 2335, 681 Gk 3 A F F A
KPR RN . N I SRRV R AR BEAT /4
(1) RRAE
4l (Purity, PUR) i & 1 SRS BV B s IR 7 R BRI R FE
PUR = + ; max ek N 1] (2.8)
Hr, NRFEARE, aRBRERPENRNNFEARES, REIFEN P
G TINBIRERIES, (e, N 1 ERR RGP BB A 200 5 ARG 2 A2
T AE R RN o
VPN FRAR TS TR R R W B, IR T E A A
2L, BEAE 0 B 1 208, BUEBERREERL Rplhalg, RREREL
bR 5 R 70 T 38 T A R D
(2) TIHEE
RN E (Accuracy, ACC) e fiiT i | JEREE R P L 70 B FEAH = .

ACC = E2 T (2.9)

Hrh, KEERSE, e BB RPHEANBERIFERES, (2 ESLRNPEH A
FMBIFERES, o N GERRREREGR P AN LS FON 5 R p L 5
Ko

b E I T R R A R 5 S B — X — B R VRS RE I RUR,
HAH I EN IR R A S SRR E R LU, BUEJEEAE 0 3 1 2
), B e R SRS A BB 2 T 21 T A ) PRV T R 5

(3) =fEFa%

IR H(Rand Index, RIfi& | IR sl 2 A p) — AR, RO

13
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IPEARAE LIRS E R RS LR 5 — 2.

RI = %\b (2.10)

Horb, X EAEHAT RG2S BRI RS —FE, PR
AFSEAT Nas A WAEARFI A, WA IAEA T Zt b KR BIREAST 2t
Rey

ZIERRHIIUEEE-L B 1 2, HEOY 1, MIREEL e 8, E
N O BEMAERIYLIYS, -1 R e

14
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3 B TEIENHIESER SRR EES A RBYBIRKEE

N T G i BRSO AR v R R S AR ) R, AN TR T AR U R A, R
ZA T MR BB TR S AE D, Fe b — R T B I WA AR SRR R i 1
otk 2 ML A R B BB 2R 55 (Robust: Graph-regularized for Multi-View Functional
Clustering Algorithm, RMNMFFC), 1% 55 A % e Fl 7 o (5 BA S # v,
W8T R 1) R T UATRRE, RO A R m R R RE

3.1 R

IS AR TR SRR R e BOR B, ER T A0 T Ji IR K A A M R S
B, TFRER NMF ABAG &L, 2 SRBRRERAMER . DIFTIER, =3
5T AR BT DU AR m A (Y B, I Guan %5 (2019) O H 1 A KR
PR, RAZURRBEE & TR B, Peng 45 (2020)17HR FH 4L 15 56
F 45 2% R BRI e AR R RS, R AR T T RRIE R T ST A
RO E R AR (2023) AR T B & RO RR AR U B A R SR R
%, HR M JEBER s R B

BEAh, BT NMF fEXH R 3T R S Z2MBIR &R R, Tk Rer
FHAE AR AR DG . ok, AUt E e VET RS INEE, &K
REETREAR R UME, i R R U S5 R, BRI NMF PERE. Cai
F5(2011)M245 5 NMF AR 2 T8R4 T IR 57U R 43 fif 500 (GNMIF) s
Li %5(2017)M302 th 44 2 B IE AR JE 57U B 23 A (GNLMP) I 705 12 VE A SE
LT HAR I EE ML, 38 B 7E A B R S U AR B (R 254, gk 4
THT 1t 45 < B0 ) N FERFAIE s R0 207 55 (2022)3 15 7 — b o P IE U AL
NMF 53k, ZEEAMGIN TR R, 17 HAEAE BRI R B i B 7 7K
fERARALE R R, A AT I SRR RE

BT EREK, AEEGREEEE, ETIEMFEESE, SE2 Mm%
3, B R IR b 2 A0 A eR U 225 U7 (Robust: Graph-regularized for
Multi-View Functional Clustering Algorithm, RMNMFFC). %%RHE LKl 30

B, g EMREEEEASEN, SIABIEN, 7805 B E0E 1 R LAk

15
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ik, Bl ML A SRR -

3.2 BHRE

By, Yo, Yo YRR A e, MLA B, Y, e RYVMERIREE o ML
i, He =123 nyo XTRMLAKEBEIEY, & A 68 EHWINEI ),
HEHMAENY, ~ ,4,, HLhd, e RETEILIERE, A, € RUN5E4 U E 2k
2 MEFRRBERE . BRI NMF K RBOERE A, N P AR R 1
T, WY, ~@,U,V, . HHU, c ROCHE MBI EE, V] e RN
TR WETINE st =y

KSR AR I 1y YK, PRARASE R ST e 75 R S (B K o, DU R
Y IR ENAL, TER RS R, R 0 R A BN, B A
) JUART 25 R 7E I i 4 25 (R Y, o0 A B 4 25 1RV, R A BE 4k 20 %F . RMNMIFFC 55
1) B AR AR R

n
o (1 A ‘
&ﬂéé}{yﬁz—éﬂhﬂf2J+§wﬁf1wKJ+aNUm%} 3.1)

st. Uy, >0, V, >0
Horp, ANIEMASE, o, NS H. L, = D, - W, 5 & $ 8 fE 1%,
W, = (IVLLJ)%*H/fu%EIZi’ D, = (Duj)y‘j;g%E]z?’ HD'(:jj = ZiI‘Vvij’

W — 1 Yui € Nk(yﬂj) or Yuj S Nk(yu)
w 0 otherwise

Hor, Ni(yo) BRI SR G R RIE AR, Bt X — e M REA S
RABILFE A 50 AEIRXHBAE T, AR EA L 2 18] 1B B E SN

m
d (y'vf-. y*uj) = J Z(Uth - ye:tj)z

t=1
IENALIR = Str(V," L, V,) AT EAFEARYE R TR il oy OR B o M gy, B AR ALLRFAE
FIRHERAE S, AR RS i H R oR B S AR SR RE

16
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3. 3 RIBE*

3. 3.1 KRR

T Lo TSR ARG I 1, DRI TT DL DAk 1 R (3. 2) 20 1A LA 7 1] A
R 43 TR I TR S B AR T iR A AT BTSRRI 78, W RIAT
H, =Y, — ®,U,V, 2,
=tr[(Y, - @,U.V,)) G, (Y, - 2, U.V,])] (3.2)
=u[v/aY, -2v/ G2, UV, + VU #[G,2.U V]
Hf, Gy = diag {gui1, guo2s -+ Gudya, } € RN BT 45 0 NS BRI F 56 R
X i 2 _E S E SUR
1

Guii = 71 v i=1327"'1dt’ (33)
el

Hr, el = (evir, vz, cvin) T & LA N HERE B AT TE U 21 1) B
E, =Y, — Q'UUU‘/*UT = (eql)'- 821 e edv)T (34)
Q)EHU MV, FEEG,, KTFUMVITREA

o1
in o {Hy + Mr(V LoV,) + 200U | 7.}

(3.5)
st. U,=>0, V, 20
Hohrks BAH 0N :
1 .
=-1Hy / TL’U v 20, || Uy :
—tr(AU) — tr(T, V)
Hrr, A, TR KA, > oMV, > ofJhits B H e 13 RE . 1S3
(‘)Hv T T T
= 2BIG YLV, + 281G, U]V, (3.7)
OH, ’ -
V. - _21/; G?)@'UUU + 2-‘/'YUU,_| Qy G?)(I.'{}U?J (38)
LUK T, 246 =0, B
0L, T T T
U = —‘I’,” G-”Y—UV:; + 'I).U G'U‘I)uU?;‘fq; V; + CK-,;U?,- - A?: =0
T
A, = @?GQ(I'LUL"/;T‘/U + o, U, — ‘I)ZGLYUVZ (39)

AU, >0, BN EAE 2R, Kk KKT &4:A, © U, = 0i%or, BRI

17



BV EEYNE 2 T R DATS'S ST AR TR 2 i ) 22 LA R B SR

HIEI TS R

(‘I)gG?J‘I’n[LJ‘ff‘/w + Uy — @36‘1,1’})%) ;i © U?’ij =0

ij
Hrr, @y Hadamard #2. R, U HEH NN

(@G, Y, V,)i
(‘I’UTGU‘I’?; U, ‘/;T-‘/i- + a-nu))ij

CEFVRING, 4% —0, 35

g‘ﬁfl =-Y,/G,®,U, + V,U/®,G,®,U, + ALV, — T, =0

Uyij +— Uyij

r, =V,ule!G,®,U, + \LV, - Y,/ G,®,U,
FERLIRV, > 013 KKT 4T, © V, = 0L, B 2
(V.U; ,Go®,U, + ALV, ~ Y,/ G,®,U,),; © V5 =0
PRt VL EEET RN

(Y G2, U, + AW, V,)
(VUI®IG,@,U,),; + AD,V,

(2) BHG,. FEUMV,. FIHAXEBI)MR(BL)EHG, -

Viij <— Viij

3.3.2 SR

(3.10)

(3.11)

(3.12)

Wit 331 KRR HENREFU, . VNG, 7T LSRR DA i

(3.1), ZFIRAHEMABIRUT Fhos.

&k 3.1 RMNMFFC &35

SN BUGHAREREY,, HEREMES,, ERSEN. WS M, MK IR
4 it R B 4 Ly
HEAIRERUIRIVY, [ 4G, = I,
for t = 1,2, B K HHEAR AL
for v=1,2,---.n,
[V VG, R (3100 E HU L
EEULRMG, !, HRERG12)EH V)
EE USRIV, 3503 .3) MG EHGE;

end for

if 3. s
10: break
I1:  endif

12: end for
it UL, VIRIGE, ER%InC ={C,Cy--- ,Ck}

18
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3. 3. 3 BRI 4 HERR

KHI S =1 B R EORAE B EYE 3.1 Bt .
XFEE 3.1, B RIS
¥ 31 VEEG,, NE
in % [H, + Me(VIL,V,) + 200U |3)
st. Up,>0, V, >0
RO B H (R 3.10); (QFEIEG,, UK H M (L(3.10) T,
H A s % (20(3.2)) /2 AR )
%ii’ %G’u’ I)_I\IJ
Imn%{H@+MﬂVfLJ@+QaAUN%}

u,,v,
st. Uy,>0, V, >0

e AR AR IR R . 7E b3 3 (R 2X(3.20)) ) 3R At dod R o T BAGIE B 52
3.1 5518 (1) AT

RIEIIH 2.1, FTEME - DEEHH B RECRIEEH 3.1 45i82), B

TIE B H A ek 20(30(3.0)) 7R 45 52 10 B8 B B0 (X(3.10) 1 3K (3.12)) T /2 AR 1) .

B, BERORE el B s B IE Dy 3, BEMIE ] E B 3.1 A ZE12(2).
Rl 3.1 BOE MBI B SR BN F, U

G (U, Ulyj) =Fu,.; (Uly) + Fu,,; (U )(Uv Uyij)

vij vij
_ | 3.13
(@1G.2UVIV,), (U, - U;”) (3.13)
Ut
Ui

UL AF & o8 Ay, (U,) 1 4 B eR B, HoW 2 2% 1 G(ULL UL) = Ry, (U) I

G(U,, Ut) > Fy,, (U)o i, Fy,,, (U,)38 12 A br ek (30(3.0)) F A KU, 1B
b

ER WA, ATRAHIEG(U,,U,) = Fu,,, (U)o RABFBIRE)E X, E/FIUE
Ha(,, Uul;) = Fu,,; o I, HA(3. 13)'5FU1]( ITEU, —U”JQEI/JZ?EJ%}F
7

! 1 "
FU (U ) FU (UU:;j) + FU;.,'J- (U? zg)(U — Ui ) + _F{]v;{j (U? u)(U - U, u)

11_‘, 2

vij

BEAT AL, TR A R /5 AR

19
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(@G, @ UV V), +auls 1, 1 1
U, t = § Uyij = 5 ((I';J;GL@U)“ (‘/;;TVU)JJ + §O£«U
Vij

SRR, [N
(2, G2, UV, V,),. + (U,);;
K
Z ( ‘I’TG”@ Uu (‘[(T‘/;‘)kd, + (a'b'l—j”)i.j)
k=
(@TG@ U,y (VIVA)  + auUs

= Un ij (éz—Gu@w)ii (%T‘/;;)jj + aq;Uuéj

FIrA

1> UL (R1G®), (VI + Ul

LU

R T 5 R B (0) B B B BOR R G0, U)o BTSR(3.13) TE A B 4
Fu,,, (U R B R £

B TR E L 3.1 IR () TR, RSP IRINT

KRBA)F MG, U HRAR(R.T), W7

(@G, Y, V,)ij
(‘ch'i.r@-ej U, ‘/gT‘/v + a,Uy, )ij

U, = arcrn{}mG(U Um) U.ij

vij

NG (U, Uty 2 BBy, (U) AR BD R B, BT AR R 51 EE 2.1 W49 bR 3
Fy,,, (U)FEFF RN (30(3.10)) T 2R/ . I, EPE 3.1 K458 (2)1F1iE.

WRIEARF B J739%,  FBATHE Ry, (V) E R RN (3K (3.12)) T2 3R 1y,
i, UEEH T EYER 3. it

3.3. 4 HEHERE N

#2118 RMNMFFC B0ERITHRE AT, &R 5T T ik ik
B, KRIGNEL nZONEL no ML mRRHEEE . K B-FE AR R
B @ e RHERE,  poy B-FEAR IR E R .

RMNMFFC BLEHTHR B RS T U, V.G, =4 J7:

Q) BhARMNUBITHERLEREIN . S TU, (v=1,2,--n,) K H (X
(3.10)), HRAEFEFEIFIEMN, W LMF R HAFHEEREHOMIK? + K), W Fin,

20
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MR R ITHEE R NO(n, (nlK? + K)o

(2) BTk, BB MVITTREERE. £V, (v =12, n,) EFHE
(X (3.12)), KM REFIVEW B HEMM, w7 LS B Kb E SRR
O(nmpK +m?K), HBER|FHEE Fin NEE, FILEHin, AN LA HE R
FE RO (ny (nmpK + m2K))o

Q) At G, . BiEREI)MA(B4), TUEIN TG, MEH, 200
LR TG, B AL E W EE RO, (nmpK))o

2 LTk, RMNMFFC BEEA Pt E G, HBEKTHEEHEN

O(tny(nmpK + m?K))o

3. 4 FRHU T H

S BEA A E R S AT Growth B & REAT R, FHBLERI & 3.1
[PIPERE, LSRN A BT (Purity) 2R K5 FE (Accuracy) F 22 fEF 2 (R1) #EAT R 2R &%
RV, LIARRE R ES, LWRMIHHENIE): Intel F% i5-12500H
2.50GHz, {7 4GB, Windows10 64 i/ R4t .

3.4.1 HiiEEE

(1) BEHUE IR
H% Jacques AT Preda(2014)29 ) 5 ik s IR INAE K T PRALE & = AASHZE
A R EOR R A . CEA IR AR, il ik FH = A R BBORN 22 T R B AT 2
PR G, WROREE 1) 2 REER R I, ¢ T REER I B A B, WE 3.1 itk
b, BRI SO R S E T
t

21 A
X (t) = Y +t + kUjcos (klf_o) + kUysin (R + E) + €(t)

21 [t t t\* ot
Xo(t) = -5 +t+ kUsin (kﬁ) + kUscos (k + 1—0) + kUs ((1—0) + 10 + 1) +€(t)

Hor, U ABENLAR R, HUi~N(1L,1), i=1,2,3; &(t) REBHS, RAN(0OIL)
o)Ay JEEL 1. 3. SONTEIRE, RoORRAEURES 3ANH, A BENA R
50 % Hh4k; ¢ €[1,21], &+ 1001 NEEIE RN, B ={1,1.02,1.04,-+-+-+,21} .
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e - 8

w — 8_

=N [ -

- g

0_

5 o _| L g
rrrrrrrrrrerrrrrrrrrid 4 rrrrrrrrrrrerrirrTTrTTrerT
13 5 7 9 11 13 15 17 18 21 1.3 5 7 9 1 13 15 17 18 21

& i

2 o |

o

o — il

g ]&

o P (e Yo Vg, o

Y R o e
rrrrrrrrrrerr el ! rrrrrrrrrrrrrrr T Trerd
13 5 7 9 11 13 15 17 19 21 1 3 5 7 9 1 13 15 17 19 21

[

o~

<
o g -
L=
o
- 3
o
8
& -

=

! rrrrrrrrrrrerrtrTrTriTrerT
13 5 7 9 11 13 15 17 19 21 1.3 5 7 9 1M 13 15 17 18 21

@)X (1) (b) X ()

A 3.1 FENLEMEE

(2) Growth % #E4
Growth ZEEEXILR T 54 4 %M 39 L B ZE S & EdE, H¥ 1 27 18
B 3L A B . HdEh 26w 3.2 A

200

180
|

140
|

100
|

80

() Jaah & (b) 3 A i £
K 3.2 Growth ¥#E

@ Growth $#i k5T Berkeley Growth Study data in fda: Functional Data Analysis(https:/rdrr.io/cran/fda/man/growth.html),
L oot B R A M R AT SRR S B T (2 5
22



BV EEYNE 2 T R DATS'S ST AR TR 0 ) 22 WA R B IR BT T 5 8

3.4.2 BBURESXILFE

FERIMRSHBE N T OXNTE 3.1 BN SR, BE MMk
n, =2, KHBK =3; OFTE 3.2 1) Growth $IE4E, WM AL, =2, FE
FINHK = 2; OB E TERHE LI I 72 b B0 BA MR RAUE , BRI
ZHa, = 5 OEME LN, KA B-FEAIE NI, BIEXT B-FE ok AR A=
RIVREE,  F R b Ze i) I R L EAT 1T . @A 200 K.

AR S (%] B FFKM(Yamamoto 25, 2014)%81. Funclust(Jacques
5, 2013)BUFN funHDDC(Julien %5, 2014)2%1,

3. 4.3 SRR

Z S S HON BRI RS2, 433 B ={0.01,0.1,1,10,100}, 7EFEHLIE
FUEHE AN Growth 4 4 7 AI3EAT SRR, BRI b g B LA 3.3:

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,

(a) FEAUBLALL (b) Growth %54
& 3.3 HSEOSREMERRXR

W 3.3 ATLLA th, (EBEHLBUDURSER Growth MU 1 Sei s R
W: RGN TS HAOELABIE, FHRE Growth K 1, JLRM L
A MR 35785 50T T RMNMEFC A2 5O AT H Gty e
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3.4. 4 BALWHER

TEBE ML 24 UL &2 Growth %4 b, FIH BiRAH RS Hik e, Xk
FFKM. Funclust f1 funHDDC 5 RMNMFFC [{J53MEfE. BRIPN 45 RanE
3.1 FIK 3.2 iR

T LU funHDDC ZE 3877 Vid 72K 58 BRI 0775 (8] AU 0T 8% 2 AT B, L
A 6 AT L Schmutz %5 (2020)BUIHEIR), %5745 FAEXT 6 AT
TR A A . R 3.1 M3k 3.2 AR IR LAt ok

F 3.1 BENUEIIBER E KRRV 55 R E R EE)

P AR FIalifE AN EE R
REEE (Purity) (Accuracy) (RI)
FFKM 0.33 +0.0080 0.32+0.0014 0.55 +0.0071
Funclust 0.49 +0.0531 0.36 + 0.0433 0.50 +0.0736
funHDDC 0.58 +0.0507 0.42 +0.0435 0.61 £0.0471
RMNMFFC 0.62 +0.0939 0.46 + 0.0863 0.63 £ 0.0729
# 3.2 Growth RN RRINERIEARHEE)
AN TR bR WAl fE RIHERE =R
RHBHE (Purity) (Accuracy) (RI)
FFKM 0.66 = 0.0023 0.53 +0.0015 0.56 + 0.0032
Funclust 0.63 £ 0.0379 0.55 = 0.0370 0.55 +0.0487
funHDDC 0.60 £ 0.0547 0.52 +0.0893 0.53 +£0.0788
RMNMFFC 0.72 £ 0.0105 0.60 = 0.0084 0.59 + 0.0087

®3IME 32 ML IREY], A=K R ., RMNMFFC 52
45 BT FFKM. Funclust A funHDDC. PElt, 7S HH A RMNMFFC 5033
AT HE Tk Re .

AT BEEMEURGE RMNMFFC H%/E Growth $idl4E b R4 (3R bk
RE, TR AR 2R Rt — AP IR DU P R R VA LE Growth 4R 8 PN 45 5L
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0.8
FFKM
Funclust
FunlbnC
RMNMFFC

1l

0.7 -

0.6 F ﬁ =
0.5 = 3

L
HEEH
—]
b
HEE
1

0.3 L . : L
Ace Purity RI

3.4 Growth $#E RV 4 R ER

K 3.4 Fa AR RMNMFFC SyER SRSV g R, MBI aT BTG I
W 6T =R R RN 38 65, RMNMFFEC vk daEs T 5 = h v ia B if
(1R e

3.5 SEf A th— UL R 2 S R E IS = R 9

¥ RMNMFFC 5L N T st iis g/ Nk EuE, B e EL RE 0t
X BEAT A3 A5 DNl s AT R 2y, AT 8 5 3l B AT SRR ALE T WY 1%
TRAE SERR N P BB

PR 9 A6 5 17 2R 458 W5 I Hp 0> (http://www.bjmemc.com.cn/) 23 A7 3, b sl
A 35 A E I AL B v IURRAY, B R BARSE k A S A B
N 3.3 Fis.

* 3.3 ERmESARENN S22 %R R

S| | AR Gi | WhAAETR G | Wi ABTR
EH |5 | (BEEALR) 5| (B A 5| (B4R

1 R 9 A L (4 ) 17 | WS
(116.42, 39.93) (116.21, 40.00) (116.66, 40.13)

2 Riz 10 | £H5 1k 18 | & FH
(116.41, 39.89) (116.28, 39.86) (116.23, 40.22)
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Y PN e = VAT

ST AR SRR S Ak 14 2 WL A R B R SR BRI T S M

%% 3.3
A & i AR £ ik AR n | U AR
K5 5 (B Lh AL FT) 51 (B EALFR) T | (BLEAER)
3 Py, i | &K 1o | BTk
(116.34, 39.93) (116.15, 39.82) (116.11, 39.94)
4 Nk dri= 12 G o | FHHE
(116.35, 39.88) (116.18,39.91) (117.10, 40.14)
B 1 AN M | BE:
. (116.40, 39.98) (116.14, 39.74) 116.63, 40.33
541 N ( )
. 6 A FRIH 14 B AT (OR% 22 | wmaH
=
(116.46, 39.94) (116.40, 39.72) (116.83, 40.37)
T HRE TN 15| JRE 23| HEGERR)
(116.29, 39.99) (116.51, 39.80) (115.97, 40.45)
8 | gemwix 161 s ks
(116.17, 40.09) (116.66 39.89)

e LR A PASrY 3 KRR EF) o (e
X | 24 ( ?) 26 ( 28 )
N (115.99, 40.37) (117.12, 40.10) (116.30, 39.52)
5 A N N o

mARdL R it
I 25 27 29
(116.91, 40.50) (116.78,39.71) (116.00, 39.58)
e AT FEE] ZR VU R
AZIETG | 30 32 34
o 116.40, 39.90 116.35, 39.95 116.48, 39.94
e s i ( b ) ( 033 ) ( )
FKE] =3
j= 31 33
(116.39, 39.88) (116.37, 39.86)
Ik 1T )
. ) JE P
A | 35
= (116.22, 40.29)

ME ISR 5T 35 /Nt 2018 4F 1 H 1 H 4 20184 12 H 31 HI¥ 6
T K05 Ge /N ik BEHOHE . B4R — AR (CO) . AL A(SO2) . AL A
(NO2) HHTHBURA (PM1o H1 PMos) 5L % (O3) . TEHEATHETALFRRT, & SE kAT
S AR, RO AR R R TSR RS AT R AN, SRAE R 1Y
seEE s BJREACNHTIEEE, R TR ELL .

AR 5, LAEE T RST5 R S BO A EL, X 34 AN Bk s
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ST AR SRR S Ak 14 2 WL A R B R SR BRI T S M

(BRI S (ERR)) M RMNMFFC Skt 28000, SR B-FEZ
VERFRN HH & AT G W E 200 AL, 100 R RS EERTS
B, B, = §(v =12, , 6): DLHR N b R r) R AE ARRAE, BUR R
K = 3R RBAR .

* 34 TE4HE R 7 A RMNMFFRC 5250 34 /> el s e et I 28101 6 i
VR P B R EAT R AT S5 2R

% 3.4 RMNMFFC BERRER

el PSP S
K 1RM 2 K42 3VME T 4 SATEE 5 BTG 6 RIEME 7HEN

?”di
R

i
[1]

AbHIHIX 10 FEEHHE 11 =K 1289 13R 2 148K 15J5F 163
17 M SCHT, 19 AUA 20 P48 26 HT7R

9Fr Il 18 B FHL 21 MR 22 % =81 23 E 0 24 5(vdb 25 AL

27 /T4 28 1UFG 29 HIVURE 30 Wil 31KE] 32 FH ] 33 = 34 HRPYFR

SRR Bl

B R ArCGIS 10.2 JRR B4 RN, H1EE 3.5 frs.
\ A
o == ML .
o .
A/ﬂ 23 P ?7 < *5 '7
* ) 4 :
=1 *H N 21 § + pe p
e S .
crﬁ * il < )
...... S - . B .
i~ B ﬁ\uﬂ? ‘/
/ Vy - “IL!I)"J ;5 FLI ;ﬁk‘ﬂj
\“i‘ ) . | : i
by 3 * BIR
- o
e e ke » N
- £ \\,74‘; 9 0o 5 10 %5 5 -

A 3.5 RMNMFFC BiEER R4 R385 E
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Kl 3.5 XRHET RMNMFFC Sk TR 25 B A s Al 5t v 7 05 B M sl
a1 i < P = B | o 3 S D ey i | o e ) b s A vt s T
il & 3.3 PIIRATIREVEN AR (1-23) KR/ T RAB R E—KER 9 5
“Fi7. 185 BT, 21 5 “URELY. 22 5 “HE BT, 23 5 “EHEY
&5 ANl R), BN, AT AT RSN X, RRAIRNEE RS
T A XY Skt s, HaAEIL s i mshE, b 2330 LA e 0 i 0 X
fEE; # 3.3 A 2SS Yedm 5 (30-34) AL T BB 4 R 5 =2, @it
Kl 3.5, W] LR ILIX L W sl s A AL T AL st i i L IR X, X BN %, B
K, ZEREWMAR, MHRHAE MR, KL, S&dbniia s nE
WDk A, AT RUR I BRI EE 38, B IS = 3R AR I T IR
BE VPN fL IXHCHS SR e DL R AE Gl S G R . SR B & R BOR,
RMNMFFC £ TR il 2% 5 5 M 00l s FR) 20 T AT Jeg 7 T Y s H R s P A, AT
DA 2884 7~ il 1B B 2 (R 23 A WA, T At s A Jm B B

3.6 BE/NG

AEHR K RMNMFFC 503, 2 —Fpai & 1 B ACRTEE 508 o fidd S8 AR
2 WA R O SRR B o S ] S M A i 1 TEBOR E AR R B,
ARGR G ERRLETRE T, A B IR N AR (AR B B e 5
AR B A6 27 (A S5 4, BRI TH SRR . 72 SR IR B 2 B R HriiE B 1 B892
£ BA G VR R RN 7T DA i SRR RE s ARt = Ui E 0 b i s i) 5
R W2 I AE AR R S B il LA (14 S FH A1
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4 BTEOERSBRNESENEX SN ARBBREHZ

BEO R BB B e B R e, AT T AR UAERE R, B T8
M WUIE 22 £ AR R B 5 2K 5738 (Robust Multi-View Functional Clustering
Algorithm with Co-orthogonal constraints, RMNMFFC-CC). % %4 & E %
FEor AN Z A 5 ), R o JEH, WP P A0 S 8 (H B &R Sl NEIIEN
W, SR BRI B JUTRRAE , SRR WA SRR AR s R ) 2005 o A0 R o
RIIESSPE, ek SR A A4 Y R 32 5 SR 2R IR e

4.1 [B)ERRA

b AL AR R TR, AR BIHE (0 4R 2 5 R B IEAEZRETY K, SULH
PEVEA MRS . T B R EE, FETREEm ks T AT O,
WM (PCANTA, AT 8B (ICA)SE, XS AR A, JEfAES
fE(NMF) BT H A A B m SR R g, E2MAREREEZ TN,

HIR NMF A LAL B i R0, A SRR ML AR 5 52 B BT 4 At (0 6 A
RGN A BRI . T I TR EM AR R, — N EARM
J7 RSRAEAL G0 NMF I ZY SR . AR FUE, 76 NMF SN2y 5 ny
DI 3 EH S H OAHER 4 . Ding 25(2006)"8145 T NMF. #LEZE NMF. XU
IEZE NMF HES, 45 HOBUIE 22 2 30 (1 1 mT DLAR i SR 2B AR s Wang 55
(2016)U771FE “7 $ % 2] PR B T A T I B R R T DUBE AT RN R 26 Wang AF
(2018)IBIEE T NMF, ZEAT Z WA B W 7T, AR FH IE A i i i /40
KPS0 B2 e Yang 25 (2020)4495E T2 IR BHHE U RE 0 8, 3R T
XOUTE B2 24 TR 1 2 M B O D A O Al 475 B 3 % (SGNIMIF), B TR R X 38
P, P T RIERE; Liang %5(2020)S17E phIERE 1, $RH T — R EA RUEAZ L)
W) NMF BE(NMF-CC), 15500 I FH kR S 1 2 7 66 RO 1) 1E A8 PR R AT B4,
MM R B EMERE; Li 25(2021)10E T NMF, 21 7 — 2 B it B 1 U

NMF 53X IEAZ )3 (SDGNMF-BO), S35 i H) R #B R s
BT EiRF KR, AEETFIEGMHEIES M, FBSRBEE, = 7 —FH

122 WA eR B TR R AR, BV UIE 52 22 W0 A R 0 R 2 550925 (Robusst. Multi-
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View Functional Clustering Algorithm with co-orthogonal constraints, RMNMFFC-
CC). HEZEL X MM, KM b JuBUE IR, HAEENE: 5IA
BIENIAE, 25 RE B iR LT R AR, R R LA A A RFAIE s[RI R RonJE
0 0 e R Py L A2 P A T 38 A U P A P [ P 2 v BR 2R e

4.2 BERE

By, Yo, Yo YRR A n MLA I EHE, Y, e RVTERIREE o ML
i, Hhv=1,2,3 nyo X TR IR IGEIE Y, & A BE BN 21,
Bk, RAFERE S R ER KRB S AY, ~ ®,A4,, Hh®, e RWTE A
Fe, A, € ROYSEAIRE #2220 22 7 ) R BOE . 3E— DA NMF 35 2%
FRE A7 AR I MR FE R SRAR, Bl A, ~ U, VT S

g b, AT LR R IR B A R v 1 R R

Y, ~ ®,U, V]

Hr, U, e RO MM ERRE, VI e RENE ML IR KT R
K

SERI RN 1o JEH, RIS TR 500 M 5 R e B (B IR 2], DA R ABE Y
HIE e I NRERRZIENIAE, AR B R B A AR e 4 23 1) Y, TP AR AR
) UART &5 K LEHE I 23 At J T e DR AE AR AE R TR Vo Hb s SRR R U, LR W7 Tt i 3
IEAEZIH,  ORUE B2 AE 0 o 24 KU B4 DI AL K A IR 4TS BE 3R AT B8 4 1) 2 2R 4k
HE .

B IEAT Z A0 R B SRR BRI H AR B BT AR N

fnin Zl {IY, = 2,UV, |21 + Mz (V,[ L, V,)

i 4.1
+aUﬁEUﬂ—uUﬂﬁﬂ%+$Wﬂf*I%} @

st. U, >0,V, >0,%
H, VAEWAZE, op TS 1R - TELEN 1 K5 HE.
L, = W, - W AR RE, W, = (W, AARUUERE, W, AR, P
FRN

Wi — 1 Yui € Nk(yﬂj) or Yy; € Nk(yu)
w 0 otherwise
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~

W, = ding ([£ w5 wn]

ERIRRI AT, SR O-1 ABUAENS , Ny(yo,) FEm S0 M HLAE 050 51
AMIREAR, B8 T 5 HE Ay B S BT R AR . (F R B AR 2 )
B U

m
d (y'vf-. y*uj) = J Z(Uth - ye:tj)z

t=1

R@DH, H— TR o8, PHRBR SR 58 W08 IR,
A DAAEARYE R 75 0 oy 0 OR B o A A AR URFALE (K R AE 2, AT KRR vy R
ANRE ST RIS RE s 26 = TN 28 o ML B U, JE DN R IEAZ 200K, X 3690
B 2 e R AT 22 20 AT S N () 3 7 RE R I S A R S P s S DY T
R o ML B SARRAERE VL I IEAZ 200K, KA A 1 1 8 22 B

4. 3 RIBEE

4.3.1 ALK

T RACHAI@E.L), RICEEHHA, BILEGR AL B [ i [ 2 3
fibAs . o T AR AR TR F AR ARSI, A1 BT 5 o LA A
S EH AR, Vo BUEA.0) 15 8 ST AR AL

Ly =[Y, = @,U,V, |21 + Atr (V) L, V,)
+a (1'US UL -1 (USU) + SV = 111}

T, BRI 1, AT AR A LR () BN LA TR, AR5 5

TP ek T i AR U T R AL

ALy = (L), + A(L2), + o (Ls), + & (La),, Firh

(4.2)

2 v
(Ll)y = ||Y;' - ‘I'L'Uu‘/UTHQJ
Ly), =tr (VI'L,V,
(L), = (VILV) w3
(L), = (1'U, U1 —tr (U, U,))
(L), = VoV, = 1|3

NBETERL, id
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(Ll)v = ‘Y;! - ¢1)U1)V;)T||2,1
=tr [(Y, - ®,U,V,)) G,(Y, — ®,U, V)]
=tr [Y“-L‘TGU}IU - QK?“G'U‘I,’UU’U‘/;F + ‘/'U U?T‘I)EG'U‘I)'UUU K;T]

:/H\:EP y Gy = dia’g {9-1)111971227 T :gvdvd”} € R{l"Xd“'xEéXﬂLF_‘?a:%?f/l\i%ﬁ EI@X#%%E%,
X4 B IUE LA
1
Guii = 71 v i=1327"'1dt’ (44)
et

Horb, el = (evits vz, evin) T 2 LA R HERE BB SR AT TR LA 51 1)

E, =Y, ®&,UV! = (e}), e, .. ,egfv)T (4.5)
W@ 2Pk B H R ECh L, WE
Ev = Lv - AUUE - I‘v‘/@T
T KKT 444
A'r; Q Uy =0 (46)
Ft: © V;J =0
Hrh, ©J) Hadamard f1. fEMCERE b, KOS EIEMEU,, V, 3047 555 R f#,
FLARSR A 1) S U R

(1) %GU!‘/’U’ *UUO
T3S L )7 R AT R T, dAR G R is 5, "R

a(Ly), ou|YIGY,-2v]G.e,U V] + VU olG,®,UV,/]|
ou, U,
=-28'G,Y,V, +20!Gg,®,U, V'V,

KA (La), A S (Ly) GBS T UL, BT

8 (L2)1:
ou,

d(Ls), 00TUIUL - (UTU,))
ou, oUy
o 1TUlU,1 - U'U,|
- Uy
o M1TUTU, - UT'U,]
- Uy
=2Ul117 - 2U,

0 (L4)1:
v,

=0

=0

LRI 45
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oL, 8(L) 9(Ls), , O(Ls), N 1o (L),
ou, U, ou, ou, ' 2 U,
=-20/'G,Y,V, + 28! G,®,U, V)V, + 22U 11" — 20U, — A, (4.7)

=2 (égG*::@'!)Ua,’WTW; + QUE]-]-T - Qqu:K:‘/‘;) - aUu) - A'r)

U+A

Ay

A, =2(®lG,2,UV]V, +oU 11" - ]G, Y,V, - aU,)  (4.8)
“Za@.6)fMX4.8), H
(®/ G, @, U, V)V, +aU11" - ]G, Y,V, - aU,) ©A, =0
MR 2, S A XN

‘I’IGU%% + alU,

Uw'j — Uvij q)iGU(I)lUvV;IV; i (MUgillT

(4.9)

(2) EGQ;:M}’ ﬁ%‘[uo
T3S L 7 R AT R T, E ARG R s 5, AT AR

a(L), oYV Gy, -2vlGg.e UV +vUulec,eUV,]
ov, ou,
- QY;I1Gﬂ¢'UUL’ + QW'qu)vaq)vUv

d(Ls), otr (V,IL,V,)
v, Vi
=2V, L,

—9V, (Wv - WU)

LA (L), A0S TV, LI

d(L3),
v,
d(Ly), OIVe (V") —II%
v, Vi
ou [V VIV V] -2V, V]
- vy
=4 (V, V'V, - V,)

=0

Fir LART 453
0Ly _0(Ln)y | \OL2)y , O(Ls)y  pO(La)y y
av, vV, v, ov, 2 0V, '
- o¥1G,®,U, +2V,UT®TG,®,U, + 2\V, (Wl, — )
+ 2u (V;V;TVL — VL.) - T,
=2V G, ®,U, +2V,U ' G,®,U, + 2\V,W,
— 2\V,W, + 2.V, V.V, —2uV, — T,

(4.10)
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=2 (VU] @]G.@.U, + AV, W, +uV, V[V,
_Y;;TGT)‘I’?;U,_‘ - A‘/’Um; _ p"fu) -,

T, =2 (V.U ®[G.®U, + \V,W, + uV,V, V,

. (4.11)
_Y—UI G‘ui’vUv - A-‘/T-)WTJ - ,U"/Ti;)

s 54.6)M(4.11), A
(%U?f(piGi'(I)qu + /\VUW' + M‘/;‘/ylvz) - K}‘qu’vUv - )\VbWb - P’/W) © F'u =0
NS I AT TN W

Y:,TGzS(I)vUv + AV, W, + .UJ‘/v
VUIT®TG,®,U, + \V,W, + uV, VIV,

(3) BBV, V., HHIG,o
FIFI(4.4) I (4.5)% G AT SR

Viij = Vaij

(4.12)

4.3. 2 RSB

RIE 4.3.1 FEHERE, KRS IERNU,, VNG, 3758, Bk
A1)k ] R, SEIN &R XUIEAS 2 40 A bR B0 R K L (RMNMFFC-CC), &
ERITBSRUNIZE) 3/l SN

#ik 4.1 RMNMFFC-CC Eik
N BOREREY,, KRR, SN, a, pZEAEK
UR
B M AR L,
» HUOHHEREUY, VI TG, FARAG, = 1,
: for ¢ = 1.2, KRR
for v=1,2,--+ n,

|
2
3
4
5: EEv,/ UG, RIERE@.9)EHUL
6
7
8

ERUMG @12 BV
EURIVY, MR 44 R 4.5 EHGL:

end for

if 4. 1)U
10: break
I1:  endif
12: end for
Wil UL VIRIGE, £K%1%15C = {0, ..., Ck }
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4. 3. 3 BUEWT S 14 IERR

K B B pR B0 2AIE W B 4.1 WSl
T EE 41, RIS IR AL,
EE 41 WEEG,, UREHHN((4.9)=2

nin Zl (1Y, — @,U, V|21 + Air (VIL,V,)

+a (ITUTU - o (UT,)) + SV - 13 )

st. U, >0,V, >0,

IR QREIEG,, HAREE(EE.D)) LU, BN ((4.9)) 2
W

B, HEG,,

g%a§{n—%wwgﬁmﬂWL%)

+a (U UL -t (UT ) + SV - I3}
s.t. U, >0,V, >0,V
AR BRI R . A ok B SR AR AR (R X (4.9) B SR fig el 72 ) mT A
UEB B 2.1 5B (L) RoT .

KA B R A AN B 2.0 RSt QAT IER . BB 2.1k, FES
HAG A B R, AMUE A H br ek 2024, 1)) £ T H R (X (4.9) X (4.12)) T
SEARE ). NIE G RBIR A, A E I A B R BOAIEE B 2.1 AR
).

il 4.1 AFRREFFI—M FRE, W

G (uyuly;) =Fy (ug) + Fyy (uh,) ) (u— k)

2
(@7G, @ U, VIV, +aUT117), (u, - ul;) (4.16)

R REF; (B R E,  Hi L Gu,u) = ()EG( ulyy) = Fy(u)e Hor
Fyy(u)f BRI GREA D) FET U M5, o8 40 U8

W B R G w) = Fylu), MR IR By R B0 X, i T E
G, ;) > Fij(u)o F(A16)5 Fij(w)fEu = iy, AEHIZRHRTF A

(] wig

+
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Fij(u) = Fy(u') + Fij(u')(u —u w)+2F( ul)(uy — i)

AT, R FRIE
2
(G, @,U, V'V, + oUf117) (u ot )

vij 1"

S () (u ) (A7)

n >
vij

Ty (0B —B S A i SR & SR 15
F(u)=2(®'c,8,U V!V, + aU'11T - al,),.

v

Uu,

1

Fy (u) =2 (2, G, ®,U,V,'V,),; + 20 ((HT)” - 1)
:2 (@,{G?}@*UU?J VL"TV”)U

IR (4.17) 7T DL A
(‘I’;{GU(I'UU VTV -+ OCle]_T)?“ 1 »

t g szij ('U,)

“ 2 (4.18)

Uij
= (!, 2, U,V V,)..
ij

Xt (4.18) 3 TAREURAE R, A
(2, G.2. UV, V,) . —i i (B Go® UV, Vo)
:” (2. G, @, U,V V),
@18 (v.117),, > 0, BAGC(u,uly) > Fij(w)e BIAG(u,u) = Fij(u) H
Gu,uly;) = Fij(u)s FTEAG(u, u)sE Fiy(u) ) —DhrER B s £, MR4ESIEE 2.1, 7T
TG F (w) BRI o
) — 0n DLRAAAH Sl B A

t /!
t+l _ bt vij ~ij
vij v 2(erGq,e,U, VIV, + OzUTllT)ij
y (<I’ G,Y,V, +alU, )

Wil (®TG,®,U, VIV, +aUT11T)
DA_E B R0 2K (4.19) 5 A T 30(4.9), 3\(4.16) 24 B ea .  HL7E 5
(R@T, Fy(u) B3 R ALK J7 75 7] DUIEAS Fj (o) 76 5837 $00 (X
(4.12)) FA2AEG /. Bk, UERH T BE 4.1 etk .

(4.19)

36



BV EEYNE 2 T R DATS'S ST AR TR 0 ) 22 WA R B IR BT T 5 8

4. 4 RIS

N T W RMNMFFC-CC Sk A &etk, T IdEAT B sls . Al s e 4L
PN BENUR AU ER SR AT Growth Hdle SR (W28 3 & 3.4.1). S KB E AT
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BisR

fiR—: ETEENHIEGEESBHEESNARKBRE
BETERFNKT

1.code<- function(Y, Phi, U, V, G, alpha,W,lambda,D)
2.{

3. U «<-

U * ((t(Phi) %*% G %*% Y%*% V)/(t(Phi) %*% G %*% Phi %*% U %*% t(V) %*
% V + alpha *U))
4. V <-

V ¥ ((E(Y)%*% G %*% Phi %*% U + lambda * W %*% V)/(V %*% t(U) %*% t(Ph
i) %*% G %*% Phi %*% U + lambda * D %*% V))

5. return(list(U = U, V =V))

6.}

7.accMtr <- matrix(@, nrow = ntest, ncol = 3)
8.colnames(accMtr) <- c("purM","accM","riM")
9.class(1lst_Y[[1]])

10.for(kk in 1:ntest)

11.4

12. print(paste@("Round ", kk))

13. 1st_Y <- list(CO,no2,03,pml10,so2,pm2.5)

14. 1st_X <- vector("list", nview)

15. 1st_Knot <- vector("list", nview)

16. 1st_Phi <- vector("list", nview)

17. 1st_mtrCoef <- vector("list", nview)

18. for(i in 1l:nview)

19. {

20. x <- l:nrow(lst_Y[[i]])

21. knots <- seq(range(x)[1], range(x)[2], length.out = n_knot[i])[-
c(1,n_knot[i])]

22. mtr_ds <- bs(x, knots= knots, intercept = TRUE)

23. Ist X[[1]] <- x

24, 1st_Knot[[i]] <- knots

25. Ist_Phi[[i]] <- mtr_ds

26. 1st_mtrCoef[[i]] <- solve(t(lst_Phi[[i]]) %*% lst _Phi[[i]]+1e-
2) %*% t(lst_Phi[[i]]) %*% as.matrix(lst_Y[[i]])

27. '}

28. 1st U <- vector("list", nview)
29. for(i in 1l:nview)
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30. {

31. U <-

matrix(runif(ncol(lst_Phi[[i]])*K,0,1), nrow = ncol(lst_Phi[[i]]), nco
1 =K)

32. Ist U[[i]] <- U

33. }

34. 1st V <- vector("list", nview)

35. for(i in 1:nview)

36. {

37. ini_KM <- kmeans(t(lst_mtrCoef[[i]]), K)

38. V <- matrix(@, nrow = ncol(lst_Y[[i]]), ncol = K)

39. for(j in 1:ncol(V))

40. {

41. V[ini_KM$cluster==j, j] <- 1

42, }

43, Ist V[[i]] <- V %*% solve(sqrt(diag(apply(V, 2, sum))))
44. }

45. D<-list()
46. W<-1list()
47. L<-1list()
48. DD<-list()
49. for (i in 1l:nview)

50. {

51. DD[[1]] <- matrix(@,ncol(lst_Y[[i]]),ncol(1lst_Y[[i]]))
52. for (ii in 1:ncol(1lst_Y[[i]]))

53. {

54. for (j in 1:ncol(lst_Y[[i]]))

55. {

56. DD[[1]][ii,]] <- round(sqrt(sum((1lst_Y[[i]][,ii] -
Ist_Y[[i]1[,31)"2)),2)

57. }

58. }

59. for (ij in 1: nrow(DD[[1]]))

60. {

61. DD[[1]][ij,order(DD[[1]][ij,])[1:kk+1]] = 1

62. DD[[i]][ij,order(DD[[i]]1[ij,]1)[kk+2:ncol(DD[[i]])]] = ©

63. }

64 . W[[i]] <- DD[[1i]]

65. WEi]] <- (WL[i]] + t(W[[i]]))/2

66. D[[i]] <- diag(apply(W[[i]],2,sum))

67. LI[i]1] <- DL[1i]] - W[[i]]

68. }

69. for(j in 1:maxiter)

70. {
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71. 1st G <- vector("list", nview)
72. for(i in 1:nview)
73. {
74. 1st G[[i]] <- diag(apply((1st_Y[[i]] -
1st Phi[[i]] %*% lst_U[[i]] %*% t(lst_V[[i]]))"2,1,sum))
75. }
76. for(i in 1:nview)
77. {
78. res <-

RRMVFC(lst_Y[[i]], lst Phi[[i]], lst U[[i]], lst V[[i]],lst G[[i]], al
pha[i],W[[i]],lambda[i],D[[i]])

79. 1st U[[i]] <- res$u
80. 1st_V[[i]] <- res$v
81. }

82. }

83. ¢l <- kmeans(V, K)

84. 1bl<-c(rep(1,39),rep(2,54))

85. accMtr[kk, 1] <- com _accuracy(cl$cluster, 1lbl)

86. accMtr[kk, 2] <- com_accuracy(cl$cluster, 1bl, method
87. accMtr[kk, 3] <- com _accuracy(cl$cluster, 1lbl, method
88.}

89.round(colMeans(accMtr),4)
90.round(apply(accMtr,2,sd),4)

1)
4)
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MiR—: ETEREESBHEENEXSUARYBRLH
EEREFNE

1.code <- function(Y, Phi, U, V, G, alpha,W,lambda,mu,D)

2.4
3. A<-matrix(1, nrow(U), ncol(U))
4. U <-

U * ((t(Phi) %*% G %*% Y%*% V + alpha * U)/(t(Phi) %*% G %*% Phi %*% U
%*% t(V) %*% V + alpha * U %*% t(A) %*% A))

5. V <-

V ¥ ((E(Y)%*% G %*% Phi %*% U + lambda * W %*% V + V)/(V %*% t(U) %*%
t(Phi) %*% G %*% Phi %*% U + lambda * W %*% V + V %*% t(V) %*% V))
6. return(list(U = U, V =V))

7.}

8.require(splines)

9.require(lava)

10.source("EIIFEMHER . P")

1l.nview <- 256

12.K <- 5

13.alpha <- 1/nview

14.lambda <- 100

15.maxiter <- 100

16.n_knot <- c(20,20)

17.ntest <- 5

18.accMtr <- matrix(@, nrow = ntest, ncol = 3)
19.colnames(accMtr) <- c("purM","accM","riM")
20.class(1lst_Y[[1]])

21.data<-as.matrix(data)

22.gnd<- read.csv("C:/Users/apple/Desktop/gnd.csv")
23.for(kk in 1:ntest)

24 .4

25. print(paste@("Round ", kk))

26. 1st Y <- list(data)

27. 1bl<- 1st Y$gnd

28. 1st X <- vector("list", nview)

29. 1st_Knot <- vector("list", nview)

30. 1st _Phi <- vector("list", nview)

31. 1st_mtrCoef <- vector("list", nview)

32. for(i in 1:nview)

33. {

34, X <- l:nrow(lst_Y[[i]])
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35. knots <- seq(range(x)[1], range(x)[2])

36. mtr_ds <- bs(x, knots= knots, intercept = TRUE)

By Ist X[[1i]] <- x

38. 1st_Knot[[i]] <- knots

39. 1st_Phi[[i]] <- mtr_ds

40. 1st_mtrCoef[[i]] <- solve(t(lst_Phi[[i]]) %*% lst_Phi[[i]]+ 1le-
3) %*% t(lst_Phi[[i]]) %*% as.matrix(lst_Y[[i]])

41. }

42. 1st_U <- vector("list", nview)
43. for(i in 1:nview)
44, {
45. U <=
matrix(runif(ncol(lst_Phi[[i]])*K,0,1), nrow = ncol(lst_Phi[[i]]), nco
1 =K)
46. 1st_U[[i]] <- U
47. }
48. 1st_V <- vector("list", nview)
49. for(i in 1:nview)

50. {

51. ini_KM <- kmeans(t(lst_mtrCoef[[i]]), K)

52. V <- matrix(@, nrow = ncol(lst_Y[[i]]), ncol = K)

53. for(j in 1:ncol(V))

54. {

55, V[ini_KM$cluster==j, j] <- 1

56. }

57. Ist V[[i]] <- V %*% solve(sqgrt(diag(apply(V, 2, sum))))
58. }

59. D<-list()
60. W<-list()
61. L<-list()
62. DD<-list()
63. for (i in 1:nview)

64. {

65. DD[[i]] <- matrix(@,ncol(lst_Y[[i]]),ncol(lst_Y[[i]]))

66. for (ii in 1:ncol(lst_Y[[i]]))

67. {

68. for (j in 1:ncol(lst_Y[[i]]))

69. {

70. DD[[i]][ii,]j] <- round(sqgrt(sum((1lst_Y[[i]][,ii] -
Ist_Y[[i]1[,31)"2)),2)

71. }

72. }

73. for (ij in 1: nrow(DD[[i]]))

74. {
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VSP DD[[i]][ij,order(DD[[1i]]1[ij,1)[2:kk+1]] = 1

76. DD[[i]][ij,order(DD[[i]][ij,]1)[kk+2:ncol(DD[[1i]])]] = ©
77. }

78. W[[i]] <- DD[[i]]

7 WEil] <- (WL[i]] + t(W[[il1))/2
80. D[[i]] <- diag(apply(W[[i]],2,sum))
81. L[[i]1] <- D[[i]] - W[[i]]

82. }

83. for(j in 1l:maxiter)

84. {

85. 1st G <- vector("list", nview)

86. for(i in 1:nview)

87. {

88. Ist G[[i]] <- diag(apply((1lst_Y[[i]] -
Ist Phi[[i]] %*% lst_U[[i]] %*% t(lst_V[[i]]))"2,1,sum))

89. }

90. for(i in 1:nview)

91. {

92. res <-

code(lst Y[[i]], lst _Phi[[i]], lst U[[i]], 1lst V[[i]],1lst G[[i]], alph
a[i],W[[i]],lambda[i],D[[i]])

93. 1st U[[i]] <- res$u
94. Ist V[[i]] <- res$Vv
95. }

%. }

97. ¢l <- kmeans(V, K)

98. 1lbl<-c(rep(1,1),rep(2,5),rep(3,7),rep(4,1))

99. accMtr[kk, 1] <- com accuracy(cl$cluster, 1lbl)

100. accMtr[kk, 2] <- com_accuracy(cl$cluster, 1lbl, method
101. accMtr[kk, 3] <- com_accuracy(cl$cluster, 1bl, method
102.}

103.round(colMeans(accMtr),4)
104.round(apply(accMtr,2,sd),4)

1)
4)
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