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Abstract: With the advent of the era of big data, the effective representation and analysis of high-level data has be-
come a major challenge. Based on this, the application of tensor decomposition technology in multi-clustering algo-
rithms was focused on especially for the processing of large multi-source heterogeneous datasets. The tensor train
(TT) method was studied and improved in depth, which had significantly improved its performance in multi-
clustering tasks by introducing a new optimization strategy. The innovations were mainly reflected in two aspects:
firstly, a new tensor decomposition framework was proposed, which effectively reduced the storage cost and im-
proved the computational efficiency by optimizing the objective function; secondly, the improved tensor decomposi-
tion technique was applied to three main multi-clustering algorithms, including self-weighted multi-view clustering
(SWMC), latent multi-view subspace clustering (LMSC), and multi-view subspace clustering with intactness-aware
similarity (MSC IAS), which significantly improved the accuracy and efficiency of clustering. To validate the effec-
tiveness of the proposed methodology, comprehensive experiments were conducted on seven real-world datasets, in-
cluding assessments of key metrics such as accuracy (ACC), normalized mutual information (NMI), and purity. Ex-
perimental results show that the proposed method has significant advantages in extracting meaningful patterns and im-
proving clustering performance.

Key words: tensor, multi-clustering algorithm, tensor decomposition, multi-source heterogeneous data, principal com-

ponent analysis
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O H AT T 2R g7 2240, Rk
ANHE D5 9202 TR I 45 5 92528 R LA (R S s
il . OPT 2 3£, k471 CP IR kA BE R B 42 E10
PMF3. [BHJE&ili-4-45 (dGN) HyEBYRL & psk
dGN S EL N T R PR B S LR ALS IR
SR (1) i) B HEAT IR 9T . Ak, B TR EHEE
CP 43 iRt (R BB F £ 4 1) 12341
2.2 TuckerpfESEMmITRENE

i Tucker 73 fifdf d BTk AT 40, 1%
il AR — MO K E AT, AR

MIERE 2025 5 6 8
Ji5 536 DA —ANFE FE SR SE LI o Tucker 43 fif s d A
Xk E XA

Y= i iAcl,cZ, e Cp

(V¢DCIQ§V¢302@§--'Q§V¢plb)

Y=Ax WO 2w®...x W v
Forp, B O = [y Oy @, O JRF TR T
Wik, A=Yx WOl W@t wt, WOl %
AR B R RE A B . Tucker 73 il
HARBL UG)s FIRRNT o

5 PARAFAC AN[F],  Tucker £5% 5 A % S 1L 5
BRI 7 2 AN AR EAE X 28AH HAR
i B2 4 AL B AEAZ D sk B o BN T V2
TREAREE YRR, AN RS B R BE 4k, DA
50 B 1 0 5 BEAT 20 ST R0 H An i dl . BJa
HIFFEEZNZ, CPD M Tucker 7 i &l 2 5 1€
AN RN Z MR R R R, e — MR R ) i
—RRIARGE T 5 — MR SR, IERTEATR
MR A A TE S B N A BT AN . Tucker 73
fit 5 @b #F S AE 0 i (higher-order singular value
decomposition, HoSVD) J& Tucker 43 fi# ) —F J
o Bl PR B> FE R R SE ML IEZE I . e R Gt
fe A FFAT, ERFANFEIRKE X2
HoSVD 1 [ [X] 7 %5 B U(i). 83 % HoSVD ¥ 1E
A2 WAl RE B BEAT T AR R 2, AT DA A AR e
HoSVD, ‘& KA BAKH n BRIFLT LT 5K & X, H
TRAOKBEWIEARE, X T4HEN2 LM%k,
HoSVD 2 ME—f]. S5HEFEITSVD AF, HoSVD
M (RLR2,---Rd) #& Wr JF A & X 1 &%
(R1, Ry, -+, Ry) AL fift iR B ARAL 7] AT BAAS 2]
BAERI (R, Ry, -+, Ry ) BRILAEL

fd H 3E 41 7 fif 77 15 I, Tucker 574 3 H ok
SRR I I R, kR
1 5k & 7> i (non-negative tensor decomposition,
NTD) AJ DU I i ok DA o) e o 5«



112 -

MiNg 10 o) . oy O, P
BF A0,/ w9e 0, % el p]
N T fEPEX — AR, AT RS AR 6 ALS
DA R AE 4 U3 AR R P 22 B 7 T Ak
NMFY e iz 00 5k & S R T4 FE UG).e

(22)

1% PARAFAC 1 Tucker iX £ ) 5K & 43 fift 77 12
F T84 52 2 B AT 280808 o B il g B A ok B AR
M, —7J7TH, FKEMZ (tensor network, TN) E.
A MNEESZNNIKREE L, XA EALE
fit 7 AR A 7RIS, 2 g b il — A i A
SKEWE AR, Y RO 45 A A PR O TN 24
TN 545 & TP IR S da it , 21— A8
k. N THERKE, A2 AR TINE
7N, R E SR HE B B B X TN 73 Ak &2
REE., fI IR TIHIEN, =Rk ESE
Fy 1 T 36 s A 45 ] B i EL RO, R LB TN HR
i an b gk B N 28R & (tree tensor network state s
TTNS). TT. HixiZ (projected entangled
pair states, PEPS) FI#% 524 %) 51 (projected
entangled pair operators, PEPO) %5,
3.1 BRKEMTHE

Tucker 7 fiff © 8% ¥ e v fi Al JZ ¥k Tucker
(hierarchical tucker, HT) 7 fif (HFRAE XK
BRI R PAE TSRS HT ) i i 5
FRERGHIER R AER, A S0
BA — U e 4E B T[d]IRPIR Tucker 73 -
3.2 TTHIRHR

TT 4 fifE o] DA A 9 HT 1 — /M e e s2 e, =
WA T AR AR A E R . R 5K X 2% DA 4R
BRI 7 SNk RE . B iR m B sk R, B
B H B A 2 Bl Tk R 4 R ) B o 2 48 20
K, DRIERT DK K 1R ke 8 0 s 4 D B/ R A%
Lok B S 75 i3 G T Tucker 5878 [ 45 g

K, IFRME T EAMAEE M. —DIKRER
TT/MEY e O™ P Al IR RN «
Yoo . c,=icr)Ja(c2)Jp(cp) (23)
—R5ISVD i TS X TT 73 fif . H %6,
X X B — N4 B A PG R AT SVD 15 2158 — AN 4
FEREFEL G AR G
RS, TTR Y e A EA
FF i8035 9t 46 #F  C(open boundary condition, OBC)
M FE R AL A (matrix product state, MPS) 3£
AP MECF HT B8, TT/MPS #78 JE 5L L
AN, ELFE T ER K SRR SR B TSR
RO (RESKENHAID DR, ]
ETT IG5/ AL 7 2 gl 2 R A
HETHAFAEA R N TR TT AR, 752 XS
WP FRATRE -1 40, X EME B 7 2 R
MER) G RAFAE . TT R OIREAN A& B ALY,
DRIt 75 R 0 LA B AP b B R .
T e X LBk dk, TR 4 g iz i £, sd i
R BRI FAZ O BB IR A, JF R R4 B 45
BAT TR T O AR A o
3.3 BHEHFREMTE
¢ AR T 5 S =B ke B ) 4 b 7 M
] 7> fi# (truncated singular value decomposition,
-SVD) . 5HrUER) 2 2 MEARHOHE S, 53 --SVD
ARE A L AE =Pk & B LImEttiz & b
e =Bk En o iEA -
Y=WxAxN" 4
Hor, RSB A R RN 3 A R4 G 20
J7 AR A o X o3 i mT DA FH A L 2 B0
SVD KT . X A kA2 10 ik B = S48 20 it 1
EM, BRERT SRR REIEFG RER AL
By, teAh, AT CPD A Tucker A,
HA — R --SVD 1] AR IE B /& 7E Frobenius 1
OSSO D R ZE IR AR AL
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4 SCEEERITIR

AU B SEI AT B WA 1

AL 74 ATF AT FH BBt g0 Bk T ik
BEAT SEAEVEAL o SEIRTEZ I P BEAT, IRl
TR B BT, DUB DR SR A R T SE I 45
R SISV B ALRR AT A R e R IR 25 2%, IX
LEfR 55 ARl & 1 o KIAL B SR . A RN AF T
H 1 B JE 4k 22 5. 5T (graphics processing unit,
GPU), LAALEEE 2 40 18 B2 o i S A Y
FES% o XA K ) Bl Vit RE 8 1) g v Rt A 2
KRIESE I SIS IR EE R Oy 7 B
Tk ivERe, ASCK IS TTIZ ALY k-means 2R
KTTHAT T R IR T VR ERAE AT B g A
BRI, IR AR I RN SR R e R A T B
RO . S PA T H S 3 B R A B R 2L R
iSO ECE, DL R A T b AR 1 22 A
BRI IEAT R A B P AL . SR, B
I 2 MR TR A E 2 HUE 0. B,
AR 2 LB TG 3 205 > SR ) R ]k
ITREBE . Oy 1 EEER IR Y U5 v 2 1) H) A g 2
5, KRIEF T R#E (accuracy, ACC). H—

L H A5 5 (normalized mutual information, NMI)
AL 3N FEbR . ACC M B AT SUALVA Al 22 4E
B RE I — D abr, el T 5 R E AR
[ — 7% o BSOS BT ) 2 EEAS . NMIT 2 —
Toft YA B 2H R B 7 V2 00T 0 4 ) 0 ORI 5 4
AR R — MR R 2 D B — 2R R R
fabr, HAtEATDIMES A AR, A
FIZ 5% 2 ) 20 RSt s R T o T B A

22 YA P2 DN e RO W B R A B R T R
St TERRBE . HRARMBIR ML, 24
¥ e B % SE PR GE M T A B dls R SRR 2 AN
YEFE AR AT SR, XV 2 AT IO
AHM. R, BT HESRME, R HESMKRNR
f % 5K 7 e 4 T BT 3 B 1K Lo B

BEAh, AL FEAE 1 AN R 3 A 7 i ) B s
AR FNH— A E AR ZE . &P gmbs 77 A A [R5
Ptk BRI S BB TEE W& 2.
4.1 KEHIENSHRG

Hon s 4, R I e 2 22 o o P i B AL
K, T UL ROPRAR M 2% 5 w5 oK, g AR A%
fr, ARG PIEAUREAS T 1385k
MR, IXECHR 43 il 7E 6 AN TR A0 A A 6 A

®1 ZWIHMFRE

SRR

LWk

AR JIess 2585

Ab PR AR

B ERSE

BB
PR Ak 12

Dell PowerEdge R740
2x Intel Xeon Gold 6258R (24 1%, 3.0 GHz)
512 GB DDR4 RAM
8 TB SSD  (Jfl A4
NVIDIA Tesla V100 32 GB
10 Gbit/s w8 o 2% 2
Ubuntu 20.04 LTS

Python 3.8

NumPy 1.21.0, SciPy 1.7.0, Scikit-learn 0.24.2, TensorFlow 2.5.0

CUDA 11.2, cuDNN 8.1
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®2 BMRBHEEENFIRESE LRRASRETEE

it T % PIE ¥ 4 HIS (a&b)H COIL-100 $#f 4
P i 4 5 6 7
TT GR%) 0.001~0.500 0.001~0.500 0.001~0.555 0.210~0.500
HT (RAHD 2~300 2~960 100~960 1~80
HoSVD ({4 T) 0.20~0.99 0.1500~0.999 9 0.884 1~0.999 9 0.40~0.76
HOOI (B4 T 0.20~0.99 0.1500~0.999 9 0.884 1~0.999 9 0.40~0.76
CPD (F£R) 1~300 3~767 — 4~200
AR 46 AR, PIE MR 4542 A F 7100 5K BR, K EHRAIALE 148 DA A K

G i 535 T B GRAS ORRT LE I &1 3 s

’\\

85%r

80%

g 75%
K
=
Z70%
—=TT
65%H —HT
——HoSVD
~—HOOI
60% H—=—CPD i [ i i [ [ '
100 125 150 175 200 225 250 275 3.00

IR ES
(3 PIEHURSRAEA R gt )y 2 R b ROR YT

Bl 3505 L T R A 0 5 48 0 5 P g i V2 ik
S B AAE T K, R T Mg S 5 AR AE I
DRHRA AT R R . HIE 3 AR, BEAE R 4
FPVIRWI N, & IIERAE X R ZE A BT R B
JE 45 2R 0T L8 7R 1 & b 7 VA e A s KD
TR . Hhah, B3 ER T 4 i) E
FypiE, xSt R 46 B S A B OR VAl 2
57 B LR B AR
4.2 HSIHEKEERESRLEWRILL

R4 2 48 8 H LR 8615 B 5 2D 1 LR BORHE
SHEAT O AS a AE o BHE R 4 W] DL A A
8] . FEAK % N/ Gnput/output, 1/0) 753K,
BE A% S B I B s SE R 22 . HSTER S 6

TR XAk RR R M T K AE
B, EREKEEAEEERERZNER, &
LA G YR P B o X R 4EBE T LA R H
PRI FEAIE IR RE, A BT HEAT A ) 1
B3 FAL B o 3 6 B4 14T T 4 A0 B 2Ry
Fr, W LA R ECA HIE B IR A7 il At 55 4
o A TR EAEHIS (a) Hia S
HIS (b) ##s % Emxttb sl 4. K5
B

90% —
——HT
——HoSVD
——HOOI
—=—CPD

T

1.0 1.5 2.0 3.0 3.5 4.0

2.5
R
4 AT IVEAOT 2E HIS () B & B IRT HE

HE 4 AN S W R, BEAE R4 R 4R T,
IRRIAIRR ZE W T . XRY, IR A AL
Mol T EAERI TR, RN R T AR UE I OGRS
B TS T B m R . 78 HSTEE 4R 1
RePERERE T, A S48 RGN, BRI T
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Yok, E T A SR R s AT AR B (1 2 (]
AOCIEAS S, AXFRER s . XA RE R
FAAl R, I RESR T B A% Jn R AL B R L
[l I AN R R 2 I TR o

—=—TT
——HT
——HoSVD
——HOOI

—=—CPD

| 1 L L 1 1
1.0 1.5 2.0 3.0 3.5 4.0

§g$

S HUA TR e HIS (b) 4 L et L
43 COILHIEHKEREBFSRAEST

TERBEEMEREHE T, MAME (maximum-
mean) RIAMMERARGINT —FBHAMA . 1258
b B TE R A R A B FR bR e B EUEAN
K peEE LA R . ZEns e B EED
HARERRE, THE T A K R 1K T
OB, FF4th 7B RO S s i B R A . ik
4b, MAMEfRFRIE TN T 55K 82 Hh 0 2 A
BRI IR, oy B R R TRy
%o 1R 5N UCHEUE A 6 S N TAHE4E B ixt
Fesiie Bon, 59 HAh R B SR ARAH L,
MAME {845 eI 1 58 i (R e aff e A A e v, ERH
T H R EREE.

A S K F T MAME 48 5 5K 3T A A< 2 32
HRBH. &R E/R, MAME fEFsAHE T 3
A% Ge e br,  BRARL T B A TR A A 1 OFA5 4h
R, Xk — B RAE T KT E A B AR
.

TN 58 R 6 0oF ik 22 5 S o U ) L AR B PR
AR R 2 . R 4R R ORH R EAE N S L
COIL-100 i 5 45K H 100 S0 51 7 200 5K

BIG o RXF Gi G R N 72 AN A (6] A FE 4 4
M, SARGAE 128 MR, HEAA KM
B 5°,

COIL 4 5 b A [R] B AN % 22 10 B
Bl6 . Soaah SRR, 784 K& H i £
I, % LR S RN EE (O/Size) B
i, RAE SO B M e SN, R 4E P AR
. X COIL-100 i 4E, 4 H4a 8t 2.0
i, TTAIHT BARFFLEAL, (EARIRM T HARSE
. COILHEAEMA KK, KZHHEHT,
TT AMUIERAR M R 45 % LR T HAh 5k, 725
1 PR 4 R AR AL T Fe A B2

85% —=TT
——HoSVD

——HOOI

80%

75%F

A2

65%r

60%r

10 15 20 25 30 35 40 45 50
iR ES
Kl6 COIL Hifudk A A STEMIN iR E RIS L

4.4 REFAMEEITME

sk 5 I M REVEAL 15 7E A T I & B AE S B
R FIRI . Bk, HHEACC. NMIFI4ARE,
AL BEVEAE PIE. HSIAT COIL ¥ 4 b i 5 stk
Btk . LU, 0 S EE K8 AT I 1) R0 P A £
B, DRI SR ik, EEEFSICR
[ KPP e 7 ml R R A, VP SV I S . B
Je s DN VA A AL B R A 4 AR I (R PT  f
P, IR I A LA R R SRS A AL i AN
AERAYE, TR G VAN I SE PR BUR

RAFEHAEWE T iR, EREDH
H, ESRAE R T 3NN EIRR A, X e A
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Y (R R T R RO . A ] Matplotlib
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Fo WO R E A [F BT E R RAS [ R #5528
FEAS AR 70 AT AN 70 FHE M AT o XA T AL
EIUA BT B A b 1 2 8] o (0 0 A R IR
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#=3 BEUWHIESER

EEL IS g
ACC 78%
NMI 0.59
apfe 78%

G b 5 AR X IS PR R 7S 4L 19 L P 9 i
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6F BEANE B AR RIS, T 57 0
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I RS 8 A R A

5 ZHRIE

AR SONT 8 Fh 2 AL SRR D kAT T AT AT
FEAE 7 NS A BB 45 _ETAS T et RE . @
iR ACC. NMIA4l S fabridt AT EAik, NiX
BEHE AR AL AR BRVE SR T A AME R WL AR . B
kO EE 2 A MR B AN B N, R IR
gk 5 I3 A 7V IR B M N AT ARG N IR I 5%
LH. RERRMNHE® 7 2 2R,
FLFEIR 22 5] AR . Thae v Rl SL IR AR 4>
fre REGRE . FEMRE. FELRMERGRMM
FIRR IS . R R ER T — BT oo n 3k
Jiik, AERCERZ AN 432 ) T R 2 AR5 0T
S G RB T, Kk REZRBTERERTE
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ARG A MR XK T i E 2
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