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Abstract

In this paper, by leveraging tensor-tensor product framework, we develop some single-pass random-
ized algorithms for high-order tensor LU decomposition based on sketching techniques. These algo-
rithms need only one pass over the original tensor and hence are very suitable for extremely large
and high-dimensional tensor stored outside of core memory or generated in a streaming fashion. Rig-
orous error upper bound theory and complexity analysis of these algorithms have been derived. Nu-
merical experiments show that the proposed efficient single-pass algorithms have the similar accuracy
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and CPU runtime compared with the state-of-the-art randomized algorithms for high-order tensor
decomposition.
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1. 5|8

Tk B (AR 2 4E 5 ) R DL S b 2R R 1 AR RN B, I AAE TR RN (55 BHg AL
H BRI RV ST IE N 4 S 2 T U 1]-[4] . SRR 0K R A R B AR K RO
SEME AR R ER AL, XTEEE MU (B ST OR TR . SIS, X TRk E R
25 TSR FH AR RR N FE S50, ARFETK S 2 M AR [5]-[ 101 BRI AT SR BGT i 46 B3040 11 v RO AU R
SR, A% G0 IR R 1 9K B 2 7 V27 A B K RS 5K e 040 BN T I T B8R A A7 A s S0 (R Ut
QAR e e 8 ELRE B P KOS o S O I (AR R A B, 2 i 5K S A B 5 43 o A O 1)

B A/ 3= Hfi(Randomized Sketching) & — 7 SEH FIBE K45 HAR, B S TN . BEVLRFE. KT
] A% O PSRIE R EAR[11]-[13] RAERMHEAR TR/ MERF TR, (H R8RS
HEAEEAE . R W, FREEOARY) 2 B TR SR . 1 2 0 A TN [R5k B o RAE 2L
R T m A K R A I R BN T R B A e AR RN 2 IR T R AR R £ ) 4 ) A S
£S5, Flln, 7EsKEE T Tucker HEZEL[6] T, S5ABENI Y RIS, SCHR[14]-[16)5E % =& JE
SYFR(TRIFK HOSVD) 3 1 8 1 s B 23 A 0 (AR ST-HOSVD) Bt 175 1 H & M A BEHL Tucker k.
Ahmadi-Asl %5 NS0T 7R B FAESL[8] (FAIFK TR) NAUBEHL TR HVEHAT T RAMERILRIR[17]. {EIKE S AR
ZR[7] (f8#% TT) R, Shi SEA$EH T4 TR IATHIBENLER R L, T SRICRE TT 5k EILU[18]; Al Daas
LN JEIRH T ik =S ER RS E AT RS, B R THM TT 5kE& NI 2L EE19]
TE K B 2T SRAE 0 ARHEZE[9] (AR T-SVD) N, SCHR[20]-[22]2& T M BEHL B SEEHLRFE T 2, 21 T &5
T A AR TR BT A ) AL BE o SR, IR S R BEATL AL B 1k 22/ 75 0T N ik B 5 B U
Vil o MR E AR IB R DAHEAE TR NAERS, S TN TR 2 A3 = o

VTSR, 5 AR T — R 0] BB B AL SRR A DS 7L« S RTIAR TR e 1) 2 IBBEHLE A LT 5
FE BEH LR AR R UG ) R AR — OR SE T AR i, HR AT RCR R, e SR, TR
P JBE s i — Ik, BeRE TR AR AU ETIR, RS S KBRS . AN A A A S R (TFR SVD)IY
R BEATLAG SR WL T SCHR[23], %07 VEAE B R ABEATUR B 20 i A 9 2H 254, DA SR B 46 6 R 250 (1 71
ST ARG R JEEOCER2413 T IZSER R ARk, EAIERCE R e %5 . SCHR[25] [26]3F
—RX LT TIRANBETT, b SR 757 1544 35 AN B B 15 B EH 7 A BEATLHE o A 1) 25 4
R, Ak, SCHR[2718CHE T JURNTE FORHURAERE LU 20 i ol pE L. 5K - SRERBUER T,
SCHR[28] [291HF 58 1 5 BEALAG IR Bk sk B R . SR FIRTVELE RS B A I 5 A T — 58 I
W, R E TR IEH TR k2R (C I ERE . =Pk E). BEE IS BER M RRSLEAR, SLPrR
S T I PR B S B AR AR LU AR Rk = sk i v S 4, Bl DU R A, DU B 22 ) 3 B |
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TR UGB . SR SO RS . BRE, A SO B AT R T 33X 6 5 2 kB £ B3
BEHLAGE LR, DA AR MU R 1 BOBUR A o R TP R A7 15 i AR Z TR D TR

KSR ZH T 85 2 WAL T ASCHBIME BRI, BIFEANGTS . KERBEER. FhL
SEREET R, 55 3 R BRI T LK 1 KRR B U BB U, RN 45 H R 958 25 SR B R A
SARBEHT: 8 4 T EEL TR SOEBE LK LU SRR FEIGUEN; 5 S T T KR
RS0 R B IE AR Hh S0 P s 55 6 T SO AR HEAT R
2. MEFHIR

FERNG BT RN, Wx, x 8 x K5 AIIE: RS BT RRR, WA, 4,04
Rl (i, )) M a-BrikR(d23) RS BEFESFEER, WA, A(,-i) KA, AkE
A RN B (i) ) A (niyeedy) « A0 8 AV SR B IETAERY S AAB
FORARTER A R R B e R [RISEFEY) AT, B ¢ = A ABE Co ) = A glhmia),
Ay € R F5R d Wi A e R™ " WEH 5 & ML JR T IO AEE o

SEX 1 (B kK - FEFEIRIE tensor). LA e R™ W Sy g Bk, UeR™™ NiERE, WA x, U
SN A G U TSR KBS IITRAL, RN nyxoxm_ x Lxng, x-xny » FebR—AN eI H07 0
T

(A Xk U) = ZAV“Q/U”/:'

i sl— 1ol i

RIS AEAE A RIS K R
B=Ax, U B, =U-A,.
SEN 2 (FREMSHA S S H[30]). D-MrikE A eR™ ™ 2L R E SUN:
£(A)=AxU, x,U, --x,U,, (1)
Heb, L7 AR, U, e C LA I € S6F R 0 AR S B, H
U, -U'=U"-U, =al, Vie{3, .dj, )

Hob, @ >0 AR S(A) TR N ' (A)=Ax, Uy x, U % U € (A)=A.

X 3 (G - KEIRIA30]). 4 & MTRATAILIEAS, HFALE A e R FIBeR™™ ™,
U T2 AR 4 & 1) d -Br sk B aRA A +, B g SUN:

C=A*B=g"'(A,AB,), 3)

SEE (3], EH3. Bikr2l, a>0, a'>0. 2QeR™, HhJ>(1+1/In(1))I . &
A(r,a,a',1,J) G FHAA RN ITxJ KL RE Q = (wy.) » FrF B FT A JC R SRR [F) 43 A ) SEAE BE AL AR
&, RN R

(a) %H: E(|a)y.|3)§z'3;

(b) TE%L: P(”Q"2 >ax/7)£exp(—a'J);

@ %% Eof)<1.
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P(o, (Q) <bVJ ) <exp(-bY).

1L BB Qe R RMLAFEHIEN. R 120, c21, ' >0 BAH P(|Q), > av ) < exp(-aV)
Hera=6rVa'+4.
3. BEHHHKE LU SR8k

FET BN B A Sk - SR EIRAELL, A SCHFAC T A TR B TR R LU 40 O AL
R T SR TR B AT — VRV B, B AR S TAEEEE L AR 4. B BLIR Oy 3 A
KA I K &
3.1. EXRPENHIKE LU H1#

FA TR ik & LU S-S ARG ot 2 I T 5005 1. BUATT 3, BENLALSK & LU 4> #(Randomized
Tensor LU, R-TLU)HTHE 1] A4 73 A i 4>+ 0 3%

BB GENSB): T mTBHEHR, RTLU P A F =ikt £, o %kt 5 1y
A, BUAERTR R A e RN N gy E S (4 BIUE R B T RENLILEB T-SVD
(2211 BB AL 3R

Py A zL"yl *e (z'yl )T ¥ Py A 4)
ST (BEPESR): X RAESRE B=(LC,) %, P, ABTIREIS 2T LU S48, B
B Q=1L U .
AS BN B 5 B E PR B A IF 5
P, A%, Qr L, U (‘C:=£y1 *EQ,L{:U,,), Q)

Hrh, PHQANBEMKE, CHMUDMNNZMNE=MAKE.

BE 1. BEHLILSKE LU 988, ®FRA RTLU

BN AeRM N W[EMAR: ¢, T-SVD #k: R, E#RNE: L>R.
With: PO LU P A%, QxLx U .

LR S EH T A BEIEER: A, « £(A):

2.for k=1,2,---,N;N,---N, do

3. PUEEBENLERERE: G, e R,

4. Y, <A (k)G

5. Rif RRLU #f#% Y, qjﬁfﬁ%’%(:,:,k)-l’lk (Q)) (:,:,k)=(£ )S (:,:,k)-(blyl )L (k) s

6. Be((£,),(1RA)) Pnk) Ay (k) 5

7. RUBUIEH LU 4R B 658 B-Q (k) = (£, ), (k) -(U), (k)
8. l:(:,:,lc)e(lly1 )2 (k) (L, )£ (k) s

9. Ll(:,:,k)(—(ub)x (k) s

10. end

Il P2 (P), Q«L(Q), L&' (L), UL (U,)-
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3.2. BiBREHILKE LU S RE %

FEATT T, TATE St — Ao M e ) B LK LU Sk (RiPR SPRTLU, VW% 2),
[l N 5 HH HORE R 3R 22 SR e 5 2R M .

Bk BIEREHLLIKE LU 982, &F#R% SPRTLU

BN ARV N, WML TH: £, HIT-SVD#: R, HHik/Dh: L.
Bl POLUME P Ax, Q~xLH U -

L XA AT AR Hg £ . A, « £(A)
2.for k=1,2,---,N,N,---N, do

3. EWMBABENAERE: G, eR™, G, eR"M;
4. Y« A (4uk) Gy s Y, <Gy AL(nk) s

5. ﬁxﬁﬁmuU\MﬁﬁP( k)Y (Q), (k)= (£, ), (k) (U,), (k) s
6. B (Gyy Pl (k) yY

7. ﬁBWW%ﬁLuﬁ%ﬁﬁB Q(nk)=(L,), (0k)-(Uy), (0K 5

8. L(:,:,k)(—([lyl)2(:,:,k)~([77)£(:,:,k);

9. Ll(:,:,k)(—(u,?)g(:,:,k);

10. end

1. P« SYP), Q<8 (Q): L«L' (L) UL (U,)-

3.2.1. SPRTLU EZRYHiR SRS ER
SMHMWEEEEJWWﬁEﬁﬁ¢ﬂﬁ%%%%@ﬁ&1*B%%fﬂ?nA%Awﬁ%,

EB=(L,) « Pr, AFRFANER L, 135
£,4B=L, 5 (L,) 5 P A
AT 5 Prg Ax L %, (L) o Prg AR
L+ BrxPx, A
(AR Wy = Oy *e A o FE L % BrPry A NG, +, P, AT L2
G, %o Pl ¥ L 4 BrG * A=),.
R%, TAUGE] B H—MERIER:

Bx(Gy* P 5, L) %o Wy (6)

Wl FaRHES, FATATLURIL: SHEVUAL RTLU SEAHEE, SPRTLU Sk — ANl
Pr AL *, (L ykP*Aﬁ%ﬁEMmﬁ B, S0% 2 MiRZEEF <A 1 KRER. Bk
o, HREANT R4,
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[P AxeQ-Lx U,
=||7>*£A*£Q_£ %, L, %, u”
=||'P*2.A* Q- L *SB* Q"

:
|Pra-g s (Gun P L) 2| @)

g A_‘Cyl *a (L"yl )T *g P*s A

F

+

L:y s( )* P, A- [, ~(QZk*):’PT=x<£[,yl)T>k2kaF

BT RIRGER, BAVAHEIL 2 RE W, HLEMRIERE N — a4
SEH 2. A ASEKANH N XN, x-xN, (N, 2N, EskE, R I T-SVD %,

L>[1+ﬁjR MATER bk, &8, —(Z], = fZIOgA2 , 0, —tkex/—(\/Nz—RJr\/E)thke\/ﬁyk,

Ho0<A, <1 MABEE2 FEARIBENLTKE LU 2 ff L

1 N3N4 R( O'R+] )2
[Pre Ax, Q- L u||F£— +[ A~ AR”F ®)
P (&kl Ak le )
U\Z:/J\q:‘l_eiazjvl _eich ZN3 NdA E’J’I‘Eﬂiiﬁﬁi, ;Hx:qj? é?jlal,cl,apq E%}E 1 6%7\'_5"
A =X o) s 6 =(80) (1) S KE AU So VT A T-SVD FER
k- R SefEi&ix
3.2.2. SPRTLU BGERIE 2 E O R
HEMNKREN AR N | e 0 MERBEINTR: 1) R N,xR, LxN,KIBFLAERE, %E
O(N,R+N,L)IEH; 2) WHIENEY,, Y, HFEO((R+L)N,N,) WiE5: 3) X ¥, % RRLU 4
O(NR) UESE: 4) W Gy Py (,k)-(L£,, ), (1) WE O(N,RL) YBSE, 151

Gy Py (k) (£, ), (k) RRIR - B WI S FHE O(RPL+ R + RL) WIEH, JFTRDSERE Y, 75 %

pal

O(N,RL) UGZSE; 5) *t B WAINEsel) LU SEHEO(NR ) IEH: 6) 15 L T O(NR) WiE 5
HE FRBIR NN, - N, I AOGRFEIE 2 WEDI R s SR AR R 2R

Coppriw = O(NsNy-- Ny (NL+ NyR+(R+L) NN, +(N, + Ny + L) R +(N, + N, ) RL+ R*) ).
AR A AT TS A € S ST T &, W e(A)B e (A), WEE
O(TTL N - XN, ) DT s e X T LeRRpR I A & (ki S Ay, S
LB O[T, N, - X7 log N, ) VIF AUZ .

3.3. FREREMEILKE LU SRR

TEANTH, T DRI Ik E, FRATLE RS 2 S — AR IR(FIFRCH SO-SPRTLU, LAV
3), [FBHESF BN RE EREIRFIE AR .
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3.3.1. SO-SPRTLU E MR SIRIpLE R
FEATR Sy, TR — R B0 723 [B) OB BE N AL Tk B LU 20505 (fRI PR SO-SPRTLU, 1 W92
3) IR 2 FEIEMIE G, N (),) = (Ax G, ) s TAVEBIE 2 ik, kR,
FEA b, BATHATWO R E:
Y, <A, ( ) G,.Y, <_(Y ) A, (:’:’k)’

Hr, G BN R FERE .
N, IRATRITENE 3 RIER RS, HARZE B FUARE 2 R E BB E L,
REHE 3. WTHIE R 2 MRES AR, B 3 AR ABENLIK R LU 7 AL -

2 2
||’P* A*, QL L{" 1N3N42Nd2 R(&fk>) (&Eﬁl) (®Ak )2
P

5 (0 (o)

2

o (€))

+|A - A,

BIAVNF 1= A, IS BT

Bk 3. FoE R iBkEHLeKE LU 962, &#R SORTLU

BN AcRYNe, WA £, Hif T-SVD#k: R, FHIAD: L.
Wl P.OLUME P, Ax, Q~L* U -

LR A (ETAEA C A, < S(A):
2.for k=1,2,---,N,N,---N, do

3. AERBEUERE: G, e RV

4. Y, <A (k)G Y, <Y A (k)

5. Xt Y, {&£ RRLU 4 fififi 15 ’F‘Q(:,:,k)-Ylk .(Qy)s (:,:,k) =([,, )2 (:,:,k)-(u )z (:,:,k) ;

N N

6. B (Gy P! (:1k)-(L,), (:,:,k))T Y,

N1

7. X B ARSI LU Mg {845 B-Q (55 k) = (L, ), (k) - (U ), (k) 5
8 Lok e (£,), (50) (), (k) s

9. U(,.k)« (Y, )( NIk

10. end

1. P2 (P), Q«L'(Q) L«L&'(L)r UL (U)o

3.3.2. SO-SPRTLU HEK SR E N

SEMNTKE R A e RN N B3 ISR 1) £ N, xR MBEHUERE, 32 O(N,R) A
&5 2) WHHEHE Y, Y, #2 O(RNN, ) #7538 5 3) 0HEFE Y, % RRLU S 2 O (N,R? ) 17 £S5
H) WY P (nk)(£,), (k) TEO(NR) VRIS, WHY, P (n0kh)-(L,), (k) MK - 8
B ST E O(R ) AUEH, JFRBERE Yy, 58 O(N,R? ) W55 5) *F B MBI LU 4
TEO(NR ) WIS 6) WS L HEO(NR) 1780385 EE LS NN, - N, REAEBI5L: 3
WY g S B AR R 2R

Coonm =O(NyNy Ny (N, + N, )R> + NN, R+ N, R+ R°)).
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Xk A AT IS LA & B T o, BIS(A)E e (A), BIRE
(H N,- z N, ){}\/ﬁﬁ RISEL T SRR R A A AR e & (bR B AR, TH SR R R AT
U\IEEF{EE%J(’)(H[:]N,.~Zj:3logNj){}\¥5’m'5nJéﬁo

3.4. FLABEHL LU 57 5%
3.4.1. TSRTLU EENEASERER
NTHGHE 2 R B, WAL TG Pry AL, (L) P AL FMU, X5
B A, Q@ An, @, (U,) 5, (1) Forb L, %o U, RN Pyxy Dy %0 Q M LU SRR 55
e, KT ARG ISR, A5
B=(G,% P+, L,) % N Qn U
i ERHET R T BIIAI, BRI XGLFEYLK & LU H% 4.
T T UL : A vy @~ Any @y (U, ) #y (U, ) 5P AL %, (L, ) 5o Pry AL HILE
V4T T MR . Bk, RATEWR:
[P+ Ax, Q-Lx U,
=||’P*£A*£Q—£ xy L% Uy v U ||

:HP* Ax, Q- ﬁ z(gz*zp * £y1) )R Q% (10)

<|PrcA-L, % L xPx Al

HE L',‘ ¥ Pr A Q-L g(gz*ﬁpT yl) e

MEETFRTQ), ZRFIINTHIMERZET . ETX 458, RIERIHEE 4 iR ZE R 1L, L
EH 4,
EH 4 XA RKNRNN XN, x--xN, (N, 2N,)FJsEkE, RZTWHHN T-SVD £,

1
1 2 2 2 2
> 1+_ Ro Xﬂ"fi%ﬁagk7 At = t = — ’ = 210 — = 210 —
( 11’1R) ~ by Alk 2% AZk i gAlk Ho gA

O,, =t1ke\/E(,/N2—R +x/§)+tlkeﬁ, 0,, =t2keﬁ(,/N2—R +\/E)+t2ke\/—, H0<A, <1,
0<A,, <1o WAmFEIE 4 ERBEPLTKE LU J i 2 -
[P Ax, QL U,

SOV (50 ) ’
Nmzwd [Hal\/ﬁlJ RA( ! ) ("R*l) (%;;ﬁ”A_AR"zF (1h

(o (RO (O )y
(6] (0, +(67)

PR/ T 1—emeM et -5 0N A MRS RRSL, b ay,c,ay, ¢, R HERE 1 #iE, HARFFSIE LS
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B2 fESRAL -

B3k 4. BHBEHISKE LU 9F2, Bi#R TSRTLU

BN AeRY N, WLk £, HART-SVD Bk: R, HEHIK/N: L.
Ftl: P.OLUME P, Ax, O~Lx U

LR AT S A, « £(A);
2.for k=12,---,N,N,---N, do

3. RPN G, eR™*, G, RPN,
4. Y, « A (0k)- Gy Yy Gy - Ay (k) s

5. Ay, 57, 1E RRLU 2 f@fifs

P (5k)- Xy, -(Qy )): (5.k) =(L',yl )E (:,:,k)-(uyl )E (k)5
(B, (k) B (@), ()= (£, ), (k) (14, ), 50)
6. B(—(GM P (o k)-(LI)E( k)) Xy, - Qq (k) [(Uyz )L (:,:,k)} ;

7. X B AESUNERE LU SMRMEAT B-Q (k) =(L, ), (50k) (U, ), (k) 5
8. L(wnk)e ( ) ( k)-(£,), (3 )

9. U(uk) <« Luk)-(U,,), G

10. end

Il P2 (P), Q«L(Q), L&' (L), UL (U,)-

3.4.2. TSRTLU EZEME RE 54T

BEMANKEN AR N, 55 4 WERENT: 1) BN, xR, LxN, KB, 5%
O(N,R+N,L)¥F skt 2) WY, Y, MEO((R+L)N,N,) # RI&5; 3) MEREY,, Y, i RRLU
DHETEO(NR + N,L') FRIEH; 4) IWH G, P (Luk )(Eyl)ﬂ(:,:,k)ﬁ'ﬁ%;&O(NIRL){%)ﬁEﬁ, !
G, Pl (k )-(L:yl)ﬁ(:,:, ) IRRR - B ST E O(RPL+ R+ RPL) i IS5, FFRLISERE
Y, (Q), (k) TE O(N,RL) iF riis 5, ﬁ'ﬁ(uyz)ﬁ( k) AB/R - 2B ) SO FR 22
OwM+Bumgﬁﬁ@ﬁ,%Eﬁ%ﬁﬁ@@k@%ﬂ%%@@ﬂmﬁﬁﬁﬁ;ﬂﬁBﬁﬂﬁ%
I LU SR H 2 O(RL) FIES: 6) (L)), (nk)(£,), (00 k) WEO(NR) FrUEH: 7) 15
(U), (k) (U,,), (k) T EEO(N,RL) ¥ riia bt BH ERIPIR NN, N, I ARG 4 i)
R H BRI

Crsprie :(’)(N3N4---Nd (NN, (R+L)+ N,L(R+1)+N,R(L+1)+N,R* + N,L* + LR’ +R3)).
SE B A MEAT AT P e & S TR £, B S(A) RS (A), HEE
O N, S N, ) URIF SESE . 3T BRI TP (BB ), LA 2 B ]

BN O (T2, N, X0 log N, ) RiF AUE S

4. BUARREFIEILAERA
RS HERE 2, L 3 DUSGEHL 4 OIEMIZ AT, FRATE o PN LL o B0 5| BRI Ay L
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ﬁA=U*ES*EVT%j(/J‘?‘SINIXNzx"'XNdE"J%ﬁ%v‘lEI(] T-SVD’ g%j(/J\y‘jNQXLX"'XNd E(lejﬁ
BLkR L WP R EAHO<SP<L-R, MR EHK. MFFREML, (A )" #17%5

z:lk

VH
(A)" =[U, U,] z L,IZ} (12)
Z 2k

3k

v =(U) (1 L=P) s Uy = (U (L-P+1:N), Vi =(W) (1:L-P),

i~
I
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Table 1. Experimental datasets used for evaluation and their detailed information

= 1. BT HER R EREEURENEENER

CI 1: Sunrise 3040 x 4056 x 3
=R kB
CI 2: Watzmann 6529 x 8029 x 3
o s CV 1: Rush-hour 1080 x 1920 x 3 x 100
AR TP
CV 2: In-to-tree 1080 x 1920 x 3 x 100
. — MRSI 1: Landsat-7 4500 x 4500 x 6 x 11
VU 22 b 32 R R
MRSI 2: T22LGN 5001 x 5001 x4 x7
. LFI 1: Lego-Bulldozer 1152 x 1536 x3 x 17 x 17
M G R R
LFI 2: Eucalyptus-Flowers 1536 x 1280 x 3 x 17 x 17

5.1. XWFE
SEIGHHE £ EAARE R A EIME (Color Images, [HFR CI%). Fafi4li(Color Videos, HFK CV3). 2 MBI

*https://commons.wikimedia.org/wiki/Google Art Project
*https://media.xiph.org/video/derf/
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Figure 1. The comparison between the proposed single-pass randomized algorithms and the competitive algorithm
in terms of approximation accuracy and computational efficiency on large-scale color images
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“https://theia.cnes. fi/atdistrib/rocket/#/home
Shttp:/lightfield.stanford.edu/Ifs.html

DOI: 10.12677/airr.2026.155117 1289 PNER ST IR YN


https://doi.org/10.12677/airr.2026.155117
https://theia.cnes.fr/atdistrib/rocket/%23/home
http://lightfield.stanford.edu/lfs.html

S
035 T T T 1500 V ™~ T ’ T T T L
N Rt e NP
—=RTLU ¥ e
03 —0=SPRTLU| |
~ = SORTLU
¥ —¢=TSRTLU 1000 - ]
0 0251 = —o=RTLU
B = =0 =SPRTLU
= S —# = SORTLU
= 5 = = TSRTLU
02f — =T-SVD
500 F SEEEE—
0.15]
DWW T LS 2 = 2 5
01 o ‘ ‘ ‘ ‘ ‘ ,

0.25

02r

4 0157

ARRT 17

0.05

50

100

150

200 250

T-SVD #
(a)
Figure 2. The comparison between the proposed single-pass randomized algorithms and the competitive algorithm

in terms of approximation accuracy and computational efficiency on large-scale remote-sensing image datasets
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Figure 3. The comparison between the proposed single-pass randomized algorithms and the competitive algorithm
in terms of approximation accuracy and computational efficiency on large-scale color videos
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Figure 4. The comparison between the proposed single-pass randomized algorithms and the competitive algorithm
in terms of approximation accuracy and computational efficiency on large-scale light-field image datasets

4. FRY BB EE S TR WL E AR AN G E SRR LS E Rt

DOI: 10.12677/airr.2026.155117

1290

NI 0L A


https://doi.org/10.12677/airr.2026.155117

FH, EX&

SHOMK, MR RS, SHRMEERR; HRESZMR, HE5RESHEINLMILRRR .
WAL, P ARSI BE 06 B S RS FE RS AT I (], Fe VP SRATTIE 3 — O i
PR SHUEAS AT AR 22/ H RV .

6. &t

fir B T RENLEBE A SR A FENL R B EOR, AR E - SRESFBINEZL N B2 1 35 110 1) AU e
Bk bR IE R A OB RE LS . BT ARSI REN AR PR B 1S, BRATEE P EHE S T TR AR ZE L
FER S RERE . £ R s 4E 5k B 80 LSt g R O kW] BAIPIR B B R
RS A S &

SE

[1] Shu, H., Wang, H., Peng, J. and Meng, D. (2024) Low-Rank Tensor Completion with 3-D Spatiotemporal Transform for
Traffic Data Imputation. IEEE Transactions on Intelligent Transportation Systems, 25, 18673-18687.
https://doi.org/10.1109/tits.2024.3422214

[2] ZEL, sk REE, BEAER. JEECOKEER A3 S EIRIZIE[]. L2, 2014, 43(12): 1211-1216.

[31 Liu,C.,Li,S., Hu,D., Wang, J., Qin, W., Liu, C., et al. (2024) Nonlocal Tensor Decomposition with Joint Low Rankness
and Smoothness for Spectral CT Image Reconstruction. IEEE Transactions on Computational Imaging, 10, 613-627.
https://doi.org/10.1109/tci.2024.3384812

[4] Wang, Y., Hou, H., Yi, X., Wang, W. and Jin, S. (2025) Toward Unified Al Models for MU-MIMO Communications:
A Tensor Equivariance Framework. /EEE Transactions on Wireless Communications, 24, 10517-10533.
https://doi.org/10.1109/twc.2025.3580321

[S] Kolda, T.G. and Bader, B.W. (2009) Tensor Decompositions and Applications. SIAM Review, 51, 455-500.
https://doi.org/10.1137/07070111x

[6] Tucker, L.R. (1966) Some Mathematical Notes on Three-Mode Factor Analysis. Psychometrika, 31,279-311.
https://doi.org/10.1007/bf02289464

[7] Oseledets, I.V. (2011) Tensor-Train Decomposition. SIAM Journal on Scientific Computing, 33, 2295-2317.
https://doi.org/10.1137/090752286

[8] Zhao, Q., Zhou, G., Xie, S., Zhang, L. and Cichocki, A. (2016) Tensor Ring Decomposition. arXiv: 1606.05535.

[9] Kilmer, M.E., Horesh, L., Avron, H. and Newman, E. (2021) Tensor-Tensor Algebra for Optimal Representation and Com-
pression of Multiway Data. Proceedings of the National Academy of Sciences, 118, €2015851118.
https://doi.org/10.1073/pnas.2015851118

[10] Zheng, Y.-B., Huang, T.-Z., Zhao, X.-L., Zhao, Q. and Jiang, T.-X. (2021) Fully-Connected Tensor Network Decomposition
and Its Application to Higher-Order Tensor Completion. Proceedings of the AAAI Conference on Artificial Intelligence, 35,
11071-11078. https://doi.org/10.1609/aaai.v35i12.17321

[11] Woodruft, D.P. (2014) Sketching as a Tool for Numerical Linear Algebra. Foundations and Trends® in Theoretical Com-
puter Science, 10, 1-157. https://doi.org/10.1561/0400000060

[12] Martinsson, P. and Tropp, J.A. (2020) Randomized Numerical Linear Algebra: Foundations and Algorithms. Acta Numerica,
29, 403-572. https://doi.org/10.1017/s0962492920000021

[13] Murray, R., Demmel, J., Mahoney, M.W., ef al. (2023) Randomized Numerical Linear Algebra: A Perspective on the Field
with an Eye to Software. arXiv: 2302.11474.

[14] Minster, R., Saibaba, A K. and Kilmer, M.E. (2020) Randomized Algorithms for Low-Rank Tensor Decompositions in the
Tucker Format. STAM Journal on Mathematics of Data Science, 2, 189-215. https://doi.org/10.1137/19m1261043

[15] Che, M., Wei, Y. and Yan, H. (2020) The Computation of Low Multilinear Rank Approximations of Tensors via Power
Scheme and Random Projection. SIAM Journal on Matrix Analysis and Applications, 41, 605-636.
https://doi.org/10.1137/19m1237016

[16] Che, M., Wei, Y. and Yan, H. (2025) Efficient Randomized Algorithms for Fixed Precision Problem of Approximate Tucker
Decomposition. SIAM Journal on Matrix Analysis and Applications, 46, 256-297. https://doi.org/10.1137/23m1594066

[17] Ahmadi-Asl, S., Cichocki, A., Huy Phan, A., Asante-Mensah, M.G., Musavian Ghazani, M., Tanaka, T., ef al. (2020) Ran-
domized Algorithms for Fast Computation of Low Rank Tensor Ring Model. Machine Learning: Science and Technology,
2, Article 011001. https://doi.org/10.1088/2632-2153/abad87

DOI: 10.12677/airr.2026.155117 1291 PNER ST IR YN


https://doi.org/10.12677/airr.2026.155117
https://doi.org/10.1109/tits.2024.3422214
https://doi.org/10.1109/tci.2024.3384812
https://doi.org/10.1109/twc.2025.3580321
https://doi.org/10.1137/07070111x
https://doi.org/10.1007/bf02289464
https://doi.org/10.1137/090752286
https://doi.org/10.1073/pnas.2015851118
https://doi.org/10.1609/aaai.v35i12.17321
https://doi.org/10.1561/0400000060
https://doi.org/10.1017/s0962492920000021
https://doi.org/10.1137/19m1261043
https://doi.org/10.1137/19m1237016
https://doi.org/10.1137/23m1594066
https://doi.org/10.1088/2632-2153/abad87

FH, EX&

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]
[29]

[30]

[31]

Shi, T., Ruth, M. and Townsend, A. (2023) Parallel Algorithms for Computing the Tensor-Train Decomposition. STAM
Journal on Scientific Computing, 45, C101-C130. https://doi.org/10.1137/21m146079x

Al Daas, H., Ballard, G., Cazeaux, P., Hallman, E., Migdlar, A., Pasha, M., et al. (2023) Randomized Algorithms for Round-
ing in the Tensor-Train Format. SIAM Journal on Scientific Computing, 45, A74-A95.
https://doi.org/10.1137/21m1451191

Zhang, J., Saibaba, A.K., Kilmer, M.E. and Aeron, S. (2018) A Randomized Tensor Singular Value Decomposition Based
on the T-Product. Numerical Linear Algebra with Applications, 25, €2179. https://doi.org/10.1002/nla.2179

Tarzanagh, D.A. and Michailidis, G. (2018) Fast Randomized Algorithms for T-Product Based Tensor Operations and De-
compositions with Applications to Imaging Data. SIAM Journal on Imaging Sciences, 11, 2629-2664.
https://doi.org/10.1137/17m1159932

Qin, W., Wang, H., Zhang, F., Ma, W., Wang, J. and Huang, T. (2024) Nonconvex Robust High-Order Tensor Completion
Using Randomized Low-Rank Approximation. I[EEE Transactions on Image Processing, 33, 2835-2850.
https://doi.org/10.1109/tip.2024.3385284

Halko, N., Martinsson, P.G. and Tropp, J.A. (2011) Finding Structure with Randomness: Probabilistic Algorithms for Con-
structing Approximate Matrix Decompositions. SIAM Review, 53, 217-288. https://doi.org/10.1137/090771806

Tropp, J.A., Yurtsever, A., Udell, M. and Cevher, V. (2017) Practical Sketching Algorithms for Low-Rank Matrix Approx-
imation. SIAM Journal on Matrix Analysis and Applications, 38, 1454-1485. https://doi.org/10.1137/17m1111590

Bjarkason, E.K. (2019) Pass-Efficient Randomized Algorithms for Low-Rank Matrix Approximation Using Any Number
of Views. SIAM Journal on Scientific Computing, 41, A2355-A2383. https://doi.org/10.1137/18m118966x

Kaloorazi, M.F. and de Lamare, R.C. (2018) Subspace-Orbit Randomized Decomposition for Low-Rank Matrix Approxi-
mations. /EEE Transactions on Signal Processing, 66, 4409-4424. https://doi.org/10.1109/tsp.2018.2853137

Li, H. and Yin, S. (2020) Single-Pass Randomized Algorithms for LU Decomposition. Linear Algebra and Its Applications,
595, 101-122. https://doi.org/10.1016/j.1aa.2020.03.001

PGS, BT DCT A2 #e (73 Bl 7k B 2 il 505 L LN HI[D]: (B2 008 3C). BTl B i TR R 2, 2024,
EAG. BT AR I A SRR S AR ARIE L P B N [D]: [ 2 AR ST B BUM T RHEOR S,
2023.

Qin, W., Wang, H., Zhang, F., Wang, J., Luo, X. and Huang, T. (2022) Low-Rank High-Order Tensor Completion with
Applications in Visual Data. IEEE Transactions on Image Processing, 31, 2433-2448.
https://doi.org/10.1109/tip.2022.3155949

Litvak, A.E., Pajor, A., Rudelson, M. and Tomczak-Jaegermann, N. (2005) Smallest Singular Value of Random Matrices
and Geometry of Random Polytopes. Advances in Mathematics, 195, 491-523. https://doi.org/10.1016/j.aim.2004.08.004

DOI: 10.12677/airr.2026.155117 1292 NTHE

ASHIRE YNk

D)-
>


https://doi.org/10.12677/airr.2026.155117
https://doi.org/10.1137/21m146079x
https://doi.org/10.1137/21m1451191
https://doi.org/10.1002/nla.2179
https://doi.org/10.1137/17m1159932
https://doi.org/10.1109/tip.2024.3385284
https://doi.org/10.1137/090771806
https://doi.org/10.1137/17m1111590
https://doi.org/10.1137/18m118966x
https://doi.org/10.1109/tsp.2018.2853137
https://doi.org/10.1016/j.laa.2020.03.001
https://doi.org/10.1109/tip.2022.3155949
https://doi.org/10.1016/j.aim.2004.08.004

	基于随机素描的单通高阶张量分解算法
	摘  要
	关键词
	Single-Pass High-Order Tensor Decomposition Algorithms Based on Randomized Sketching Techniques
	Abstract
	Keywords
	1. 引言
	2. 预备知识
	3. 随机化张量LU分解算法
	3.1. 基本的随机化张量LU分解
	3.2. 单通随机化张量LU分解算法
	3.2.1. SPRTLU算法的描述与理论结果
	3.2.2. SPRTLU算法的复杂度分析

	3.3. 子空间单通随机化张量LU分解算法
	3.3.1. SO-SPRTLU算法的描述与理论结果
	3.3.2. SO-SPRTLU算法的复杂度分析


	3.4. 双边随机LU分解
	3.4.1. TSRTLU算法的描述与理论结果
	3.4.2. TSRTLU算法的复杂度分析

	4. 算法的误差界理论证明
	4.1. 定理2的证明
	4.2. 定理3的证明
	4.3. 定理4的证明

	5. 数值实验
	5.1. 实验设置
	5.2. 近似结果

	6. 结论
	参考文献

