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Abstract

Traditional machine learning methods often convert high-order tensor data into a lower-order
CESEE .
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format for classification purposes. However, this approach can result in overfitting and the loss of
tensor structure. To address these issues, this paper proposes a multi-classification model based
on tensor low-tubal-rank (LRTMLR). The LRTMLR model directly classifies images in tensor for-
mat and utilizes the tensor pipe rank induced by tensor-tensor product and corresponding tensor
kernel norm to handle low-rank tensors. This enables better utilization of the characteristics of
the tensor structure and improves the accuracy of multi-classification for images in tensor format.
The classification accuracy of LRTMLR was 9.6 percentage points higher than that of the methods
without structure information (MLR) and with matrix structure information (LRMLR) on the
three-class simulation data set, and 23.2 and 25.2 percentage points higher on the five-class simu-
lation data set, respectively. On the three-class, five-class and 14-class subsets of the 101-class
color image recognition dataset of Caltech University, the classification accuracy of LRTMLR was
10.01, 25.61 and 40.78 percentage points higher than that of MLR, and 10.68, 25.61 and 40.78
percentage points higher than that of LRMLR. Compared with the method based on CP decomposi-
tion (MCPLR), itis 6.47, 13.37 and 27.73 percentage points higher, and compared with the method
based on Tucker decomposition (MTuLR), itis 1.79, 12.38 and 13.71 percentage points higher. The
effectiveness of the innovation is demonstrated in ablation experiments.
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1. 5]

OIS AL AR ST B O 2 —, R H R AR T BON R LR L, AR SS . WIS A
FERGH . R ZR UL EG A B UR [ LG BT 2 N« VF 2 AR G HLEs 5% ) J5 8 mT LU R
fRURZ I, S RE R EAL[2] . KO ATIE[3] B AR MIARERL[4] [5]%F . BRUbZAb, SRR IR E
310795, 0 BP MM 6] FE ML [7], WAEIE EEER TR, BIRERE AR
L RS RN BTN, (RN BEEE R, S8R AR H A B TR . 7E—288)
PR AEEME LR, 0 7 228 1A AT R P SR A8 o (103 5 (U B 52 A 50008 23 W ) AR A FH R 2 ) O vk o TRt
ARSI NH SR AL Gb L8R 5 2] 43 71k S A

TERZ 53 IR, o FAE T LA B AR o) . — oy IO M . AR SIS
HOVRERARAEE T R, AR PR . (H — LR G DUE R T R, TR s
RACF P g B IR A, S R R A B A A S5 A5 8] [9]. DRI, DT R AR 45
B R, ARZ 5 H PV 25 ) S A R HE ) 2R R (1) 77 72: . Gabriel S5 [ 10725 146 B UG ECE I RRR SRR 2
A5 FHOAAE [ A AR B AL G () [l AR AR, 2 i 1) SOMZR [ 1952 8 (A Generalized Bilinear Regression
Model, GBR). fH T GBR &5 B id £ A RERK, Tk THIEERER, Hou 5[11] [12]H1E
UEBERl B T 2k B R R AT A R UG 732 . AR TTZAR AL 2 — AN ARG ) 3, RS 4
Jaffe T2 2 A L AR M IR S B B8 K, Yuan ZE[13]3& H T ICAR A [ [ 9 455 8 (Low-rank
Matrix Regression, LRMR), | F /> Z3fedii 25 i 43 28 2% B P 25 07 1200 R RE R 16T 40 28 . (R e/ —3fe

ik
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PR R B BB AR SR A B R e IR A EE, WAEH T 202, Fik Hu Z[14]
P T — AR A B £ 4> 25 45 B (A General Robust Low-Rank Multinomial Logistic Regression,
RLRMLR), F A X4 2k BN & TR S AR 2R EAT G AL, STy ] DU ME s — 8 4028, JF
BHAEA 7 BG5S 1 R AR S A5 A5 8w DU e 75 5 s Ao 925

w4, KREREGAUKERGRIERHI, B2 DR EEGESIE . REeRarB. i
BRANEE 2 AR S H AR BRI B . IRRIKERNEEIE R, AT DL D S 8O i 1 R oR &
HERE, [R5 Tk AR RS B BT A R ME RS M [15] [16], R AES o K55 R B Hik &
50 s W UREES TN =N

XA EAL(Support Vector Machine, SVM) &A% 4t 73 S S A8 A 0 —Fh J73%, Tao S [17]4H T
— i 5B 5K & 2% 3] (A Supervised Tensor Learning, STL) %, #H 4™ & N ik &L (Support Tensor Ma-
chine, STM). SCHFsk ENLE IR E SHEBONKR—TKE, KBIKES R HEL . HE—KEREE
BHBE AR, Kt Kotsia Z5[18] [19]1%: T Tao ZHIWF 7T, KA T CP A% aURT Tucker ¥ zRHU STM H )
BR—REKE. BT SCRAIENKEY R, Tan S [20188 KA E k8 @58 CP & 20K 18 45 ] I A
BIHE 25k & . SR1fT, CP BE SUNFE— TR & 7 i 1 B/ N, B SR A2 — > NP HE jn] @[21], Chen %5[22]
[23MEfSH T 5 R AR TT BORAHE SCRETR L, 8 FL R 8 5 4 (10 e 4t K S e k4T 0 28 A,
PLEJERR R AR T B EIE RIS, A& T 2 7 2885 .

SCHR[24THE H 5K B2 SR AR TR AR IR B S5 03 o SRR, SKERA ZFA R @ L7
o BH W2 CP 3 fi#id5 1) CP BN Tucker 73 fif# 1% 5 1) Tucker k. X TRBRTK &, HIH 451445 5
A7 X7 AR X R BRI AL R . T ok R AR ), SRARULAL ] BB R AE, T 38 A R Rk 11
3T AL R 5K B A Y HON B IR B IR RR LI R . CP Rk R HE LA 5 B i DU DAAL 38, ol D S 4 A 2
() Tucker FK[21]55 H i UA EBON 2 AER . JRIM, VF2 SCER[25] [26] [27]H2 ] Tucker £ & ™
WA AL WA R AL I, ANReTE At s 4E sk RIS MAR DG, R, Lu S5[28]% X T —FhE T ok &
- SREFM K EEER, JEHIRE TR HKE - KRERTE S T K EZE B E R KB EERR R
AL, 1% 57 S AR R A A M AN T BLARE . Wang ZE[29]7E SR H A AL T Lu ZE5R
ST R AR DG B UL 53R A8 T ARSI EE S, D BB T sk B AR T R PR

REKEE B2 N T BEIKE @, ERESE ERNHIFAZ W, 7R HKEEERR
PRI EBZ R, A% Hu FSRBZ 0K E K, B TK E R S TRk &
%4321 48 7] 4 (Low-Rank Tensor Multinomial Logistic Regression, LRTMLR)J5 . X F7 s/ 1 ik &
BTG RR S AE B ) ik RAZ VOO FR B E K A2 R, KRR R sk & (0 2540 (5 BRI T 7K 4
2R . AR SO EZ TAERAIHA LR =5

1) R —FlBr ik E 2 0 A, G IR 22 B T MG SR AU 5k B T Rk S H R B PRI AZ T 4
FINTK & 22 43 B AE 1R 50 I LA SE KR FE R ok B A5 115 R

2) ATHAGRERRSE, AP MRS, 5INEB)AS B A AT RS, A
Tk AT SE A DL B R K S AR e RO, JF HAE R T AR S R S, (R B SIS (1A R

3) NIUEA S AR, 1E07 FAHE A ISl BT RESes, @ik H 2 5 K8 hs PN AR
B, SR RITEAIR 2 3 S0 DL AR SCBLRY (1) 73 SRS FE RO L 7 i3 UG B AR Tt . [RIEE, R T 3RE S
NZEECHAT I B0 A 8, vt T VR SEES, 45 R I FERN R Z , A% T T T T kRO

2. FEHIH
PR RTR R FLIE B b A A B R G X, AR 3 R F % 4y 25071
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2.1. FF5iEA

AR SN DA R 0 B (— BB ) AR (B B ) BB B (0 2 4E ML, TS RS 0
A e RWZ U SRR d frgki, SKERENITRE RN A(iiy, i) » FHP1<i <l k=1-d; X T=
Kok B e RV, SRR | AL IRV AER T RN B(i) « B(i) BB ()
FAB(i, 1) FR I8 RS TR AB, - RIRIERE: AN S T R a b, RIORIEE: NS T
Brab, - KFoRbnE. FN, A A] . JA] . AL A kR | s |k s F
et

A7 C AT B A8 0 U R M0 9 {2, e Rt i =T N R O P A 25 5 R 2 B
Y e ROfi=1o N | o SRR, 30K X OFRERIDA Y, =[0,,1--,0] €R®, # X BT j2%,

Ly BT ATTEA LANERITERE R 00 BRILZANEE LY =[yy, You oy Y | € RV il dtiebn s
K o
2.2. EXEX

X1 GKER k e
Xj‘:J:—‘/I\%%AE]Rlvlzx---xld l_:j_‘/[\%ﬁ[gi M ERmXIk s :%Bg*ﬁ k Aaj@*ﬂiaﬁfC:Axk M, ;H\:%Xﬂ]]‘]::
C(i17'”'ik—llj1ik+1""7id):A><k M

S M (i) A (i i ®
:;M(J’Ik)A(Il""'lkfllIk’|k+1v"'a|d)-
EX 2 kEN.
N??&%AER“XIZXMW *DBERHXIZX'”XI" , HE{I‘]EI‘]W R(,/LB) iE)‘(y\j

b lg
(A@=;;m;A@5mMm@&w@) 2)
ZX 3 K& Frobenius i3,
K& A e R 1] Frobenius 7G4 XA

4]l = yA.4). ®)

E 4 Bk,

HRIESCHR[30], M F =Frak i A e RN, HEHLE A *A=AxA" =T, WENELKE.
EX 5 kE - KEH(T ).

T =Mk, K AeRY2S, BeR'>™9, R CHER[30], AE X

A( ,:,1) 1 [ 4®
A(.,:,z) A®
unfold (A) = . = : (4)
_A( I3)_ _A(Is)_
fold (unfold (A)) = A. ()
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4D 409 40
beirc(A) = A.(Z) A'(l) A-(g) : (6)
AW 4050 40
W ZF 0 TR A=B KA L xmx |y, HESCH
Ax*B = fold (bcirc(A)-unfoId (B)) (7

REX 6 FKE M A REDM(T-SVD).
BAeRYIN, MESCIR[28], AT AR
A=UxG=*V". (8)

Ky eR s, YeRZ"2% ZIERH, Ge RS RAIE Y] B #&5T AHEFE XAk

X7 kEEIEE.

4 Mishia S[31]F1 Zhang S5[32] B 7E, X Tk A e R, HiKEEERICH rank (A), &
SCNGIAER S REE SR, K GRET AR T-SVD, BlA=U*G*V", TRA

rank, (A) = #i,G(i,i,:) = 0}. )

AR 0 S 1 23 i P i 0 PRk A8 L A e, SCHR[28]6 W 1 G S — MIERIVI A G (1) TRAE
skEEIER, B

rank, (A) = #i,G(i,i,1) = 0}. (10)

EN 8 KEZIEE.
WA=U*G*V" = AR5 [ T-SVD, MM CHR[28], K& A BFRTEHE XN

|4l =(0.7)=30(i.11) an

Hrbr=rank (A), T A%fskeE, HIEE—ADIERDD T AR M HARIE R D) R #OE F Rk E .
2.3. HETIE

PR AR 73 530S 21 T ) R R ) TC S5 48 22 70 SRR L R YRR R S5 R A IR 0 22 20 A DL A T 5K
R 2 > AT

2.3.1. TEMBZ EER

FEAR 2 AT LA SRR TC S5 K 22 3 2R IR R 7k v, o SROBASE TR 0o v 24 500 P B N AR A BN U LS
Gy it A0, T SR ) B AL M P 95 22 )30 AIRE A B 8 IR DL R AN, P50 D0 28 7 V8 () ] R PR A0 22,
I HM A WIS HOR BB W AE, AR BIRE ., 12 7r FE H AR (MLR) P 3L 7T fil
r%u&#*ﬁﬁﬁﬁ/\é‘é R ARBTG5 1 22 53 BRI T TR Z —

C%a%ﬁ%’&%d”%éﬁ&%{(&yi),i=1,---,N}, EEP{Xi eR'l*'Z*‘“*'d} o B X RIS T K
E%ﬁﬁﬁiﬁ%{xi eR'l‘Z“"d}, RS x; & T 5 r A SRR AT A, o SRR AR
e(w')Tximf

P(Y, =4xi:W’b):W'
j=L

Hw =[ wl,-u,wc]e RM2C A B ARG T3 21 2 43 SR I A IR A ) e o 4

(12)
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R R
min —G 22109 =————1|. (13)

Hey, v x JBTH r KO, BT a(13) 2 e H, BATHT LU AR RE T Pk e S 4 S 42 R A

2.3.2. HIERESHIERNZ 5 2ER

BT MLR SRR A M 2 4y K071k, A R B I a5k E 5, SCER[14]52 HIMARER 2 4
232 %5 [A] ) (Low-Rank Multinomial Logistic Regression, LRMLR)J7 %5 T4 B 508, I T 56 ) 45 7y
FE, RN TIX — B

HEF45E C R TRk BN BB (A, y,), i =1 N}, 4 X AFONFERE N, I8 A 4%
JOECHICRR B E K B2, AR AERE 254645 2., 49 2) LRMLR 1 B bR i 80~

min FUN%M+A§WN; (14)
Hr
1o e<w',><i>+b’
F(X,W,b)=-=3"3"Y,log| - (15)

el i e<wl,xi>+bi '

j=1
{ECRE KB AL O AR I 2 R SRR A 45 4, IF HLAK R S AR FERR A AN A o DA SO TR B 2AE,
B DR HKESE R, DRI R ek & 1 2 0 RO .

2.33. FIAKE S BRI Z HAER

IREFR TR B ik B R v E AR A, AR FARIBRIR Tk E AR, Bk T AE R
DRl 3K S S [33] 35 T CP 43 Al Tucker ZMFAHE H (1 PR K S 20 250570, ) 9 & PR HOHE B4k A7 0 28
Ak,

TLFHT CP MRIE /&3 T Tucker /3if, HEFAFHS K PUE R EIAT M, DAL/ 4
FAALY JE MBI TK T2 ). SCHR[33]E AN T AT By, At T4 B2 0 KM
EORAD, RIS RATIS BT CP /AN Tucker /3 fRRIZ 5 2pH Y,

Y C RMAIRBIKRIZEE (X, y,),i =1 N}, ﬂfﬁ{)«i ER'“'ZX“X'“} o KRS RKPIER
JEBE R AT DA R

16
i1 -1 ¢ <WJ’X‘> (4o
j=1

1NC e<Wr'Xi>
J—'(X,)/\/):—WZZYir log| ————— |

Hep, WeRP2Zl r=1... CEKE. XX (16)MIRERE W BT CP )G, W LIEE] N ANH
-y N
%%EL@{U'}H, B
R R
WaYW =Y U oulo...ou)
2% =2, a
£lutu?,uN]
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Hrf R 2 CP#&, WS n AN L akE, ul NEn ML L SKES | R LR, o AN,
U’ :[u;,u;,u;]%% i YT AR . BN TR SIEOE S, S PIMRTkE RS . K1)
HN(16) A

w7l

F(X)=-L33Y, log| —° .
o Z“]§:1e<||u uiz..u ]]X,>

H(18)H N ASHHX N DMSHMFEY, (AR EHRSH, WRA)XERE —NSHE MRk
BRI HE SE2 36 TR 3RATTE SR F 22 #7171 3 725 (Alternating Direction Method of Multipliers, ADMM) %} 2 $ it 47
etk

BAIFR LR T CP 231 £ 4 R £ 325 CP B H [A] )94 71 (Multinomial CP Logistic Regression,
MCPLR), ## FRENBET Tucker 7MEIZ 732 Tucker 3240l )95 %! (Multinomial Tucker Logistic
Regression, MTULR).

Tucker 73 R AL 5K 8 WY - — M xsk &5 N BYJ7 ) BRI FRERE TR AR, R

W=Mx U x, U, xq--x Uy
=[M;U, U, U]

Hrf M e R¥F R Sy Tucker 7t A% 5K &, {ui e R }“1 NI N BT A R AR R, ROk &
SR THEFERE B, R=[R,R,, -, Ry | A Tucker #k. X (19K (16) 777

(18)

(19)

N C e([[M:UbUz,,..,UN]‘;r,)

f(X)=—%§§Y" log ZC <|1MJ;U11,UZJ,A.A,UQ,H,&> '

j=1

(20)

A AL RE— P sk B AR5 B AR, 73 JEHER R B MCPLR M MTULR A #E— P4 T
FLAAHIRS Esc s 45 RAFAE S 5 1R .

3. {RHKEZ 53 AEB(LRTMLR)

TERAEIK AR R, SRR R R B B X EBEOMEA . ARk RS (3 BT LR R
SAREST. AR R, B RS R A I OGRS, SR G A
BUHBL, ISR AT R, AT TSR E A S b AR

RS AR RRT RR: 2 4 3 8 D1 (LRTMILR) Jy 38 ot U A AT B A i A 440 SR 7 R 7 49
HRE T I, SMAEITERLRD TIEERAR, I A R T R

45t C RIKEZEREE (X, y,)i=1- N}, LRTMLR {1 B 4560 50A

(1)

[

Vrﬂjgf(x,w,b)+ﬂig||w

Horpt x e R W e RPN, r=1,C WIORBT S r MK EATA R R E K, W 2
BT B K R, R R G5, Y, e RM A At SR AR 283 1
(i,r) 7, EhK softmax bt
1N e<Wr'X‘>+br
C

F(x,wW,h)=—=3%">"Y, log o | (22)

i=1 r=l

=
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F T BRI/ — b, A S A 2K ) o AT ST R R B BOR 20 R B 5K
R,
SR S8 7 A E R SO REORAR I W, AR T LA BB 045 5 .

F(21) 55515 55 005 R HUTL TRV 608 FERER SRR FE K AR T, 9 T R e

W' o FIFHE L5 FIE X 6 ) T BINIGKE A (8 0, #2100 7 I77 55 S H W' i3k

MERE, AT DGR AT R, SEINZ0 PR AR AR H AR s B

min ]—‘(X,W,b)+ﬂli

W' Pb"

st W' =P".

5CIR[L4] 8, AR ADMM SR LR A0 L 45 508 Rk B H s 2o
L(XW,b,P,Q,u)=F(X,W,b)
C
r,,Pr _Wr
X +§<Q >

PI’

+212:l:

E5 o P
+=) P -W
2 :

NTHERA, BAE AR R AR HOTL, GTfE W = WL, e Rio1oC

PI’

Ml

(23)

(24)

P = Pl RV0C Q2 O, € RIS Iyl i A FIAL, 4R A NETIBHL N T BT,
ASCRA T 15 Yin 34Uk, A58 T2 MO FROBIR ., 2R b g, R

YEPE 10 FE NS BRI AR A «

LRTMLR 5% 1) 58 5 il F2 LA python 4% 3 DA IS I s 7R N B 1.

HE 1 K E 2 U2 M H(LRTMLR)..
A: {(Xy)i=1- N} A
it Wb
1) Wikktk:
W= np.zero([ll,---, Id,C]),
P =np.zero([1,,---, 1, C]) b=np.zero([C,1]),
u=1e3 p=1.01
2) BHW,b:
for i in range(10):
W=W-a*V,,F,
b=b-a=*V, F;
3) H#HP:
for jin range(C):
FI 5K B Ay A YA A (TSVT) BT P
4) E%ﬁ Q.,Ll:
Q=0+ux(P-W);
H=pEu;
5) it wW,b.

Stoft {Pr)° ST ATIEI SCHRT28] Rt O A SO SR (TSVT) R AR, A SR S O HE A

SRR 2.
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Bk 2 kRS REIE R IE(TSVT).

BN XeRW2h 250
Bit: X=UxG =V

1) A A IE 5 P UG L, 57 X = np. LRt axis = 2) -
2) 15 X WA E R LR SVT:

foriin range(l,[(l3 +1)/2]):

2" —u(g-7), V.

U,G,V =np.linalg.svd (}[:,:, |])

foriin range([(l3 +1)/2]+1 Ig):

Z[:,:,i]:conj(z[:,:, I, —i —3]).
3) Xt Z HIAEA IE A1) o0 e LA e, 14 X = np.fft.iﬁ‘t(Zaxis = 2) ;

4) W X =UxG =V .

4. st s34

Boyd Z[35]7EMF 78 HHIE W] 7 W H ADMM SE USSR k482 T SR AR S it 158 B A SCHE H
LRTMLR 8% A] PLEAL 9 XU AR 1 ADMM SKilk BB 1 B Witk

EH 1 HVE L AT EHO bR HE ADMM. R, Bk 1 IR

PER: AR AL B (18) o, ¥ 3Lk 'S Ak (i R

Horh A 280 U an 3K (26) s -

min - h(y,)+Ah(y,);
st Ay +AY, =2

A =|:W1 w, e WC]E R'l'z“"axcy
Y, :|:p1 P, - pc]e Rlllzh'ldxc,
h(y,)=F(X,W,b),

h(y2)=§;

r=

P,

w, =vec(W'),

p, =vec(P"),

A=[e e - e] eRCMz,
A=[-e —e - —e] eROM,
z=[0 0 - 0] eREM,

(25)

(26)

N (22)M(26) s, h(y,) v softmaximum b4, B2 hardmaximum s £ L, I HIF hard —#f
AL WRQDATR, h(y,) RKEZEERIA, AR kR A R E R, VR TR
BB, DRI h(y, ) A h(y, ) B0 T 2500 ek 2, A 1) B (23) Al e b 9 an s (25) s A bR E XU Bk
ADMM, ifi /&2 ADMM Sk, Hdik 1 St

5. SXI

BT ORBA TR XT38 th AR R BEAT G560, 70 3l A5 P AS (R VA 017 L0t SR AN SO Se it 4 AT 0 9k
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5, FELAASE PR FE bR R PPAl AR SCOTIEFIAE ¢ TAE R B 7 AE A RTINS - e, A T Rk
ASCOH A BNE, ARSCETE T I SR AR B AR AN [F RO 73 SRR 5

SEIG R A8 IS AE T, A FH AR AR RO IRk AT 40 £ Dyl R, i H] Lbdl. Lbd2. Lbd3
BAHAETI B A . A« A, UL Alpha fl Gamma 51T ADMM HiE IS K o My . 1E
ﬁﬁ@%ﬁ%ﬁ%%ﬁﬁ,ﬁﬁ%%%%“$ﬂ&@%ﬁﬁﬁﬁ%ﬁ&&mﬂ,aEy%Wﬁﬁﬁ%
[0.1,1.5], CP#RMIAIAHME N 3, Tucker BRIIHIAH{E[3,3,3,3] -

A A SEUG AR 35 3 2.50GHZi5-12500H A3 28 64 AT #R1E R 40 N LA python3.7 45230
5.1. ¥ IE4R

TN 2 0 R Fa b B AR . — 28R i 2 A PR ARFE AL T R 1 2 2 FF i Fe bs, 5
—RREHEEAT Z0K048 .

AR SCHR[1], 6T 28, R 2R (Accuracy) . A i R (Precision) . 7 [ % (Recall) 1 F1-73 %%
(F1-Score) & F IV Fa b o 3% DGR IESS, AR 07138, wERi 2 4a (E A0 4 28 b il 1
B S R O, R R R AR TN A IR R A T L ISR I EE ], IRl AR A T AT R 13
BT R ISR L], FL- OO RS B R A 3 B R A AT 350, FL-0 30 B 31 2 0 KM AN fe b o 22
M FL (Macro-F1)FIOM F1 (Micro-F1) o Fif 5 2 A 5 MRAE 5 il iH 5 FL-73 BOR BN INBCE- 2 I vF 0 4845,
J& W& 2 A A PN 6 A I T SRS B R R 3 [l R e J5 R A3 FL-70 40, 20 FL AGOW FL OBk,
PR IE & o

Kappa % $([36] 41 B #E 55 (Hamming Distance) [37]1F A BELEEIEAN £ 40 A AL (35 b th e 32 48 1 .
Kappa HREE—MHAEG P — S 7%, E SRR BA ST R o RAER s, 2 AR
F O RUETR EEBRAK . W B PR 29 ) DA B TN AR A8 5 BUSERRAE 2 [ AR RS, R B9 8N R 7 SRR LT

CEA SRR AR RS RS L, AR ESR FHUER 2R . Kappa R %0 AR 2. 220 FL ABOURIEAN R,

5.2. {HESCIE

N T U A SRR (R 23 SRR, AT 10 BUSEEe, KA SR H BRI T ARk Tk B A R A5 K
B2 BBB(LRTMLR) 5 4 M 2 70 KBA(MLR) . AR FE 45 M5 R 22 43 5B (LRMLR) 1 EL 42,
T 0 2 73 VAN PR AR R S SIS AT 1

FE 5150 A B BEHLAE B/ nlx r x n3 AT rxn2x n3 (AN I IR Ik &, Sof = 348 e 5 A ¢ B
B, BB ANIxn2xn3 W HARKE. i nl. n2. n3 NEFRKERAD, r Nk EEERLR
Ko, T EASR/ANA 32 x 32 x 3. FiERA 3 HIRKE, EELW, [FR A O B AR 251 B R
7y 500 1 1000 H =733 T p KB 4R

HT MLR F1 LRMLR A58 3 AN B8 B3 0 2 5 i it , AR SCHE I 3 7 S 2R I of e R 47 1 #0141 1)
TALEE . X T MLR 88, FRATEEH kB HIR R B =, B x, e R*™ . XT LRMLR #8%8, J T4
sk A A S R BRI B R AR, AR SCS 3 python B U7 T, SR T SRR R BE & FH T R AL 177 a5
%, Rk EHE R R U)R H R g L EAOINE S I o — DM RE . X TR R aT DU R RGB iliE #
HAOHF MR, G B =AM, FLLX, =0.299R+0.587G +0.114B /A s EE AR 1A B B R, A 500
WA X, e R o 1 A A F S8 14 HT X b 77 3R ok B s A BN A R

5.2.1. =4r38s0ie
S BBAREA S 500 N =Mk, FEHLR I RAE, 3L 250 MRS, BAb

DOI: 10.12677/mos.2024.133362 3989 e RSE TR


https://doi.org/10.12677/mos.2024.133362

SR HG 5%

250 PNEEATINAR, 2 DA R A FAL FE 2 J5 43 T Ace. MacroF1. MicroFl. Kappa Z %01 Hamm #H 5,
ZERWE 1L FroR, TRVEHAERFETEM RS N LRTMLR &S LG Al B #7772 R ROR 4F

= MLR
= LRMLR
I I = LRTMLR

KappaZ 3t 5 R B FWF1 HOWF1
B LD

Figure 1. Results of 3-class experiments on simulated data
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Figure 2. Results of 5-class experiments on simulated data

B2 (FESERSAIRER
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SR HG 55

% 0145 IR IR, Hrp aHE— NS BRI ALK . AR RGN 3 R . FEASCSEBrR, 4 BIE
HOR A R F SR R0 T A AT = R K90, AN THOR S M 5 $id 0l 896 3. 1406
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Figure 3. Examples of real datasets

[ 3. ESHREERG

B B R LA 59 LRTMLR 1 MLR. LRMLR. MCPLR. MTULR DU 5 i () 20 R0 8, Ho
MLR FI LRMLR AR T 5K & 4504 i J0 45 16 Rty 6 BE S5 M 15 B 2 7328077, MCPLR #1 MTULR A%
HRHIRTK BRI HET CP 43 Tucker 702 7325775 . LRTMLR 5 MLR. LRMLR f%} b S25s
9 TR LLTK BA% NS, 5 MCPLR. MTULR R b SEE6 2 S 7 3F B 82 A2 30 550R) F ok B 45
FaAE BAT A BRI T, B TxF L SEae i) B AN, BRIGTE R R AN R 200 1 5256 h 43 P AL A

5.3.1. =4yl

T =0 R R 4 S S5 T 896 B G, I 448 Tk IE AT ISR, 54 448 skl
TR BT X LR4EEE AN, A48 LRTMLR 5 MLR. LRMLR (5% LEsRat . FATIE I K & s i 15
FI=ABRE FRRG R, FHEENSHWE 1 iR,

Table 1. Parameter setting of 3-class experiment on real data (destroy/not destroy tensor structure)
F* 1. EXRR= AT S HL E (BRI REIRK 2 454)

Alpha Gamma Lbdl Lbd2 Lbd3
MLR 0.1 / / / /
LRMLR 0.5 12 le-1 le-3 le-3
LRTMLR 1.2 / le-5 / /

o
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SEIGAS B H AN R bR A 45 AN R 2 Bros, v DUE BZEASFPEM Fe4R N LRTMLR #LE B A A 3.
Hrft, LRTMLR 02K HEMZE S MLR MHELIRTT T 6.47 NE 2 5, 5 LRMLR AHECIRTF 7 1.79 AN E 20 s

Table 2. Results of 3-class experiments on real data (destroy/not destroy tensor structure)
= 2. EXRIE= S5 AW ER BRIN IR ELEH)

HERf 2R Kappa &% T BH P B T F1 O F1
MLR 0.8996 0.0000 0.1004 0.8996 0.3157
LRMLR 0.8929 0.0087 0.1071 0.8928 0.3145
LRTMLR 0.9997 0.8730 0.0223 0.9777 0.8809

BT REANY LRTMLR 5 MCPLR. MTULR H%FELSEEG 45 B . W12 3 fias, A LB BAE SR
1845 F LRTMLR #B60T H A& Wift 7% . 5 MCPLR #HEL, LRTMLR H)20 28R RIRTE T 6.47 N E 2 A,
5 MTULR #iLt, LRTMLR f2rZRAERRSE T T 1.79 N E 4 5.

Table 3. Results of 3-class experiments on real data (Whether to use the nuclear norm)
3 AELHRE=NDATHERRBEREY)

HERf 2R Kappa &% T BH P B T FL O F1
MCPLR 0.9107 0.6212 0.0893 0.7613 0.9107
MTuLR 0.9576 0.7619 0.0424 0.8230 0.9576
LRTMLR 0.9754 0.8556 0.0246 0.8558 0.9754

A PR SZIG 25 B, AF AR SO VEAE = R 0 B A B A E .
5.3.2. I4rHSEW
T T 285206 B 2 M S8 T 1406 TR K F, RIREE R ks R 2 i A S P b 38 T = A

A, A 703 5K I R iE AT I 2R, H AT IR . B e 4H LRTMLR 5 MLR. LRMLR F¥%) ELS236,
Frig RIS 5% 4 fiw.

Table 4. Parameter setting of 5-class experiment on real data (destroy/not destroy tensor structure)

F 4. ESSBIRER D EXSWSHIR E (IR RIR KB L)

Alpha Gamma Lbdl Lbd2 Lbd3
MLR 0.1 / / / /
LRMLR 0.3 0.3 le-1 le-5 le-3
LRTMLR 0.5 / le—4 / /

KIS A B TR PR 25 R U022 5 s, T UUE IAEAFIE 4EFR ~ LRTMLR #AA 3. Hp

LRTMLR ) F. 70 S HER R MLR $&F+ T 25.61 N FH 43 i1, # LRMLR 87+ 7 27.46 AN E 40 i, 0 2R350R
WERT.
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Table 5. Results of 5-class experiments on real data (destroy/not destroy tensor structure)
2 5. EXLIRR 5 XL R (FRIN IR ELEH)

HERf 2R Kappa &% T BH P B T F1 O F1
MLR 0.5775 0.0000 0.4225 0.5775 0.1464
LRMLR 0.5590 0.0338 0.4410 0.5590 0.1818
LRTMLR 0.8336 0.6898 0.1664 0.8335 0.5994

BT REANY LRTMLR 5 MCPLR. MTULR [%FELSEEG 45 B . W12 6 iz, A LA BAE SR
1885 F LRTMLR #ALT H AW JriE . 5 MCPLR A1 EL, LRTMLR 2> 28R TF 7 13.37 N E 2 A,
5 MTULR FHLEI$E T T 12.38 N 2, AT AR BRI B4 T e R k.

Table 6. Results of 5-class experiments on real data (whether to use the nuclear norm)
6. AXHIEA N ATHERREERLEY)

HERf 2R Kappa &% T B P B T F1 O F1

MCPLR 0.6984 0.4797 0.3016 0.3210 0.6984
MTuLR 0.7084 0.5013 0.2916 0.4001 0.7084
LRTMLR 0.8321 0.6878 0.1679 0.5955 0.8321

WG RS 4E R, WA SR L R B A BdE4E L.
5.3.3. +g43seis

FF1 0 5 25206 KR 48 S L5 T 1940 skt A, A3 970 sk & Fr st AT IR, HAamatsT
M. BENY LRTMLR 5 MLR. LRMLR % ECS2Es, FrigEmSEnsE 7 i,

Table 7. Parameter setting of 14-class experiment on real data (destroy/not destroy tensor structure)
7. AXBET S XIS HOT B (IR T RINSK 2 454)

Alpha Gamma Lbd1 Lbd2 Lbd3
MLR 0.1 / / / /
LRMLR 1 0.7 le-1 le—4 le-5
LRTMLR 0.1 / le-3 / /

SEIGAS B HFR PN FRAR IO 45 4022 8 AT, JRAF LRTMLR 7E IR 25 _E AR BAS 4 MLR A1 LRMLR,
RE (R  SKUE R R A P RO VR34 TE T 40.78 NE A . MO EespK5E AT DLE 78 ) &
BT 2 I HER SR R IR ERITE T, K& 775 LRTMLR AR A AR 35 40 28 B 5 T PO AR G A 35 o

BRI A2H LRTMLR 5 MCPLR. MtuLR (5T LbsEag gt . sk 9 fiw, W LAEF|5 MCPLR
b, LRTMLR B4 KUERARIET T 27.73 MHS A, 5 MLR AHECEEF T 13.71 N E 7 A

T LA AR R BT E o, AT LB NG ERE RN E , ARSI S R A L AR T A
BAEEZMRE, XRE AR 77278577 827K S50 A 5 451005 B
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SR HG 5%

Table 8. Results of 14-class experiments on real data (destroy/not destroy tensor structure)
7z 8. ELHEIU5 H LW LE R (BN ARG ISR E 4514)

HERf 2R Kappa %31 TR IR BE B FM F1 o F1

MLR 0.4258 0.0000 0.5742 0.4258 0.0459

LRMLR 0.4258 0.0000 0.5742 0.8928 0.0459

LRTMLR 0.8336 0.2556 0.6051 0.9777 0.3132
Table 9. Results of 14-class experiments on real data (whether to use the nuclear norm)

=9 EZHETESAIELER(ZEEMBZTH)

HERf 2R Kappa %31 TR BH FE B FM F1 o F1

MCPLR 0.3278 0.2000 0.6722 0.0775 0.3278

MtuLR 0.4680 0.2145 0.5320 0.1065 0.4680

LRTMLR 0.6052 0.4556 0.3948 0.3132 0.6052

5.3.4. B EEFE

NS A INESE R, ATLE python ARSI L W AB I ] . HA MLR. LRMLR
A LRTMLR J7ik ) yH #ERT 14014 4 FT7w, MCPLR. MTULR A1 LRTMLR 8 FERS a1 4014 5 AR .

I 4 ATRUE Y, ) S VR R L 58 A R R 5 4 52 O FEAIC T AR D TRt de 2, FIR T 30 23 4
S AR R R RER LRk E A, AR WA SR TUN. @it 5 vTLES], LRTMLR
FE=5r BT N EE MCPLR [y AERT [E] 2, 751U 43285256 Lk MCPLR X2 A F] 2.3 s. 1fif MtuLR
RO A K & o — MO sk BRI R R, SR A 25Kk, FE B RPIFI RS R, 25 RS
T, FREF LRTMLR 732805 5, [FSEE LT A SO EK IR A IS

600.00
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 400.00 484.81
= ——MLR
:&E’E 300.00 LRMLR
Ao /
. 200.00 278.99 =—=LRTMLR
182.75
100.00 14-‘98 43.41 46.84
0.00 0.20 0.82 1.68
=548 BV e + 42
el
Figure 4. CPU times for different datasets (destroy/not destroy tensor structure)
4. FREIEIBER CPU BB (REIF/ A REIF Sk 2454)
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Figure 5. CPU times for different datasets (Whether to use the nuclear norm)

[E 5. TEHIEER CPU HE)(2EEAZER)

5.3.5. jHRESCIE
N B A AR TR AN BT > SRR R, ASSC BT TS RS, BN ORI e s g 4h

C
o 4§ LRTMLR $E8150 0 hy Bl hy BAMBES, B by = 7 (2, W,b) WA SRR, by =Y |wr || i
r=1

HOETII, SRR hy i, BIAUERAL RO S5 2 7 KA MLR. (HIBRAEEE S 5.3 75 LRTMLR
A MLR (#5555 HL sz B6 (X HIE T, 5.3 WAEBET MLR SZB6 % I8 30 7 v s T &, i v R
SN T REFALYKT LRTMLR 732845 RIUTTak, S hy (SR80 K TH 4 Tk s =X

SATERE IR ho AL hy RIS by + by (56 0F N HEATSE0G, 7RI, 7ERMTHIRATA hl AR
Bhy, Hh1+h2 R h +h,, BAIMERINTE 10 Fs.

ALVER], REE=BERE L, h+h, 20 FLRIAE, BRI T hy A T
The I HBEE /R RAMIE L, RBEETII hy WA R R, hy +h, B SRR BN 55
XHEBRR) A THERF, =03 Ba. FUSREIRE T, h +h, 5 K0EH R 57 B
B A XK hy $2TF 1 0.45. 10.24. 17.84 NESr o LAIGIE B 1 2R ST 3 A AZ 96 H000E 51 2
AR

Table 10. Ablation experimental results on different categories of data sets
= 10. PEARIHBIEE LIHRSKIN S,

—4yk F 4y aRLFES

h1 h1 + h2 h1 h1 + h2 h1 h1 +h2

HERf 2R 0.9710 0.9754 0.7297 0.8321 0.4268 0.6052
kappa 7% 0.8402 0.8556 0.5094 0.6878 0.2491 0.4556
g A P 0.0290 0.0246 0.2703 0.1679 0.5732 0.3948
oM F1 0.9710 0.9754 0.7297 0.8321 0.4268 0.6052
FW FL 0.8581 0.8558 0.5228 0.5955 0.2021 0.3132
Y HERT 7] 1.3531 15.4131 3.5260 32.6684 6.7978 50.0029
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SRR SRR 2 0 SRR o 2R TR el Y SR T AR S O N A KR AR, R AR R — D R AR MY
78 70 M TARBRSK B IS5 15 2, X ELTCEE M 2 70 AR e AR PR S F M5 J2 10 22 0 SR AL RN S
CP 73 fi# Tucker 73 fif i)l K B ZE K5 B0 2 70 R, FESKE B 70 KR LIS 7 R3I89, thousk
BZ0IHRM TN B

THRLSEI R W], A SORE 5K TE R S HAZ VB E TR T 0N B o R 830 AR 7k i 4 4 15 5 i 1)
W FERTE 7 RRCR SRR RE . BRI AN 2 0 RER R L, BRI E B, A%
TRIE T 70 2RI HER R

5 RE B FK R B AR S SR AV BB R U B E %, LRSS K AR A MK
PR AR A MRS 1, 2 B P Y R A (B AT 2 SR R 7 AR I HE R B o BRIk, 9 S8R9
e Tl L T AR A X A IR 7 ke B AT 0 SR O T BB U [, RIS, S Bk E R B R
G =Froki, X T REmEb sk, 7 2N AR 07k Sk S AR B R i Bon R kAT — 2P A
PFIHE

E&WE

[ 5% 5 ARl 56 4 W Bh I H (12371308).

SE

[11 ZHi. Gtz 7E M) 5 2 i dBat: IEHoR A R, 2019.

[2] Corinna, C. and Vladimir, N.V. (1995) Support-Vector Networks. Machine Learning, 20, 273-297.
https://doi.org/10.1007/BF00994018

[3] Gregory, S., Trevor, D. and Piotr, I. (2008) Nearest-Neighbor Methods in Learning and Vision. IEEE Transactions on
Neural Networks, 19, 377. https://doi.org/10.1109/TNN.2008.917504

[4] Chanyeong, K. and Alan, C.-M. (2002) Multinomial Logistic Regression. Nursing Research, 51, 404-410.
https://doi.org/10.1097/00006199-200211000-00009

[5]1 Bohning, D. (1992) Multinomial Logistic Regression Algorithm. Annals of the Institute of Statistical Mathematics, 44,
197-200. https://doi.org/10.1007/BF00048682

[6] Erb, R.J. (1993) Introduction to Backpropagation Neural Network Computation. Pharmaceutical Research, 10,
165-170. https://doi.org/10.1023/A:1018966222807

[71 Neelapu, R., Devi, G.L. and Rao, K.S. (2018) Deep Learning Based Conventional Neural Network Architecture for
Medical Image Classification. Traitement du Signal, 35, 169-182.

[8] Song, K., Nie, F.P., Han, JW., et al. (2017) Parameter Free Large Margin nearest Neighbor for Distance Metric
Learning. Proceedings of the Thirty-First AAAI Conference on Artificial Intelligence, San Francisco, 4-9 February
2017, 2555-2561. https://doi.org/10.1609/aaai.v31i1.10861

[9] Cai, D., He, X.F., Hu, Y.X., et al. (2007) Learning a Spatially Smooth Subspace for Face Recognition. Proceedings of
the 2007 IEEE Conference on Computer Vision and Pattern Recognition, Minneapolis, 17-22 June 2007, 1-7.
https://doi.org/10.1109/CVPR.2007.383054

[10] Gabriel, K.R. (1998) Generalised Bilinear Regression. Biometrika, 85, 689-700.
https://doi.org/10.1093/biomet/85.3.689

[11] Hou, C.P., Nie, F.P., Yi, D. and Wu, Y. (2012) Efficient Image Classification via Multiple Rank Regression. IEEE
Transactions on Image Processing, 22, 340-352. https://doi.org/10.1109/T1P.2012.2214044

[12] Hou, C.P., Jiao, Y.Y., Nie, F.P., et al. (2017) 2D Feature Selection by Sparse Matrix Regression. IEEE Transactions on
Image Processing, 26, 4255-4268. https://doi.org/10.1109/TIP.2017.2713948

[13] Yuan, H.L., Li, J.Y,, Loi, L.L., et al. (2020) Low-Rank Matrix Regression for Image Feature Extraction and Feature
Selection. Information Sciences, 522, 214-226. https://doi.org/10.1016/}.ins.2020.02.070

DOI: 10.12677/mo0s.2024.133362 3996 jé

S

[


https://doi.org/10.12677/mos.2024.133362
https://doi.org/10.1007/BF00994018
https://doi.org/10.1109/TNN.2008.917504
https://doi.org/10.1097/00006199-200211000-00009
https://doi.org/10.1007/BF00048682
https://doi.org/10.1023/A:1018966222807
https://doi.org/10.1609/aaai.v31i1.10861
https://doi.org/10.1109/CVPR.2007.383054
https://doi.org/10.1093/biomet/85.3.689
https://doi.org/10.1109/TIP.2012.2214044
https://doi.org/10.1109/TIP.2017.2713948
https://doi.org/10.1016/j.ins.2020.02.070

[14]
[15]
[16]
[17]
[18]
[19]

[20]

[21]

[22]

[23]
[24]
[25]
[26]
[27]

(28]

[29]

[30]

[31]

(32]

[33]
[34]

[35]

[36]

[37]

Hu, Y.Y., Fan, Y.L., Song, Y., et al. (2023) A General Robust Low-Rank Multinomial Logistic Regression for Cor-
rupted Matrix Data Classification. Applied Intelligence, 53, 18564-18580. https://doi.org/10.1007/s10489-022-04424-0

Liu, J.N., Zhu, C., Long, Z., et al. (2021) Low-Rank Tensor Ring Learning for Multi-Linear Regression. Pattern Rec-
ognition, 113, Article ID: 107753. https://doi.org/10.1016/j.patcog.2020.107753

Koniusz, P., Wang, L. and Cherian, A. (2022) Tensor Representations for Action Recognition. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 44, 648-665. https://doi.org/10.1109/TPAMI.2021.3107160

Tao, D.C., Li, X.L., Hu, W.M,, et al. (2005) Supervised Tensor Learning. Proceedings of the 5th IEEE International
Conference on Data Mining (ICDM’05), Houston, 27-30 November 2005, 8.

Kotsia, 1., Guo, W.W. and Patras, I. (2012) Higher Rank Support Tensor Machines for Visual Recognition. Pattern
Recognition, 45, 4192-4203. https://doi.org/10.1016/j.patcog.2012.04.033

Kotsia, I. and Patras, I. (2011) Support Tucker Machines. Proceedings of the 24th IEEE Conference on Computer Vi-
sion and Pattern Recognition, Colorado Springs, 20-25 June 2011, 633-640.

Tan, X., Zhang, Y., Tang, S.L., et al. (2012) Logistic Tensor Regression for Classification. Proceedings of the Third
Sino-Foreign-Interchange Conference on Intelligent Science and Intelligent Data Engineering, Nanjing, 15-17 October
2012, 589-597.

Kolda, T.G. and Bader, B.W. (2009) Tensor Decompositions and Applications. Society for Industrial and Applied Ma-
thematics, 51, 455-500. https://doi.org/10.1137/07070111X

Chen, C., Batselier, K., Ko, C.-Y., et al. (2018) A Support Tensor Train Machine. Proceedings of the 2019 Interna-
tional Joint Conference on Neural Networks, Budapest, 14-19 July 2019, 1-8.
https://doi.org/10.1109/1JCNN.2019.8851985

Chen, C., Batselier, K., Yu, W.J., et al. (2022) Kernelized Support Tensor Train Machines. Pattern Recognition, 122,
Atrticle ID: 108337. https://doi.org/10.1016/j.patcog.2021.108337

Yang, J.-H., Zhao, X.-L., Ji, T.-Y., et al. (2020) Low-Rank Tensor Train for Tensor Robust Principal Component
Analysis. Applied Mathematics and Computation, 367, Article ID: 124783. https://doi.org/10.1016/j.amc.2019.124783

Liu, J., Musialski, P., Wonka, P., et al. (2013) Tensor Completion for Estimating Missing Values in Visual Data. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 35, 208-220. https://doi.org/10.1109/TPAMI.2012.39
Gandy, S., Recht, B. and Yamada, |. (2011) Tensor Completion and Low-n-Rank Tensor Recovery via Convex Opti-
mization. Inverse Problems, 27, Article ID: 025010. https://doi.org/10.1088/0266-5611/27/2/025010

Tomioka, R., Hayashi, K. and Kashima, H. (2010) Estimation of Low-Rank Tensors via Convex Optimization. ar-
Xiv:1010.0789

Lu, C.Y., Feng, J.S., Liu, W., et al. (2020) Tensor Robust Principal Component Analysis with a New Tensor Nuclear
Norm. IEEE Transactions on Pattern Analysis and Machine Intelligence, 42, 925-938.
https://doi.org/10.1109/TPAMI.2019.2891760

Wang, H.L., Zhang, F., Wang, J.Y., et al. (2020) Estimating Structural Missing Values via Low-Tubal-Rank Tensor

Completion. 2020-2020 IEEE International Conference on Acoustics, Speech and Signal Processing, Barcelona, 4-8
May 2020, 3297-3330. https://doi.org/10.1109/ICASSP40776.2020.9054531

Kilmer, M.E. and Martin, C.D. (2011) Factorization Strategies for Third-Order Tensors. Linear Algebra and Its Appli-
cations, 435, 641-695. https://doi.org/10.1016/j.1aa.2010.09.020

Kilmer, M.E., Braman, K., Hao, N. and Hoover, R.C. (2013) Third-Order Tensors as Operators on Matrices: A Theo-
retical and Computational Framework with Applications in Imaging. SIAM Journal on Matrix Analysis and Applica-
tions, 34, 148-172. https://doi.org/10.1137/110837711

Zhang, Z.M., Ely, G., Aeron, S., et al. (2014) Novel Methods for Multilinear Data Completion and De-Noising Based
on Tensor-SVD. Proceedings of the 2014 IEEE Conference on Computer Vision and Pattern Recognition, Columbus,
23-28 June 2014, 3842-3849. https://doi.org/10.1109/CVPR.2014.485

R, Hk BT ok s AR IB iR EH BG5S ALK [EB/OLY.
http://www.paper.edu.cn/releasepaper/content/201605-772, 2016-05-20.

Yin, M., Zeng, D.Y., Gao, J.B., et al. (2018) Robust Multinomial Logistic Regression Based on RPCA. IEEE Journal
of Selected Topics in Signal Processing, 12, 1144-1154. https://doi.org/10.1109/JSTSP.2018.2872460

Boyd, S., Parikh, N., Chu, E., Peleato, B. and Eckstein, J. (2011) Distributed Optimization and Statistical Learning via
the Alternating Direction Method of Multipliers. Foundations and Trends® in Machine Learning, 3, 1-122.
https://doi.org/10.1561/2200000016

Tang, W., Hu, J., Zhang, H., et al. (2015) Kappa Coefficient: A Popular Measure of Rater Agreement. Shanghai Arc-
hives of Psychiatry, 27, 62-67.

T RBORIHC A S SE I RAIM]. dEsG: B R, 2005,

DOI: 10.12677/mos.2024.133362 3997 e RSE TR


https://doi.org/10.12677/mos.2024.133362
https://doi.org/10.1007/s10489-022-04424-0
https://doi.org/10.1016/j.patcog.2020.107753
https://doi.org/10.1109/TPAMI.2021.3107160
https://doi.org/10.1016/j.patcog.2012.04.033
https://doi.org/10.1137/07070111X
https://doi.org/10.1109/IJCNN.2019.8851985
https://doi.org/10.1016/j.patcog.2021.108337
https://doi.org/10.1016/j.amc.2019.124783
https://doi.org/10.1109/TPAMI.2012.39
https://doi.org/10.1088/0266-5611/27/2/025010
https://doi.org/10.1109/TPAMI.2019.2891760
https://doi.org/10.1109/ICASSP40776.2020.9054531
https://doi.org/10.1016/j.laa.2010.09.020
https://doi.org/10.1137/110837711
https://doi.org/10.1109/CVPR.2014.485
http://www.paper.edu.cn/releasepaper/content/201605-772
https://doi.org/10.1109/JSTSP.2018.2872460
https://doi.org/10.1561/2200000016

	基于张量低管道秩的图像多分类模型
	摘  要
	关键词
	Image Multi-Classification Model Based on Tensor Low Tubal Rank
	Abstract
	Keywords
	1. 引言
	2. 预备知识
	2.1. 符号说明
	2.2. 相关定义
	2.3. 相关工作
	2.3.1. 无结构的多分类模型
	2.3.2. 带矩阵结构信息的多分类模型
	2.3.3. 利用张量分解的多分类模型


	3. 低秩张量多分类模型(LRTMLR)
	4. 收敛性分析
	5. 实验
	5.1. 评价指标 
	5.2. 仿真实验 
	5.2.1. 三分类实验
	5.2.2. 五分类实验

	5.3. 真实数据
	5.3.1. 三分类实验
	5.3.2. 五分类实验
	5.3.3. 十四分类实验
	5.3.4. 时间消耗
	5.3.5. 消融实验


	6. 结语
	基金项目
	参考文献

