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Abstract

Most of the traditional machine learning methods perform supervised learning based on training
data with correct labels. However, the actual observed training data labels are likely to be conta-
minated, and the existence of wrong labels will lead to biased estimates of the traditional model.
The existing robust models for mislabel classification are often based on vector data. When facing
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high-order tensor data with mislabels, they have to transform it into low-order format, resulting
in overfitting problem and damage to the tensor structure. Aiming at the above problems, a robust
tensor multi-classification model (RMLTMLR) is proposed, which is based on minimum y-divergence
estimation, tensor tubal rank and the corresponding nuclear norm to deal with low-rank tensors
with wrong labels. The model is robust to contaminated labels while taking advantage of the
structural characteristics of tensors, and improves the accuracy of multi-classification. A large
number of experiments show that the RMLTMLR model has excellent classification effects on ten-
sor data with different categories and pollution levels, and the classification accuracy is signifi-
cantly improved compared with the non-robust model.
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Figure 1. The t-SVD of third order tensors
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AT I FF XEE RIS 2 A28 86 kB (o BGAE N — 0 8554, 70 Al 42 R R AR 25 (mislabel)
0.10. 0.15 1 0.20 M bb EAEATSLLS . 25 FERIRF RS0 LI I SR AR EEAN[H], Naive 7R J54h )
S Z, FILEAE mislabel ELE R, =Rk AR X, , X HI7ET Naive J7 18 FH A g s
HIARZEHHE v, AR PR 7 VM8 P A e s (AR S s o e A 3 A R it g n R 42 1.
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Table 1. Results of two classification experiments
1l ZOEIRER

Mislabel 0.10 0.15 0.20

Method Naive NRMLTMLR RMLTMLR  Naive NRMLTMLR RMLTMLR Naive NRMLTMLR RMLTMLR

Acc 0.9231 0.8077 0.8462 0.8846 0.7692 0.8077 0.8846 0.6923 0.7308
macroF1 0.9091 0.7826 0.8182 0.8696 0.7000 0.7619 0.8889 0.7143 0.7586
microF1 0.9091 0.7826 0.8182 0.8696 0.7000 0.7619 0.8889 0.7143 0.7586
Hamming  0.0769 0.1923 0.1538 0.1154 0.2308 0.1923 0.1154 0.3077 0.2692

b 1 PoR, AR RISEHET, AR AR 8 R M0 T HHM A NRMLTMLR
BRI IREE R, FEVFIr SR LR Naive JiiEMI 0 2R45 R, DILIESE 1 ARSI e 7 RS20 T 6t
TE R I 7K E R 1 RA R

4.2. mHrk

N T 2B RMLTMLR 77 275 717 e 75 1 5K B RS 22 70 8 ) it b (R R B, AR 7328 F 2 S L RS
AR BECRIACHE 5 MRZE 960 K (L EUGAE N R 0 RERE, 70 & AR 4525 (mislabel) 0.25. 0.30
F10.35 (I ELE I TEE, SRIMSLIREE ik 2 fs:

Table 2. Results of five classification experiments
2. ANEIWER

Mislabel 0.25 0.30 0.35
Method Naive NRMLTMLR RMLTMLR Naive NRMLTMLR RMLTMLR Naive NRMLTMLR RMLTMLR
Acc 0.8576 0.7986 0.8021 0.8958 0.6667 0.8368 0.8785 0.6319 0.8299
macroF1 0.9872 0.9696 0.9617 0.9910 0.8302 0.9650 0.9874 0.8193 0.9749
microF1 0.9872 0.9696 0.9617 0.9910 0.8302 0.9650 0.9874 0.8193 0.9749
Hamming 0.1424 0.2014 0.1979 0.1042 0.3333 0.1632 0.1215 0.3681 0.1701

Wk 2 Fis, EARPEERSELET, ARG ITEILTAERTA N TaAR T 45 R4 T B iAE
F NRMLTMLR #8131 45 50 . BE HRAR 2 LLE O, 7T LAE 2] NRMLTMLR (1) 73 S8 1 ff 2638 8 3k
/I, T RMLTMLR 20 2R UERf SR 4ERETE — N RS T HAR 24 T 80% . 145 FESE T A VETE
SRS T B R R AR I T = R 1 o AR

43. 5k

AT ERABERF RS KL AEG. 10 AR BRI 7 AR 1055 Tkt G IE N L2k
BARAE, 23 M IR A A PR 25 (mislabel) 0.20. 0.25 1 0.30 f b B E4T 5206, 75 31 A S2I6 45 540 F % 3 Fiow.

WIR 3 fRn, ASCH I TR B 0 RS a4 EIF R BUK IH 5T B8 ) NRMLTMLR 7% 5
2, EVPNEE R B HE T Naive 7L K45 5. 24 NRMLTMLR J7iEEAS A A R bR 2 LL B R 4028
AE A AL RIS I T, RMLTMLR JHEAMUEREF T HEF R IA7E 72% 0L E, IF BARKR 140 3888 Rfase,
BE— R T ARSI VERE S (B G AR AR B 5K B R AR A 42K

|
>
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Table 3. Results of seven classification experiments
F 3 LEOEAIRER

mislabel 0.20 0.25 0.30

method Naive NRMLTMLR RMLTMLR Naive NRMLTMLR RMLTMLR  Naive NRMLTMLR RMLTMLR

acc 0.8170 0.7066 0.7666 0.7886 0.0505 0.7224 0.8013 0.5741 0.7350
macroF1 0.9935 0.9033 0.9525 0.9917 0.0066 0.9674 0.9869 0.8189 0.9459
microF1 0.9935 0.9033 0.9525 0.9917 0.0066 0.9674 0.9869 0.8189 0.9459
hamming 0.1830 0.2934 0.2334 0.2114 0.9495 0.2776 0.1987 0.4259 0.2650

4.4. BEBEEE

N TSR R 4, BAT et T REIR LI E MATLAB R2021b _Hig47 A FERgIs TR, Bk
g RUR R 4 fs:

Table 4. Model time
= 4. HRBIFTFERTE)

class Y, = Ty sk
mislabel 0.10 0.15 0.20 0.25 0.30 0.35 0.20 0.25 0.30
NRMLTMLR 8.87 8.59 11.45 89.28 94.44 94,53 106.63 112.34 108.30

RMLTMLR 27.62 37.23 51.11 420.56 434.69 449.40 409.01 465.66 417.26

Wi EERATUEH, BTN TAE SIS, SRR RN, RMLTMLR J7iETE & sk
55 R yHFERRT [H] 2028 NRMLTMLR J73E ) Ff%, 1% seie s R G B . 5T RMLTMLR # A4 7E i
)60, S B R AR RS A 5K B UG R AR I, R I 1R 40 SRR AN 3 KA e P A8 T NRMLTMLR B, Rt
AT R Z H P FERT (B2 EAZ

5. B4

AT ) A R AR Tk = R EE, BT 2 008 R AR, SR T —Fhae s B Tk =
A B o0 e P bR A B R A PRI MR 2 0 SRR . iR B8 . SR E R TERR S T4
TR T 398 A R R B 7 QB AR T AR 2 5 I bR B AN UUIC (R SEBI R R, AN T A, AL 7E S
o B R AR, N B R bR 15k R EH 4 R FR 44 7B i .

AR HE T AR B A AR oK B 22 2 25 R (NRMLTMLR) R S 32 5 5k R i 4l b ok B 22 0 i Y
(RMLTMLR), 7E10/H 38 TR/ 101 2R 6 BUR IR BB — 28 I ML K14 BT s,
T S 56 1ok i o BCA [R] PR A8 A LG 2 DA LU AN 7 VETEAS [F) B b e AN R S B 4 R e -t . 45 R 3R
B, 7€ 4 2R84 b, 24 br L E 4 )4 0.10, 0.15 A1 0.20 B, ASCHE H A RMLTMLR % NRMLTMLR
(o RUER P T T 3.85 ANFE 4 fE T REURAE B, UHEbRILE 45008 0.25. 0.30 1 0.35 i,
RMLTMLR % NRMLTMLR )43 FEAERH 2N 73 3427t 1 0.35. 17.01 #119.8 MH 4 ils FE-Lor K84
L 4 bRECE D 0.20,0.25 1 0.30 B, RMLTMLR # NRMLTMLR )73 2818 22 73 7 42 7+ 1 6.00. 67.19
116.09 NE A B, ARSI RMLTMLR VAR & A 8 bn 280 2 sk A4 E A BN
RERNS, WIS TR T ARSI g & -8 773800 7 AUE S 5 AR TR AU AR 2505 s
L R A R
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