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Abstract Training deep learning models with noisy data containing lossy labels is a hot research topic in machine
learning. Studies have shown that deep learning model training is susceptible to overfitting due to noisy data.
Recently, a method combining meta-learning and label correction can make the model better adapt to the noisy data to
mitigate the overfitting phenomenon. However, this meta-label correction method relies on the model’s performance,
and the lightweight model does not have good generalization performance under noisy data. To address this problem,
we propose a knowledge distillation-based meta-label correction learning method (KDMLC), which treats the meta
label correction model (MLC) composed of a deep neural network and a multilayer perceptron as a teacher model to
correct the noise labels and guide the training of the lightweight model, and at the same time, KDMLC adopts a two-
layer optimization strategy to train and enhance the generalization ability of the teacher model, so as to generate a
higher-quality pseudo-labels for training the lightweight model. The experiments show that KDMLC improves the test
accuracy by 5.50% compared with MLC method at high noise level; meanwhile, using Cutout data enhancement on
the CIFAR10 dataset, KDMLC improves the test accuracy by 9.11% compared with MLC at high noise level, and the
experiments on the real noisy dataset, Clothing1 M, also show that KDMLC outperforms the other methods, verifying
that KDMLC is better than the other methods, which verifies the feasibility and validity of KDMLC method.
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Fig.1 MLC framework
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Fig. 2 Response based knowledge distillation framework
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S MR RS KPR 4R, P A 1428000, 3k 100 U7 gk K&
Clothing 1M Hv % SR FB 43 [R5 52 B8 52 Wk P 114 52 i) 171
BE ML e D br 25, 3k 7.24 77 5K % o Pk ok 21 4 5
P 4. Clothing 1M Hr 4 A 5 Ar 28 1 L8 4 H T 01 25
BSE . MK, S ST 1407 0 1 T ik EHEL TR
F RN 2 FR.

Table 2 Settings of Sample Numbers in the Dataset
®2 BUREHAINHIRE

Blnge GEED

CIFARI0(10)  CIFAR100(100)  ClothingIM(14)
UIIEAReS 50x10° 50x10° 105010’
WAL 10x10° 10x10° 10x10°

RRE A€ S 1x10° 1x10° 50x10°

e 7 R A 49x10’ 49x10° 100010’

32 BEARBRIKEE

AN TR Y7577 5 Fine-tuning, GEC™, GLC™,
MW-Net"™”, MLC", Co-teaching"", L2RW"™ % J5 vk 1f
FXE L, SR g e A SOy 1 PR RE.

7% 5 £ F CIFAR10 F1 CIFAR100 %48 55 A T
B 1R X iR M A R X AR R P R AR R 1
YN Zx, [A] B A T 80 A8 5256 A9 AT X He 4, mini-batch /)N
¥I Sk 100, 2 AR R E0E S 120, SR FHBE LA BE T %
(SGD) 57 35 B 7 2 84, [A] Bk 2R FH A 76 1 550 40 38 5 05
TS 50 45 R BN IE.
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£ CIFAR10 %045 42 T , >R J1] Resnet34 ¥ 45 1
ORI A, 78 CIFAR 100 B4 T 5% Resnet32
Y R I ARE A fYy 2 485 A, 2% AR B AU SR ] Resnet18 )
2. AR A 5 2 A R SR FOA [R] 1 2 2 SR A0 A 7
2, #0 R Eff B MultiStepLR J7 ¥ 43 B 76 80 Ik 5
100 ¥R 3% A v e 78 2% 2] RN, 2% AR BERLEE warmup
ARG G AR o 2 BN T 2R IRIR
JEE XoF S 9 5 W 8K, BT DL ZE CTFAR10 U4 4 b #(
Ui A Y 5 2 A AR 22 J] 2% AR U remp TXE R 3, TR
CIFAR100 %4 4 I 3= 155 0 55 2% A B AU 2 1] 28 17 R
£ temp B E A 1.

33 ZWERSH
33.1 CIFARI0 S5 45 B

#3 B T Lk Iy kX CIFAR10 %4 48 7 2 Ff
M 75 2SR 5 OR ) 5 ik i R 45 SR ) B X T UNIF
W AT FRATTXS LT 4 FhAS [7] f M 75 KO, 4300
20%, 40%, 60%, 80%. [F]H:f 7 FLIP M 75 25 AR X} 20%

F1 409 & 2 SRR AKE TR #EATI0

M 3 AT LI EE B, 7E CIFARIO H fIT 45 () e 75
7K |, KDMLC J5 ¥ 5 HoAth 77 % L BB T 88047
L5 L. AR R KO, 2R BB AR I AL T MLC;
TE 55 e B MR P 7KOF R, G HOZ 7 M 5 K7 R 80% BT
2 AR RS RD A o B % 1L MILC 7 3k A 7 B % 5 1 5.50
AN G A, TR S 30U A ) v B SRR B T 77.34%,
¥rim T HEr gk ny e

& 4 78 T MLC 5 KDMLC 7 CIFAR10 | A [A]
M 7 KT (R G BE . 2 I K- KT 509% B KDMLC
5 5Ll J5 ¥k MLC A1 oA B 8 49 $2 71, iE ] KDMLC
FE 1R W RS KOF TR A SR 09 12 A M RE. T #E FLIP M
PRI, BT — A 2P AT AT S ) I RE DL S A
R ) — A, FERX R MR TR, M KO IR
T 50%, 7 W B DR AR 10 B R 22 80K g AR 132
b BB AT R B K 5% ). FE 7R Mk 7S K OF- i, KDMLC
146 B 1 322 1 F MLC.

Table3 Performance Comparison of KDMLC and Different Methods on CIFAR10 Dataset

% 3 KDMLC 5A R ETE CIFARI0 $iEERERERTLE

%

UNIF M7 ) 4 Fpigs /K7

FLIP M7 ) 2 Fhigs K -

Fik
20% 40% 60% 80% 20% 40%
Fine-tuning 91.17 87.34 83.75 69.28 93.11 91.04
GEC™ 90.27 88.50 83.70 57.27 90.11 85.24
Co-teaching"" 86.05 75.15 73.31 83.68 75.62
L2RW"™ 87.11 82.60 87.86 85.66
GLC™ 91.47 88.52 84.08 64.21 92.46 91.74
MW-Net""! 91.48 87.77 81.98 65.88 91.47 91.64
MLCY 89.83 87.32 83.92 74.43 91.81 91.35
KDMLCy; 89.97 88.16 85.13 77.34 92.08 91.62
KDMLCys 90.25 89.78 86.76 79.93 92.87 92.48
H: NT 5 NS SRR G2 E 5 SRR 3R e Ay 2R 2.
100 94.0
—e— MLC —— MLC
95 —s— KDMLCy; 93.5 —s— KDMLCy;
90 == KDMLC\g 93.0 =ir= KDMLC\g

s 85 & 925

= 80 = 92.0

& 75 £ 915

70 91.0

65 90.5

60 90.0

0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50
Mg 7 7K /% W 7 7K /%

(a) UNIFWE: 27

(b) FLIPME: 27

Fig.4 Accuracy comparison of model on CIFAR10 dataset
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Fig. 5 Accuracy comparison of CIFAR10 dataset with UNIF noise type
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Fig. 6 Noise transition matrix for CIFAR10 dataset under UNIF noise type with a 40% noise level
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3.3.2  CIFARI00 SZ 5 25 43 Hr

3 4 R T CIFARI00 7€ UNIF 5 FLIP M 25 7
FRIAS [] M 75 7K SF- 1, MLC #6281 5 KDMLC £ 2 i) S 5
253w LIS Y MLC JF A BEAR 4 b 3 [ CIFAR100,
JE IR AE UNIF MR 8RR, M 7 5080 4 1 &) 43 A 5]
AN TR 2 ), ELPE B o A B I R 45 G s
U5t 0145 0 ABE 2. 111 SR KDMILC 1) 27 A #5080 1) Pk R
X H MLC ¥ 3R 1 3 7, [ B B0 88 78 1) 7k g
380 Tk, SR T AR AR AR R AL A A AP AR
CIFAR100 H1 3R FH 2% ) % 1=0.1, 2518 IR & temp=1 I}
AT B RO, 47K 5 CIFAR10 448 45 A [ i
SRR, T ARAT B 245 Rk R AH . AR 7(a) (b)

FRRT L% BRAE CIFAR100 H 78 10 I 8 %o 5 06 &% IR H.
HIA M, K 7(a)  KDMLC J5 7 B B AL F 5 MLC

Table4 Accuracy Comparison of KDMLC and MLC on
CIFAR100 Dataset with Two Types of Noise
%* 4 KDMLC 5 MLC 7£ 2 W@ = LAT
CIFAR100 R &R AR EITLL %o

UNIF M (Y 4 FiAOKF FLIP R 2 Fhlgg K

Tk
20%  40%  60%  80% 20% 40%
MLC 5851 3643 2359 1650 60.19 55.69
KDMLCyy 6326 44.92 2874 19.65 64.84 63.88
KDMLCys 67.79 50.61 31.33 19.83 68.73 67.59
T BARBUEF R e
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Fig. 7 Comparison of testing accuracy on CIFAR100 dataset under different parameter settings
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Fig. 8 Accuracy comparison of CIFAR100 dataset with FLIP noise type
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Fig. 9 Comparison of training time
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Fig. 10 Comparison of training accuracy for different types of labels on CIFAR100 dataset with FLIP noise type
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Table 5 Comparison of Accuracy in KDMLC Ablation
Experiments

&5 KDMLC 4asCIb EmMEXI L %o

e USSPy S

YIS el
CIFAR10/UNIF/80% CIFAR100/FLIP/40%

KDMLCy; 74.51 55.73
ToEE U
KDMLCy 76.48 59.61
KDMLCy; 77.34 63.88
KDMLC J5#
KDMLCys 79.93 67.59

T BARUEF R L.

/D B ) T, S B0 AR BT R B 1, BT RNy 8%
8. % 6 1 CNT 5 CNS 735l fL3RAE Cutout X4k 4% 52 T
1 TR TR 5 2 A A

Table 6 Accuracy Comparison of KDMLC and MLC with
Two Types of Noise
% 6 KDMLC 5 MLC 7 2 FIRFRE T AERELE %
UNIF MY 3 R R FLIP MR 3 Rk

40% 60% 80% 20% 30% 40%

ES O

KDMLCy; 88.16  85.13 7734 6484 6437  63.88
KDMLCys 89.78 8676  79.93  68.73 6823  67.59
CNT 89.05 8637 8228 6467 6418 6391
CNS 90.26 8744 8354 6859 6798  67.76
T RBUH AR L SR .
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Fig. 11 Comparison of model testing accuracy under Cutout

data enhancement
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Table 7 Testing Accuracy Comparison of ClothinglM

£ 7 ClothinglM X AR EXTLE %
Jridk: WA Jrik: MRIES
Joint Optimization™”’ 72.23 Bootstrap™” 69.12
U-correction™ 71.00 Forward"” 69.84
MW-Net™ 73.72 MSLC™ 74.02
GLC™ 73.69 KDMLCys (4230) 74.23
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