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Abstract: When training deep neural networks in practical application scenarios, the data used often have
various biases, such as long-tailed category distributions, in-distribution noise, and out-of-distribution noise.
Most existing methods focus on solving the problem of category imbalance or dealing with noisy labels, but
rarely consider both aspects simultaneously, especially when in- and out-of-distribution noises exist at the
same time. We propose an imbalanced noisy labels calibration (INLC) method to address this challenge. To
handle out-of-distribution samples, we use the model’ s consistent predictions to filter them out and assign
uniform labels, thereby enhancing the model’s ability to detect out-of-distribution samples. For in-distribution
samples, we use the Jensen-Shannon divergence to distinguish noise and reduce misclassification of clean

samples, especially in tail categories. To address the problem of category imbalance, we introduce an
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additional semantic classifier to mitigate the bias of pseudo-labels towards majority categories. Finally, we

adopt a consistency regularization method based on strong data augmentation to further improve the model’ s

generalization performance. We conducted extensive experiments on simulated and real-world datasets,

covering different levels of category imbalance from low to high and different proportions of label noise.

Experimental results show that INLC significantly alleviates the impact of label noise and category imbalance,

and improves the classification accuracy by more than 2% compared with the previous state-of-the-art baseline

methods.

Key words: long-tailed learing; open world; in- and out-of-distribution noisy; pseudo-labels;imbalance
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Fig.1 Illustration of the problem setting
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Table 1 Test accuracy on simulated CIFAR-10/100 with varying imbalance and noise rates %
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G MHBAL  p L ri= Fots Tu™= Four Tu™= Foots Tu™=" Toots Tu™= Toots Tu™= Toots "= Footr 1= I
(0.1,0.1) (0.2,0.1) (0.2,0.2) (0.2,0.2” (0.1,0.1) (0.2,0.1) (0.2,0.2) (0.2,0.2°)

ERM 71.40 68.43 57.58 69.26 47.55 49.31 42.87 52.07 57.31
Focal 68.66 66.75 55.26 70.41 45.32 42.67 38.85 50.21 54.77
Logit Adj. 70.71 69.15 57.37 71.13 51.98 48.58 43.44 60.51 59.11
LDAM 83.87 82.73 79.40 80.20 68.46 66.55 58.99 64.09 73.04
MiSLAS 85.91 84.67 78.97 82.70 68.59 65.24 55.98 67.82 73.73
CSA 80.11 72.76 68.58 76.89 59.94 56.85 50.88 59.28 65.66
Mixup 75.27 72.17 65.90 70.65 54.70 54.79 46.62 53.56 61.71
ELR-+ 82.07 85.35 83.87 82.79 59.91 57.29 53.46 60.88 70.70
CIFAR-10 Jo-SRC 74.91 74.39 69.22 69.28 50.01 47.61 38.96 41.61 58.25
PNP 73.62 69.54 61.13 66.87 51.69 47.33 42.92 47.38 57.56
DSOS 82.84 82.64 76.77 79.11 64.98 57.42 50.58 62.48 69.60
MDivideMix  70.29 60.88 57.90 61.31 33.49 28.24 26.36 29.86 46.06
HAR 75.71 74.72 68.43 73.38 58.06 54.21 50.34 56.86 63.69
CBS 78.91 79.63 78.65 79.47 63.13 63.52 57.62 65.37 70.79
Ours 87.85 86.80 84.02 81.58 73.16 71.58 62.98 64.13 76.51
Ours (Focal)  87.50 85.51 78.22 80.66 72.27 68.92 63.21 64.60 75.11
Ours (S2) 88.38 86.99 81.45 80.38 70.37 68.51 62.03 64.48 75.73
ERM 34.18 28.32 23.93 29.95 22.16 17.79 17.16 15.98 23.68
Focal 35.78 31.12 24.45 29.06 20.82 16.48 14.10 16.90 23.59
Logit Adj. 36.56 33.12 23.02 30.67 24.09 20.02 14.57 19.56 25.20
LDAM 48.75 47.70 43.01 45.75 32.51 29.88 24.12 25.28 37.12
MiSLAS 53.17 51.31 44.40 48.22 32.28 28.34 22.33 28.86 38.61
CSA 47.84 45.66 37.94 43.80 30.28 27.89 22.32 27.31 35.38
Mixup 43.81 42.32 33.21 37.79 25.78 26.65 21.01 22.16 31.59
ELR-+ 58.85 55.83 49.61 52.39 38.51 36.83 31.60 33.14 44.59
CIFAR-100  Jo-SRC 42.08 39.44 36.47 33.39 24.22 21.38 19.75 22.27 29.88
PNP 34.92 30.19 26.75 28.41 21.26 19.92 16.60 18.17 24.53
DSOS 48.84 45.77 41.12 43.41 31.04 26.88 21.58 27.42 35.76
MDivideMix  36.59 37.69 28.36 31.77 26.73 28.13 25.62 22.79 29.71
HAR 43.75 41.39 36.28 38.79 28.44 24.74 21.87 24.45 32.46
CBS 46.34 45.44 43.64 45.51 29.58 28.11 25.16 28.60 36.55
Ours 61.92 58.78 54.49 55.01 40.44 38.06 33.09 33.39 46.90
Ours (Focal)  61.41 57.12 54.79 52.23 40.29 33.99 33.28 33.92 45.88
Ours (S2) 62.25 60.26 56.26 57.40 39.16 37.06 33.08 33.34 47.35

TE : Focal #715 ff Fi Focal 451 2% BRI, S2 F 7R BUAE W 75 73 BN .
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55 At M 7 2 S ik 2SR, B AN A S,
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KEPERE . 5 ERM A I, A& 3CJ7 78 CIFAR-10
O HER R T 19%, 7 CIFAR-100 F 42 %
T 23%.,

Sy T VEAG AN ] 5 vk AR R AS 1 O (6] 9 28 1) | Y
PERE , B BOHE B2 30 43 o AR 2 T REAR S R D
ARE, R2ERT r=02,ra=02 L & rpy=
100 B CIFAR-10 45 5 . MISLAS A7 &% Hh A%
T REAR IS I T AR, B R

TR ERE . RN EAE AR AP AR AR
Frp R B R IE B B AR KT, S ECERE TR, AH
2T ELRA+ Z0g 1 58 A1 ) @, 3 27 4L
WEFHZREARIPERIE O, 0 H,CBS % b
BEARP YRR T ZHARL, AT LELH
R AR B o3 A, 645 N 2Z A 52 BT Sk 3 4 1
PERER I . HAKIN 5 18 o 2840 38 1o A R b i
AR 5 £ R A (BB — SRR AR AE 1 T ¥ R
FERFAIE 23 ] o (g AR EE , R A2 T SUPRAR 2 o 7ETH
Xif 28 SR S i ) S T D BOCR R AR B R D
S DR T i G 1k v R b S Bl 3 2K G SRR AE 43
Ao SR, 33X b 5L A ARLEE 14 43 ML 0t 1) T2 55
B T I LA — o AR B RE AR U3 Dy Bk B
fli Sk SERE A SR AT RE IR F 28025, X — etk i
SRTT BB T O A 150 2 H A A T 2 EOE 1 D B
FEREA B U R T A AR T T AR A
[ 298

K2 AREAETHERMMIXERE

Table 2 Test accuracy for classes under different sample sizes

! ZHEAR A REAR ik
ERM 71.03 43.90 12.43 42.87
Focal 73.10 35.35 8.13 38.85
Logit Adj. 56.03 46.35 27.30 43.44
MISLAS 62.46 58.25 46.83 55.98
Mixup 80.83 42.55 16.53 46.62
ELR+ 90.33 57.05 11.90 53.46
CBS 42.70 66.92 57.83 57.62
Ours 91.66 68.07 28.70 62.98
Ours(Focal) 89.90 63.65 38.63 63.21
Ours(S2) 88.76 59.65 38.26 62.03
TEAR SO ER e A HER BE I8 725 3.4 HELBIEHERI

R o A SR Ad ] Focal $i2E E(E P H
“Focal " b1 ) 15 Lo SR, 85 R B, H Fo-
cal B 2R I A SR A8 U B R A . SR ZHE
A7 T 95 A, IR R 6 Sk I A T T R
M), =A% Fil S o L Al 24 531
B AR AR SCIA J8 7R T 0 W S e B L ) 245

(RAFHS2"hRTE) o HAKMF 75 S2 & e
K (5) A (6) K uE T e A, SR 5 1 H = (3) A
) 4 BOHE b 4y B OOD REA , % J5 %F OOD Al ID
FEARMIBRZE BEATAS IE . B3 2 I 2, 5 50 o g
AH LG, oA S 9 IG5 6T 3 1R 1 B 1 5% e AT L
SRIM,S2 B F I m TRMAE WM. S27E B
FE T T REAR S TRE A R (RS R AR
G, X FHECL IR TR, M E TR, XS
Vi 22 4b 3K R B 1 T TR 25

RSN T AR H IR T R PERE SR G

mini-WebVision fil ImageNet ILSVRC12 5 il 4 .
HAb I ny a5 R 5] B SCHRE3,10] 0 AR 3 AT LA
B A SCHRE R INLC AE 28 3R 8 €5, 7 A O
P00 3 A IR G S A R

%3  mini-WebVision fll i # f§ %

Table 3 Test accuracy on mini-WebVision %
. mini-WebVision ILSVRC12
Top-1 Top-5 Top-1 Top-5
ERM 62.50 80.80 58.50 81.80
Mixup 75.44 90.12 71.44 89.40
Co-Teaching 63.58 85.20 61.48 84.70
DivideMix 77.32 91.64 75.20 90.84
ELR+ 77.78 91.68 70.29 89.76
DSOS 77.76 92.04 74.36 90.80
HAR 75.50 90.70 70.30 90.00
Ours 78.12 93.36 72.36 92.20
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Table 4 Test accuracy under influence of each

component %
Vimb = 10 Timb— 100
j N Dis A Voods Tid™  Toods Via™—  Toods Tid™—  Toods T'id™—
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Fig.4 Hyperparameter sensitivity analysis
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Table 5 Test accuracy under influence of |Q,| %
Q.| 32 64 128 256 512
Accuracy 62.11  62.07 62.70 62.98 62.03
4 &
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