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Learning with noisy labels:
el T 1. memorization effect. E.g. Co-teaching
W Clean Data 2. the noise transition matrix.
<t X Learning with long-tailed data:

mi} 1. re-sampling and re-weighting techniques.

= Learning with noisy label on long-tailed data:

Efi 1. distinguish mislabeled data from the data of tail classes for

follow-up procedures. E.g. RoLT
% 4 %, % Y % % : : :
“ . w R 2. reduce the side-effects of mislabeled data and long-tailed data
% ategory

in a unified way, relying on strong assumptions. E.g. HAR-DRW
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Distributional Representation Calibration

Stepl: contrastive learning to achieve representations for all

training instances.

Step2: two representation calibration strategies are performed:

distributional and individual representation calibrations.



M ethOd/Enhancing Representations Through Contrastive Learning
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MethOd/ Distributional Representation Calibration
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Distributional Representation Calibration

Purpose: recover representation distributions.
Assumption: multivariate Gaussian distribution.

Stepl: given the learned representations z.
Step2: employ LOF and remove outliers.
Step3: estimate the multivariate Gaussian
distribution
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M ethOd/Distributional Representation Calibration
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Distributional Representation Calibration

Problem: the data of tail classes may not be enough to estimate.
Motivation:’ Free Lunch for Few-shot Learning: Distribution Calibration’
(similar classes having similar means and covariance on representations)
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M eth Od/I ndividual Representation Calibration

Purpose: restrict the distance.
Lreg(x) = ||z = 2°|* = ||f(2) - 2°|.

L= Ec + ﬁfcreg:
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Method

Algorithm 1 Algorithm of the proposed method RCAL

Require: the training dataset S = {(a, 7 })7=1. regularization
strength 3, scalar temperature 7, confidence weight -, the pre-
training epochs 7, max epochs T5,.

I: fort=1,...,7, do
Representaﬁon Enhancements Individual Representation Calibration 2:  Pre-train the encoder network f with MoCo [20].
w — 3: end for
Lol ‘ . centatione of inctances wi —
Contrastive cr ~reg ‘\- 4: Extract deep representations of instances with 2z = f(x).
Learmng i L 5: forc = 1,..., K do
Sadictiong 6:  Perform the LOF algorithm for the c-th class and obtain
L of
Encoder Representations pre.served examples S° . . L .
7 Build the multivariate Gaussian distribution
v N (f(z)|frc, X.) for c-th class using S..

~
/

: end for

x_©¢g |0 % . L . T .
® oie0® */ ® 9: Calibrate the multivariate Gaussian distributions of tail
™ .: , Callbration classes with the §tatistics of h.cad classcs-. ‘ o
S Te /. [0: Sample data points from achieved multivariate Gaussian dis-
%' ‘. o i ° tributions of all classes.
kx \A|§{aoeledDaTa ik : i dicnst / 11: fﬂrt:Tp—i—l,...,Tm dO
el b e Spiioel Mman el bl 12:  Add distance constraints between learned representations

Distributional Representation Calibration . . .
? and representations brought by contrastive learning.

13:  Adopt the mixup technology to original examples.

14:  Train the encoder f and the linear head h simultaneously
on the training dataset and sample data points with the
training loss in Eq. (2).

15: end for

16: return The robust classifier h(f(a)) for testing.




EXpe rl mentS/Simulated noisy and class-imbalanced datasets.

& 7
W/’/'/.,'

\\\\\\“I"ﬂi

W

%,
%
“ny

Sy
oy

=

o”%’lﬂm\\\\‘\

1

&y

& %

IS ST B O

NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS

Methods for long-tailed data

Methods for noisy labels

Methods for both

Dataset | Imbalance Ratio | 10 | 100
|  NoiseRate | 0. 0.2 0.3 04 05 | o1 0.2 0.3 04 0.5
| ERM | 8041 7561 7194 7013 6325 | 6441 6217 5294 4811 3871
LDAM 8459 8237 7748 7141 6030 | 7146 6626 5834 4664  36.66
LDAM-DRW 85.94 8373 8020 7487 6793 | 7658 7228 6668 5751  43.23
o CRT 8022 7615 7417 7005 6415 | 6154 5952 5405 5012 3673
0 NCM 8233 7473 7476 6843 6482 | 6809 6625 6091 5547 4261
= MiSLAS 87.58 8521 8339 7616 7246 | 7562 7148 6790  62.04  54.54
“ Co-teaching 8030 7854 6871 5710 4677 | 5558 5029 3801 3075 2285
CDR 81.68 7809 7386  68.12 6224 | 6047 5534 4632 4251 3244
Sel-CL+ 8647 8511 8441 8035 7727 | 7231 7102 6570 6137 5621
HAR-DRW 8409 8243 8041 7743 6739 | 7081 6788 4859 5423 4280
RoLT 85.68 8543 8350 8092 7896 | 73.02 7120 6653 5786 4898
RoLT-DRW 86.24 8549 8411 8199 8005 | 7622 7492 7108 6361 5506
| RCAL(Ours) | 88.09 8646 8458 8343 8080 | 78.60 7581 7276  69.78  65.05
Dataset | Imbalance Ratio | 10 | 100
|  NoiseRate | 0.1 0.2 03 04 05 | o1 0.2 03 04 0.5
| ERM | 4854 4327 3743 3204 2624 | 3181 2621 2179 1791 1423
LDAM 5177 4814 4327 3666 2962 | 3477 2970 2504 1972 1419
LDAM-DRW 5401 5044 4511 3935 3224 | 3724 3227 2755 2122 1521
S CRT 49.13 4256 37.80 3218 2555 | 3225 2631 2148 2062 1601
0 NCM 5076 4515 4131 3541 2934 | 3480 2945 2474 2184 1677
= MiSLAS 5772 5367 5004 4605 4063 | 4102 3740 3284 2695 2184
© Co-teaching 4561 4133 3614 3208 2533 | 3055 2567 2201 1620 1345
CDR 4702 4064 3537 3093 2491 | 2720 2546 2198 1733 13.64
Sel-CL+ 5568 5352 5092 47.57 4486 | 3745 3679 3509 3196  28.59
HAR-DRW 51.04 4624 4123 3735 3130 | 3321 2629 2257 1898 1478
RoLT 5411 5100 4742 4463 3864 | 3521 3097  27.60 2473 2014
RoLT-DRW 5537 5241 4931 4634 4088 | 3760 3268 3022 2658 2105
RCAL (Ours) | 5750 5485 5166 4891 4436 | 4168 3985 3657 3336 3026
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EXpe rl mentS/Results on Real-world Noisy and Imbalanced Datasets

Table 2: Topl and Top5 test accuracy on Webvision and
ImageNet validation sets. Partial numerical results come

) Table 3: Test accuracy on the Clothing 1M test dataset. Par-
from [5, 61]. The best results are in bold.

tial numerical results come from [78]. The best results are

in bold.

Train WebVision-50
Test WebVision ILSVRCI2
Method Topl (%) Top5 (%) Topl (%) Top5 (%) Method Topl (%) | Method Topl (%)
ERM 62.5 80.8 58.5 81.8 ERM 68.94 Co-teaching [18] 67.94
Co-teaching [18] 63.58 85.20 61.48 84.70 MentorNet [25] 67.25 CDR [63] 68.25
INCV [7] 65.24 85.34 61.60 84.98 Forward [48] 69.84 D2L [45] 69.74
E‘;‘; Egil” s o ?6835 . Pencil [73] 73.49 | LRT[82] 71.74
RoLT+ [61] 77.64 92.44 74.64 92.48 SL[58] 71.02 M_LFT |%3| 1347

- PLC [78] 74.02 DivideMix [32] 74.76
RCAL+ (Ours) 79.56 93.36 76.32 93.68

4

combine semi-supervised learning
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EXperiments/aviation study
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Table 7: Ablation study results of test accuracy (%) on simulated CIFAR-10 and CIFAR-100. We report the mean. The best
results are in bold. In the following, “CL” means unsupervised contrastive learning. “DC” means distributional calibration.
“REG” means individual calibration by restricting the distance between subsequently learned representations and the repre-
sentations brought by unsupervised contrastive learning.

Dataset | CIFAR-10 CIFAR-100

Imbalance Ratio | 10 | 100 10 | 100

Noise Rate |02 04 | 02 0.4 0.2 04 | 02 0.4
RCAL 86.46 8343 | 7581 69.78 | 5485 4891 3985  33.36
RCAL w/o Mixup 84.08  79.27 7247 64.83 5122 4553 | 3678 3085
RCAL w/o Mixup, REG 8323  78.12 | 6749 5827 | 4874 4215 | 343] 27.14
RCAL w/o Mixup, REG, DC 80.40 7437 6402 5461 47.01 4085 | 3227 2542
RCAL w/o Mixup, REG, DC,CL | 75.61 70.13 62.17  48.11 4327 3294 | 2621 17.91
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ResNet-32 @ ResNet-18  -o-ResNet-34
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EXperiments/aviation study
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Table 6: Test accuracy (%) of many/medium/few classes on

CIFAR-10, where the noise rate and imbalance ratio are 0.5
and 10.

Method Many Medium Few Overall
ERM 82.71 55.31 57.22 63.25
MiSLAS 67.16 69.52 81.66 72.46
RCAL (Ours) a84.10 34.13 73.98 30.80
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