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m) class-agnostic noise modeling may not work
well when the loss distributions of the different
classes vary significantly under 50% symmetric noise and 1:10 class imbalance
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® Misleading predictions due to uncertainty

epistemic uncertainty: accounts for uncertainty in the model parameters, which could be
reduced by observing more data

m) minority classes

aleatoric uncertainty: captures noise inherent in the observations, which cannot be reduced
even if more data were to be collected
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(a) Distribution of loss values (b) Joint distribution of loss val-
ues and epistemic uncertainty

[1TWhat Uncertainties Do We Need in Bayesian Deep Learning for Computer Vision?

Figure 2: Loss values and epistemic uncertainty distribu-
tion on CIFAR-10 with 90% symmetric noise, a warm-up of
30 epochs. (a) Loss distribution of clean samples overlaps
with noisy samples due to misleading predictions induced
by epistemic uncertainty. (b) Label noise modeling consider-
ing epistemic uncertainty distinguishes clean samples from
noisy ones more accurately.
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Aleatoric Uncertainty-aware Learning Against
Label Noise(AUL)

aleatoric uncertainty

aleatoric uncertainty can be modeled by

logit corruption with Gaussian noise, and the
formulation leads to new loss functions, which
can attenuate the effect from corrupted labels
and making the loss more robust to noisy data.

instance-dependent noise factor 6% ~ N(0,0)

class-dependent noise factor Y m# [+5 ~ N(0,0)
Di(W) =65 (W) +6Y fiw (xi) =  3; = softmax(( +6) fy (W) + 65 (W))
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EUCS
warmup == estimate the clean probabilities w;  =mp divide the training data into clean
and the corrected labels samples and noisy samples with w;
® (.=(,+1,0, use MixMatch to augment X u U
intoX’ U
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I Experiments

CIFAR-10 CIFAR-100
Dataset
Sym. | Asym. Sym.

Noise Rate | 209% 50% 80% 90% | 40% | 20% 50% 80% 90%
CE best || 86.8 79.4 629 427 | 850 | 62.0 467 199 199

last || 827 579 261 168 | 723 | 61.8 373 88 3.5
CoTs best || 89.5 857 674 479 - 656 518 279 137 Method | Test Accuracy

last || 882 84.1 455 30.1 - 64.1 453 155 8.8

b 924 89.1 775 589 | 885 | 694 575 311 153 CE 69.2
PENCIL est il = ' ' ' ' : : M ti 71.0

last || 920 887 765 582 | 88.1 | 681 564 207 88 -correction .
ML best || 929 89.3 774 587 | 892 || 685 592 424 195 Meta-Learning 73.5

last || 920 888 76.1 583 | 886 | 67.7 580 40.1 143 PENCIL 73.5
Mocorrectio Dot || 940 920 868 60.1 | 874 | 739 661 482 243 DivideMix 74.8

-correction g 938 919 866 687 | 863 || 734 654 476 205 ELR+ 74.8

Dividenix DSt 961 946 932 760 | 934 | 773 746 602 315 ULC | 74.9+02

last || 957 944 929 754 | 921 || 769 742 596 310

best || 95.8 948 933 787 | 930 || 77.6 736 608 334 ) : : :
ULC best || 96.1 952 940 864 | 946 || 773 749 612 345 accuracy on Clothing 1M (%).

last || 959 947 932 858 | 941 | 771 743 608 341

Table 1: Comparison with state-of-the-art methods in test
accuracy on balanced CIFAR (%).
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Dataset H CIFAR-10 H CIFAR 100

Sym. 20% | Sym.50% Sym.20% Sym.50%
Resampling Ratio || 1:5 1:10 | 1:5  1:10 || 1:5 1:10 | 1:5  1:10
best || 87.1 854 | 720 684 || 649 614 | 482 43.0

CE last || 86.8 850 | 709 678 | 645 609 | 477 422
ot best || 825 767 | 719 532 || 492 399 | 30.6 29.2
last || 823 767 | 715 509 || 4990 396 | 305 292
best || 80.5 745 | 73.8 654 || 52.1 455 | 332 284
PENCIL last || 800 73.0 | 735 652 || 511 433 | 319 252
L best | 75.9 700 | 73.8 622 || 542 475 | 412 348

last || 74.6 68.0 | 61.6 54.0 | 51.1 444 |352 303

best || 88.1 80.1 | 835 775 || 623 554 | 513 444
last || 87.0 77.3 | 83.1 76.8 || 62.2 547 | 50.0 44.1

best || 93.9 748 | 855 669 || 65.0 512 | 569 442

M-comection

DivideMix ¢ 11939 746 | 854 668 || 649 509 | 564 44.0
- best || 88.2 798 | 827 655 || 59.6 499 | 534 44.7

last || 87.0 784 | 825 646 || 593 496 | 525 43.9
ULe best || 95.0 938 | 949 925 || 755 728 | 7.6 57.2

last || 94.9 926 | 94.7 922 || 75.1 723 | 70.9 56.7

Table 2: Comparison with state-of-the-art methods in test
accuracy on imbalanced CIFAR (%).

imbalance: we randomly choose half the classes and randomly sub-sample
1/5 and 1/10 examples in these classes while other classes remain the same
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Dataset CIFAR-10 CIFAR-100
arase Sym.20% | Sym.50% | Sym.20% | Sym.50%
Resampling Ratio [ 5 L10| 155 10| 155 110 1:5 0 1:10
ULC best | 95.0 93.8 | 949 92.5 || 755 728 | 716 57.2
last | 949 92.6 | 947 922 | 751 723|709 56.7

best | 942 82.5 | 88.5 705 || 67.1 594 [ 613 502

ULCwo CSM 1t Il 938 813 | 87.9 698 || 662 587 | 60.5 498
best || 94.1 90.7 | 91.3 899 || 680 672 | 659 53.2

ULC W EUM g " 93.8 90.1 | 908 88.7 || 67.5 669 | 654 526
best || 942 91.8 | 92.5 91.2 | 702 66.5 | 683 52.2

ULCwo AUL g " 940 915|917 905 || 69.7 66.1 | 67.2 516

Table 4: Ablation study results on imbalanced CIFAR (%).
CSM refers to class-specific noise modeling, EUM refers
to epistemic uncertainty-aware noise modeling, and AUL
refers to aleatoric uncertainty-aware learning.
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