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Theorem 1. Assume the loss function L(f(x),y) is p-Lipschitz with respect to f(x) forally € Y
and uppper-bounded by M. For noise rate 0 < € < 1 and mean CLS size for normal samples
1 < a < C, for any 6 > 0, with probability at least 1 — §, we have
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The proof of Theorem 1 is provided in Appendix A.l. It can be observed that the generalization

performance of f is primarily influenced by three factors: the noise rate €, the mean CLS size o of
normal samples, and the sample size n. As n — oo, ¢ — 0 and o — 1, Theorem 1 shows that the

generalized error bound will be reduced, and the empirical risk minimizer f will get closer to the

true risk minimizer f*. Obviously, a smaller noise rate ¢ and a smaller CLS size o will bring
better generalization performance.
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Experimental results

Table 1: Accuracy comparisons on CIFAR10 and CIFAR100 under various ambiguity levels 77 and noise levels
~. Bold indicates the best result. Accuracies are presented in percentage (%) form. All experiments were
conducted three times under the same three distinct random seeds.

CIFAR10
Method n=03 n=04 n=0.5
v=0.2 ¥=0.3 v=04 v=0.2 v=0.3 v=04 v=0.2 v=0.3 v=04
PRODEN [ICML’20] 77.74 £ 0.53(67.20 + 0.99(57.74 + 0.56(71.43 4+ 0.54|59.28 4+ 0.82|46.87 + 1.40|63.94 £+ 0.75|49.38 £+ 1.13(32.03 £+ 1.33
CC [NeurIPS’20] 75.09 £+ 0.37(63.48 + 1.72{54.42 + 0.34|68.08 + 0.94|54.46 + 0.36|42.24 + 1.31|58.22 + 0.24|44.38 £+ 1.60|28.57 £+ 1.67
CRDPLL [IMCL 23] 84.61 +0.19(80.12 + 0.46|71.43 4+ 0.93|81.60 4+ 0.46|72.79 £+ 0.39|53.24 £+ 2.30|76.92 + 1.04|56.78 £ 0.76(32.60 + 1.04
PaPi [CVPR’23] 89.80 + 0.36(86.36 + 1.06|78.45 + 0.61|86.71 4+ 0.65|81.78 4+ 0.52|59.02 + 1.67|86.34 £+ 0.67|73.06 £ 1.16(47.16 £+ 1.35
FREDIS [ICML’23] 92.09 + 0.29(87.91 + 1.74(84.15 + 0.19(89.25 4+ 2.18|84.78 4+ 2.50|77.74 4+ 0.70|88.10 £+ 0.59|79.73 £+ 2.70|52.68 + 1.22
PiCO+ [TPAMI'24] 94.12 + 0.35(94.22 + 1.19(89.56 + 0.52(93.84 4+ 0.96|92.96 4+ 0.92|85.94 + 1.48|92.21 £+ 0.66|89.63 £ 1.47|75.59 £+ 1.32
ALIM-Scale [NeurIPS’23] |94.97 £ 0.27|94.10 £ 0.16{93.31 £+ 0.27|94.38 + 0.24(93.41 + 0.25(89.62 + 0.66(93.92 + 0.09(90.10 4+ 0.56|69.78 4+ 1.07
ALIM-Onehot [NeurIPS’23]95.13 £+ 0.10|94.39 £ 0.23|93.68 £ 0.14|94.64 + 0.08{94.17 + 0.04|88.88 + 0.30{94.07 = 0.15(90.71 &+ 0.73|65.57 + 2.04
Ours 96.91 + 0.1796.80 + 0.14|96.47 + 0.19|96.78 + 0.10(96.23 + 0.66|96.03 + 0.56|96.55 + 0.02(94.54 + 1.84|82.63 + 1.70
CIFAR100
Method n = 0.03 n = 0.05 n=0.1
v=0.2 ¥=0.3 v=04 v=0.2 v=0.3 v=04 v=0.2 v=0.3 v=04
PRODEN [ICML’20] 57.83 +0.49(48.66 + 0.31|40.10 4 0.37|55.39 4+ 0.61|45.36 £+ 1.16|36.11 £+ 0.40{50.88 £+ 1.12|40.02 + 1.40{28.81 + 0.89
CC [NeurIPS’20] 57.73 £ 0.70(48.66 + 0.28|38.26 + 1.31|55.93 4+ 0.70|45.41 £+ 1.23|35.31 £ 0.07|51.81 £ 0.36|40.69 + 0.65[28.56 + 0.29
CRDPLL [IMCL23] 63.91 4+ 0.53(59.16 + 0.14|55.16 4+ 0.36|63.02 4 0.52|57.77 £+ 0.48|53.64 £+ 0.29|61.43 £ 0.21|54.77 £ 0.05[48.50 £ 0.36
PaPi [CVPR’23] 69.83 + 0.57(61.99 + 0.24|59.71 4+ 0.68|68.64 4+ 0.61|62.72 £+ 0.95|58.63 £ 0.25|67.64 £+ 0.56|61.98 + 0.70{55.60 + 0.51
FREDIS [ICML’23] 66.94 + 0.10(61.85 = 0.41|57.99 4+ 0.35|67.48 4+ 0.57|62.72 + 0.77|57.19 £ 0.68|66.09 £ 0.42|57.60 + 0.64(45.09 + 0.72
PiCO+ [TPAMI’24] 74.32 £ 0.43|72.68 + 0.28|67.31 4+ 0.58(73.33 £+ 0.48|70.17 £ 0.62|65.01 4+ 0.48(62.67 £+ 0.46|56.25 + 0.84|47.75 + 1.08
ALIM-Scale [NeurIPS’23] |76.39 £+ 0.71|75.40 £ 0.60|74.58 £+ 0.25|76.02 + 0.31(75.33 + 0.14|74.49 4+ 0.69|75.27 + 0.22|71.06 + 1.41|64.61 4+ 2.37
ALIM-Onehot [NeurIPS’23]|76.29 4+ 0.19|74.83 + 0.12|73.39 4 1.14|74.92 4+ 0.48|74.40 £ 0.06|71.49 £+ 1.02|61.24 £+ 0.57|58.01 + 1.03{47.27 + 1.82
Ours 81.74 + 0.16(80.73 £ 0.16|79.95 + 0.20|80.76 + 0.0880.17 + 0.20|78.89 + 0.41|79.98 + 0.23(79.21 + 0.88|76.18 + 1.67




Experimental results

Table 2: Accuracy comparisons when the methods are used as a plug-in on CIFAR10 and CIFAR100 under
various ambiguity levels n and noise levels . Bold indicates the best result. Accuracies are presented in
percentage (%) form.

CIFARIO
Method n=0.3 n=04 n=0.5
¥y=02 [ ~vy=038|~vy=04|vy=02]~vy=03|~v=04]|~+=02]|~vy=03]| =04
PRODEN 78.00 67.57 57.75 1131 60.22 48.38 64.62 49.95 31.93

PRODEN + ALIM-Onehot | 90.83 88.64 84.87 89.15 84.95 71.71 86.63 79.89 42.83
PRODEN + ALIM-Scale 92.05 89.83 83.22 90.58 85.78 1121 87.10 66.34 38.14
PRODEN + Ours 94.35 94.10 93.30 94.21 93.80 90.48 94.00 93.27 62.29
CRDPLL 84.40 79.61 71.46 81.97 72.43 55.06 76.93 56.40 31.96
CRDPLL + ALIM-Onehot | 88.30 83.64 74.21 86.12 77.04 56.58 80.75 60.72 3295
CRDPLL + ALIM-Scale 92.06 90.42 85.86 90.81 85.36 73.85 87.06 68.57 40.50

CRDPLL + Ours 95.29 95.25 94.86 95.17 94.44 90.43 94.28 83.40 54.66
PaPi 69.83 61.99 39.71 68.64 62.72 58.63 67.64 61.98 55.60
PaPi + ALIM-Onehot 95.64 94.88 92.57 95.67 94.26 91.01 94.45 90.50 66.50
PaPi + ALIM-Scale 95.11 94.40 92.32 95.94 94.15 90.25 93.24 88.41 58.92
PaPi + Ours 96.74 96.67 96.41 96.84 95.47 95.39 96.53 95.41 81.85
CIFAR100
Method n = 0.03 n = 0.05 n=0.1
¥y=02 [ y=03 | vy=04|~vy=02]| =03 | ~vy=04]|~=02]~=03] =04
PRODEN 58.10 48.98 40.30 54.89 46.60 35.85 51.87 41.63 29.84

PRODEN + ALIM-Onehot | 74.07 71.18 68.26 72.47 69.76 66.36 68.17 62.33 53.44
PRODEN + ALIM-Scale 74.98 73.50 69.05 74.49 72.14 66.88 70.64 64.17 55.10
PRODEN + Ours 75.66 74.59 72.29 75.08 73.68 70.19 74.74 69.93 61.47
CRDPLL 64.36 59.01 55.20 62.45 58.26 93.51 61.26 54.72 48.69
CRDPLL + ALIM-Onehot | 68.31 63.70 57.20 67.21 64.24 99.317 67.09 62.28 50.19
CRDPLL + ALIM-Scale 70.93 67.99 58.60 70.09 67.30 57.43 68.24 63.03 53.74

CRDPLL + Ours 74.46 72.93 69.96 73.58 72.39 68.19 72.27 69.55 66.16
PaPi 69.83 61.99 2971 638.64 62.72 58.63 67.64 61.98 35.60

PaPi + ALIM-Onehot 80.37 79.20 11.58 79.64 78.14 76.08 TL1T 74.04 58.63
PaPi + ALIM-Scale 81.50 80.23 78.77 80.51 78.79 77.11 79.16 75.86 63.02

PaPi + Ours 81.70 80.69 80.08 80.85 79.88 79.29 79.78 78.23 78.10
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Experimental results

Table 3: Accuracies (%) on fine-grained datasets.

Table 7: The separation accuracy of normal/noisy samples for each NPLL method.

Method\Dataset | CIFAR10 (y=0.2, n=0.5) | CIFAR10 (y=0.3,7=0.5) | CIFARI10 (y=0.4, n=0.5)
PiCO+ 99.21%/48.90% 96.25%169.14% 83.92%/76.11%
ALIM-Onehot 98.53%/94.44% 97.31%/93.36% 86.80%/79.33%
Ours 99.35%1/97.85% 98.91%1/97.08 % 92.68 %/88.05 %

CIFAR100H | CUB-200 | Flower
Method n:=0.5 n=0.03 | n=0.05
v =0.2 v=0.3 v =0.2
PaPi 63.94 43.56 74.95
PaPi + ALIM-Onehot 69.29 48.58 76.07
PaPi + ALIM-Scale 74.34 51.44 78.47
PaPi + Ours 76.93 52.78 81.72

Table 4: Accuracies (%) on real-world datasets.

Method\Dataset Treeversity2 | Treeversity3 | Benthic2#
Papi 81.07 82.55 80.90
PaPi + ALIM-Scale 82.72 83.47 81.46
PaPi + ALIM-Onehot 84.54 86.01 82.24
PaPi + Ours 86.41 86.67 83.47

Table 5: Ablation study of our

method (%).
CIFAR10 | CIFAR100
Method | n=0.5 n =0.05
v=0.3 v=0.3
Ours 95.41 79.88
Ours v/ 94.09 78.68
Ours v2 95.39 75.16
Ours v3 81.32 74.62
Papi 61.98 62.72
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