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Probability distribution predicted performance improvement in noisy label
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ABSTRACT

When learning a model in supervised learning, input data and the label of the data are required. However, labeling is high cost task
and if automated, there is no guarantee that the label will always be correct. In the case of supervised learning in such a noisy labels
environment, the accuracy of the model increases at the initial stage of learning, but decrease significantly after a certain period of
time. There are various methods to solve the noisy label problem. But in most cases, the probability predicted by the model is used
as the pseudo label. So, we proposed a method to predict the true label more quickly by refining the probabilities predicted by the
model. Result of experiments on the same environment and dataset, it was confirmed that the performance improved and converged
faster. Through this, it can be applied to methods that use the probability distribution predicted by the model among existing studies.
And it is possible to reduce the time required for learning because it can converge faster in the same environment.
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Fig. 1. Noise types[4], left top to clockwise
Uniform Noise, Class-Dependent Noise,
Locally-Concentrated, Feature-Dependent Noise
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Fig. 2. Compare Momentum and Adam
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Table 1. Symmetric noise table

Symmetric Noise
Dataset Method 20% 0% 0%
CE 86.98 81.88 74.14
+0.12 | £029 | +0.56
Bootstrap(9] 86.23 82.23 75.12
+023 | £037 | +0.56
Forward[s] 87.99 83.25 74.96
+036 | £038 | +0.65
CIFAR 89.83 87.13 82.54
10 GSEL10] +020 | £022 | +023
SLI1] 89.83 87.13 82.81
1032 | 026 | +0.61
BLR*[5] 92.12 91.43 88.87
+035 | 021 | +0.24
93.42 92.12 88.74
Ours +046 | +028 | +031
Table 2. Asymmetric noise table
Asymmetric Noise
Dataset Method 10% 20% 0%
CE 90.69 88.59 86.14
+0.17 | £034 | +0.40
90.32 88.26 86.57
Bootstrapld] | 4 51 | +024 | 4035
90.52 89.09 86.79
Forward(8] |4 )26 | +047 | +036
CIFAR 90.91 89.33 85.45
10 GSELOL 1 4000 | 4017 | +0.74
SLI1] 91.72 90.44 88.48
+031 | £027 | +0.46
ELR*[5] 94.57 93.28 92.70
+023 | £0.19 | +041
Ours 94.26 93.59 92.65
+03 | £024 | £047
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Fig. 3. Accuracy graph. Blue dotted is ELR*[5],

Orange is our method when Symmetric noise
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