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A Neural Network Classification Framework Based on
Calibrating Noisy Labels in Multi-round

WANG Xue-gang, WANG Yu-feng
(School of Communication and Information Engineering,Nanjing University of

Posts and Telecommunications , Nanjing 210003, China )

Abstract; Neural networks trained with large—scale labeled datasets have shown excellent performance in classification tasks. However,
the datasets used for practical tasks often contain noisy labels, which will make the performance of the classification network worse. In
order to overcome the adverse effects of noisy labels, we propose a neural network classification framework based on calibrating the noisy
labels in multi-round, which updates the trained network parameters and calibrates the noisy labels in the current training data in each
round of calibration , the calibrated dataset is used for the next round of training and calibration. Specifically,in each round,the predictive
results of some selective anchor samples is utilized to estimate the label transition matrix of the current data, which is then used to infer the

"

weighted average noise rate. Then,through exploiting the " small loss" principle, the noisy data samples are chosen by considering the
weighted average noise rate and the trained loss value of data sample. Finally,the noisy labels are calibrated through combining the label
transition matrix and predictive result of the trained network adaptively. After multiple rounds of calibration, the noisy level of the dataset
is significantly reduced,based on which more accurate classification result can be trained. Experimental results on multiple real datasets
show that the proposed method has a large performance improvement compared with existing schemes.
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