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1. T.Ishida, I. Yamane, N. Charoenphakdee, G. Niu, M. Sugiyama. Is the Performance of My
Deep Network Too Good to Be True? A Direct Approach to Estimating the Bayes Error
in Binary Classification. Proceedings of Eleventh International Conference on Learning
Representations (ICLR2023).

There is a fundamental limitation in the prediction performance that a machine learning
model can achieve due to the inevitable uncertainty of the prediction target. In
classification problems, this can be characterized by the Bayes error, which is the best
achievable error with any classifier. The Bayes error can be used as a criterion to
evaluate classifiers with state—of—the—art performance and can be used to detect test
set overfitting. We propose a simple and direct Bayes error estimator, where we just
take the mean of the labels that show ¥emph{uncertainty} of the classes. Our flexible
approach enables us to perform Bayes error estimation even for weakly supervised
data. In contrast to others, our method is model—free and even instance—free. Moreover,
it has no hyperparameters and gives a more accurate estimate of the Bayes error than
classifier—based baselines. Experiments using our method suggest that a recently
proposed classifier, the Vision Transformer, may have already reached the Bayes error
for certain benchmark datasets.

2. Z. Lu, C. Xu, B. Du, T. Ishida, L. Zhang, & M. Sugiyama. LocalDrop: A hybrid regularization
for deep neural networks. JEEE Transactions on Pattern Analysis and Machine
Intelligence, Vol.44, No.7, pp.3590-3601, 2022.

In neural networks, developing regularization algorithms to settle overfitting is one of
the major study areas. We propose a new approach for the regularization of neural
networks by the local Rademacher complexity called LocalDrop. A new regularization
function for both fully—connected networks (FCNs) and convolutional neural networks
(CNNs), including drop rates and weight matrices, has been developed based on the
proposed upper bound of the local Rademacher complexity by the strict mathematical
deduction. The analyses of dropout in FCNs and DropBlock in CNNs with keep rate
matrices in different layers are also included in the complexity analyses. With the new
regularization function, we establish a two—stage procedure to obtain the optimal keep
rate matrix and weight matrix to realize the whole training model. Extensive experiments
have been conducted to demonstrate the effectiveness of LocalDrop in different
models by comparing it with several algorithms and the effects of different

hyperparameters on the final performances.
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T. Ishida, . Yamane, N. Charoenphakdee, G. Niu, M. Sugiyama. Is the Performance of My
Deep Network Too Good to Be True? A Direct Approach to Estimating the Bayes Error in
Binary Classification. /E/CE Technical Report, IBISML2021-44, pp.38—45. (presented at
45th IBISML, online, Mar 8-9, 2022.)

T. Ishida. Reliable Machine Learning from Limited Data and Supervision: A Risk
Modification Approach. PhD thesis, 2021.
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