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ABSTRACT

Learning with Noisy Labels: From Centralized to Federated Learning Systems

by
Zhuowei Wang

Machine learning has achieved prominent success in many fields, especially super-
vised learning tasks. However, such success depends on the correct annotation of all
training samples for training robust models, where samples are difficult and expensive to
obtain. The incorrect or incomplete information brought by wrongly annotated labels may
cause catastrophic effects depending on the real-world applications. Therefore, this thesis
studies two different kinds of weakly supervised learning, noisy label learning (NLL) and
positive unlabeled learning (PUL), to improve the model robustness under incorrect labels
in the dataset. Moreover, in real-world scenarios, most data is not collected and stored
in a centralized way. Instead, data are distributed over various institutions protected by
privacy restrictions. Federated learning (FL) has been proposed to leverage isolated data
without violating privacy. However, data labels in different institutions are not annotated
according to the same criterion so they inevitably contain different noises across silos.
This doctoral thesis investigates how to combat noisy labels in both centralized and FL

systems.

NLL aims to solve the problem where the input contents of training samples are intact
but the labels are wrongly annotated from the groud-truth. Recent prominent methods
combine specific sample selection and semi-supervised learning methods to use all given
samples fully, achieving SOTA performance. Motivated by this intuition, one might easily
derive various effective NLL methods using different combinations of sample selection
strategies and semi-supervised learning models, which is, however, simply reinventing
the wheel. We propose a versatile framework that investigates how to combine different

components based on their effects and efficiencies. We conduct a systematic and detailed



analysis of the combinations of possible components based on our framework. Experi-
ments demonstrate the versatility of our framework and the superior performances of our

instantiations based on the framework.

PUL aims to train the classifier with only positive and unlabeled data. It is consid-
ered a special case of NLL by treating the entire set of unlabeled data as noisy negative
samples. Previous SOTA methods suffer from model overfitting by treating all unlabeled
samples as weighted noisy negative samples. We empirically demonstrate that the previ-
ous SOTA PUL method could misclassify negative samples in unlabeled data as positive
ones at the late training stage. Thus, we propose a novel semi-supervised learning based
approach to tackle PUL. We leverage dynamic increasing sampling to select confident
samples and fit the remaining unlabeled samples into a semi-supervised learning frame-
work. Empirical results demonstrate that our method can alleviate the model overfitting

issue and achieves SOTA performance.

Federated learning (FL) has been proposed to leverage isolated distributed data with-
out violating privacy. The labels of these data are not annotated by the same annotators
according to the same criterion so they inevitably contain different noises across clients.
We non-trivially extend the noisy label scenario to FL system. We develop a simple
two-level sampling method that selects clients for more robust global aggregation on the
server and selects clean labels/pseudo-labels at the client end for more robust local train-
ing. Experimental results show that direct combinations of SOTA FL methods with SOTA
NLL methods can easily fail but our method consistently achieves better and more robust

performance.
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Faculty of Engineering and IT

University of Technology Sydney
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