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Problems & Ideas

* Problems of existing model worker expertise methods :
— Transition matrix is oversimplified for complex noise patterns.
— Estimating the unknown worker expertise and latent true labels interact, for
which estimation errors occur and propagate easily.
* I|deas: A knowledge distillation framework combining the
complementary strength of noise-model-free robust learning
techniques and transition matrix-based worker expertise modeling.
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lllustrative example for dynamic memorization of annotation noise. The vertical axis means the fraction of wrong annotations
that are memorized by each worker's true label predictions. The shaded regions for the curves encapsulate the range within
one standard deviation of the respective means.



Main Contributions

e Contributions:

— We are possibly the first to show that existing crowdsourcing methods
easily overfit the annotation noise;

— We propose KD-Crowd, a knowledge distillation framework that refines
crowdsourcing learning using noise-free techniques. This includes an f-
mutual information gain-based loss to avoid the student model learning
the teacher's significant errors.;

— We validate the effectiveness and generality of KD-Crowd over two
different crowdsourcing models on synthetic and real-world data,
showing that KD-Crowd achieves significant performance gains.
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The gap between the overall error E,, of Max-MIG and KD-Crowd for all workers on CIFAR10H and LabelMe. E,, is
calculated as the mean value of entries in T,* = |T,;, — Trnl/Tim



