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Abstract

We propose a method based on prototypical supervised contrastive learning and model
fusion for telecom network fraud case classification (FCC) tasks. We introduce a par-
allel framework of feature learning and classifier learning, which enhances model ca-
pability of distinguishing confusing classes. We also take advantage of domain-specific
pre-training, multi-model integration and post-classification modules to improve the
overall performance. Our method achieves a final score of 86.01% Macro-F1 value on
CCL2023-FCC evaluation task.
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