Making the Most of Text Semantics to Improve Biomedical Vision—Language Processing
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Figure 1: The proposed CXR-BERT text encoder has three phases of pretraining and uses a domain-specific vocabulary, masked Figure 3: Pneumonia classification, zero-shot and fine-tuned. Correspondence: T ozan.oktay@microsoft.com

language modelling (MLM) and radiology section matching (RSM) losses, regularisation, and text augmentations.
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