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Background and Purpose

Most existing semi-supervised learning * Two networks, a CNN (pink) and Transformer (blue), with complementary inductive || + Two benchmark datasets: ACDC contains 200 short-axis cardiac MRI with masks of the left

MCSC framework

has demonstrated great potential in biases, learn together. ventricle (LV), myocardium (Myo), and right ventricle (RV). Synapse contains abdominal CT scans

medical image segmentation by utilizing * Onthe output Ievel., sgpervision |OS§ .Esup ( in Figure 1) between the f.rom 30 cases with eight organs including aorta, gallbladder, spleen, left kidney, right kidney,
segmentation predictions and the limited labelled data, as well as the cross pseudo liver, pancreas and stomach.
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MCSC outperforms state-of-the-art . Y R % \ /, Tab. R1 Segmentation results on the ACDC dataset. Fig. R1 Visualizations on the ACDC.
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Tab. A1 Ablation study for the primary
components of our model. SCL denotes

Supervision loss functions
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