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Task 1: Predicting the slice position of a scan (in image name) from anatomical structure

Our project investigates methods to improve upon baseline methods
of semantic segmentation in medical imaging. Traditionally, improving
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Our dataset is a Kaggle dataset consisting of 85 different cases (patients) Task 2: Contrastive Learning - Positives are adjacent scans from the same person and day
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Conclusions & Future Work

1. Multi-task learning can help or hurt, depending on allocation of
weights in loss function, and distributions of train and test data

2. Since contrastive learning learns global relationships between
images, it tends to over-predict the presence of small classes
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