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Introduction

Foundation models, pre-trained on vast datasets, show strong generalization but

struggle with:

- Distribution shifts: Downstream data often differs from pre-training data.
- Low-labeled regimes: Labeled data is costly in domains like astronomy and medicine.

Our approach uses semi-supervised fine-tuning with a novel content-style
decomposition framework to enhance adaptation to downstream tasks with limited

labeled data.

Motivation

Scientific domains often have:

- Abundant unlabeled data but limited labeled samples.

- Tasks requiring adaptation to domain-specific datasets (e.g., GalaxyMNIST, SVHN).
Key Question: Can unlabeled data help fine-tune foundation models for
distribution-shifted downstream tasks?
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Regularizing the latent space (content and style) ensures task-relevant TSNEs
information is preserved while discarding noise.
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- Semi-supervised fine-tuning bridges the gap between pre-trained models and MNIST
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like DomainNet and ImageNet variations and to apply the method to object detection ¥
and segmentation tasks.
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