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Recent advances in AI have led to remarkable progress
in biomedical image analysis, yet reliable clinical deploy-
ment remains challenging. Three issues are particularly crit-
ical: 1) limited labeled data, which restricts the training of
high-capacity models; 2) distribution shifts across heteroge-
neous clinical environments, which weaken robustness and
generalization; and 3) the absence of theoretical guarantees,
which hinders safety and trustworthiness. My research ad-
dresses these challenges by developing label-efficient and
class-imbalance learning methods, unifying algorithm de-
sign with theoretical analysis, and advancing medical foun-
dation models capable of generalizing across diverse popu-
lations and modalities.
Part 1: Data-Efficient Representation Learning for Med-
ical Imaging A major bottleneck in medical AI is the
scarcity of labeled data and the imbalance of disease cat-
egories, both of which hinder robust model training. My
work addresses these challenges through the MONA frame-
work (You et al. 2024a), which unifies two key contribu-
tions: (i) learning effective anatomical representations from
extremely limited labeled data by leveraging self-supervised
training strategies on 3D medical images, and (ii) improving
robustness against long-tailed distributions by dynamically
balancing representations across underrepresented classes.
From these perspectives, MONA enables the models to be
robust and generalizable even under extremely limited la-
bel settings, moving medical AI a step closer to deployment
across diverse clinical settings.
Part 2: Reliable Algorithms with Theoretical Guaran-
tees. Safety-critical domains like healthcare demand mod-
els with both empirical accuracy and certifiable reliabil-
ity. My work (You et al. 2023) integrates learning-theoretic
principles into medical AI, such as variance-reduction sam-
pling and class-divergence analysis, yielding robust objec-
tives with provable guarantees. I also investigated visual in-
terpretability, showing how attention mechanisms and fea-
ture alignment uncover the anatomical reasoning of deep
models (You et al. 2022). These contributions provide a uni-
fied framework that couples theoretical understanding with
clinical relevance.
Part 3: Towards Trustworthy Medical Foundation Mod-
els. Medical foundation models (MedFMs) represent a trans-
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formative step toward universal clinical AI systems. I have
contributed to build the first MedFMs (Ma et al. 2024) ca-
pable of generalization across modalities and institutions,
while also addressing their limitations. For example, I de-
veloped the robust calibration method (You et al. 2024b) that
improve group robustness under subpopulation shifts. These
contributions advance MedFMs from powerful prototypes to
trustworthy clinical tools by improving their adaptability, ef-
ficiency, and trustworthy across diverse patient populations.
Future Directions. I aim to broaden my research in three
key directions: 1) develop self-supervised and knowledge-
augmented methods for robust performance under scarce an-
notations and heterogeneous data (You et al. 2024a); 2) ad-
vance learning theory for medical AI through sample com-
plexity analysis, statistical guarantees, and causality-based
robustness to distribution shifts (You et al. 2025); 3) design
interactive clinical AI agents that continuously learn from
workflows and integrate multimodal knowledge, ensuring
adaptability and reliability in deployment. Ultimately, my
goal is to build robust, reliable, and generalizable biomed-
ical AI that are clinically actionable.
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