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Fig. 1. FedDental3D-ICL System Architecture showing multi-modal data flow 
across federated dental institutions with privacy-preserving prompt exchange.
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Vision-language models show remarkable capabilities in medical 
imaging analysis, yet their deployment in federated healthcare 
environments faces key challenges in privacy preservation, data 
heterogeneity, and adversarial robustness. We present 
FedDental3D-ICL, a theoretical framework for federated 
in-context prompt learning that enables privacy-preserving 
collaboration across healthcare institutions without sharing
sensitive patient data or model parameters. Our framework 
introduces four core algorithmic contributions:Multi-Modal 
Prompt Space (MMPS) abstraction unifying visual and textual 
prompt representations across 2D and 3D medical imaging 
modalities; Cross-Modal Prompt Alignment (CMPA) ensuring 
semantic consistency through information-theoretic contrastive 
objectives; Hierarchical Multi-Modal Optimization (HMMO)
providing theoretical convergence guarantees for non-convex 
federated objectives; and Byzantine-Resilient Cross-Modal 
Aggregation (BRCMA) with differential privacy bounds. Our 
theoretical analysis suggests potential convergence rates of 
O(1/√T ), theoretical communication complexity bounds of O(K 
log |P |) compared to traditional O(K · d), and (ε, δ)-differential 
privacy guarantees with optimal composition bounds. While this
work establishes comprehensive mathematical foundations, 
empirical validation and practical implementation remain 
important directions for future research.
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Federated, privacy-preserving multimodal AI is urgently needed in 
healthcare, particularly in areas like dental imaging where large, diverse, 
and sensitive patient datasets are indispensable for advancing diagnosis and 
treatment. Yet the risks of traditional data sharing are profound: between 
2009 and 2025 there have been 6,759 U.S. healthcare data breaches of 500 
or more records, exposing or impermissibly disclosing the protected health 
data of 846,962,011 individuals.In 2023 alone, 725 such large breaches were 
reported, exposing over 133 million records. These breaches set new records 
in both number of incidents and number of records breached.At the same 
time, medical imaging analysis stands at a critical juncture where the 
transformative potential of vision–language models (VLMs) collides with 
the immutable constraints of healthcare data governance. Recent advances 
in VLMs have shown unprecedented multimodal reasoning capabilities, yet 
their deployment in real-world healthcare environments exposes a 
fundamental paradox: the models that show the greatest promise require 
precisely the type of large-scale, cross-institutional data sharing that 
regulatory frameworks explicitly prohibit. This tension is more than a 
technical bottleneck—it is a systemic barrier that prevents the medical 
community from fully leveraging state-of-the-art AI while upholding the 
privacy guarantees essential to patient trust and compliance.

RQ1. How can federated multi-modal prompt learning frameworks be designed 
to reconcile the privacy–utility paradox, enabling vision–language models to 
achieve clinically useful diagnostic performance in dental imaging without direct 
data sharing?

RQ2. To what extent can hierarchical optimization strategies in federated 
settings address the statistical heterogeneity of dental imaging data across 
institutions, ensuring stable convergence and generalizable model performance?

RQ3. Can privacy-preserving, Byzantine-resilient aggregation mechanisms 
safeguard against both adversarial clients and regulatory non-compliance while 
maintaining efficiency and robustness in large-scale multimodal healthcare 
training?
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