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Abstract
Generative artificial intelligence (AI) is transforming digital health by enabling synthetic data generation, en-
hancement, and multimodal integration. In this work, we investigate the role of generative models in clinical
data translation, introducing contributions for intra-modality, inter-modality, and any-to-any translations. Intra-
modality methods focus on improving data quality within a single modality, e.g., for example, through denoising,
super-resolution, or harmonization. Inter-modality models enable translation between distinct modalities, e.g.,
generating PET from CT or CESM from mammography, supporting safer or more accessible diagnostics. Finally,
any-to-any frameworks combine heterogeneous data types, including imaging, text, and signals, within shared
latent spaces to enable multimodal synthesis and digital twin construction. We provide representative examples
for each category, discuss their clinical relevance and methodological underpinnings, and outline the challenges
that must be addressed to integrate generative AI into healthcare.
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1. Introduction

Generative artificial intelligence (AI) is revolutionizing digital health by transforming the production,
interpretation, and integration of clinical data [1, 2]. Models such as generative adversarial networks
(GANs), diffusion models, and large language models (LLMs) can now synthesize realistic medical images,
simulate disease progression, generate clinical reports, and align multimodal data with remarkable
fluency [3]. These generative tools are advancing from isolated tasks to more integrated, data-driven
reasoning in complex healthcare contexts [4, 5, 6].

A key development is generative clinical data translation, where models convert data from one form
or modality to another [7, 8, 9, 10, 11]. We classify these tasks into three categories:

• Intra-modality translation: improving data within a single modality, e.g., denoising low-dose CT
or synthesizing follow-up CTs.

• Inter-modality translation: generating one type of data from another, e.g., creating PET images
from CT scans or histopathology from transcriptomics.

• Any-to-any translation: flexible conversion across multiple heterogeneous modalities, integrating
images, text, signals, and structured data.
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These approaches enable diverse clinical applications. Intra-modality models standardize data quality
across sites. Inter-modality models simulate missing or costly modalities [12, 13, 14], reducing diagnostic
burden. Any-to-any systems support integrative tools like digital twins and clinical decision-support
systems that mirror real-world complexity.

However, challenges remain. Generative outputs must be clinically realistic, interpretable, and
trustworthy [15]. Risks like hallucinated features and spurious correlations threaten model reliability
in clinical settings. Additionally, regulatory standards for generative models are still underdeveloped,
hindering clinical implementation.

This paper systematically explores generative translation in medicine, organized around the three
translation categories. For each, we detail illustrative use cases in Figure 1, discuss key methodological
advances, and consider clinical impacts. We conclude by outlining open challenges, ethical issues, and
future directions to ensure generative AI enriches, rather than merely automates, medical practice.

2. Intra-Modality Translation

Intra-modality translation involves generative tasks that refine data within a single imaging modality
to improve quality, ensure standardization, and enable personalized clinical modeling. It addresses
variability arising from different imaging protocols, scanner types, and reconstruction algorithms, thus
enhancing data reliability for clinical use.

CT Harmonization CT image homogenization is crucial for minimizing variability from different
reconstruction kernels. Recent work frames this as a style-transfer task using a Texture-Aware Star-
GAN [16], which performs unpaired, one-to-many translation between reconstruction styles. The
model’s multi-scale texture loss preserves fine anatomical detail across spatial and angular dimensions.
An advanced variant, StarDiffusionGAN, combines diffusion models’ synthesis fidelity with GANs’
adversarial learning, enhancing robustness in heterogeneous clinical datasets.

Low-Dose CT Denoising Denoising LDCT images—where radiation dose reduction amplifies
noise—requires preserving subtle structures. A new approach [17] integrates multi-scale texture
descriptors via a differentiable self-attention mechanism to enhance detail preservation. To maintain
performance under clinical distribution shifts, a Test-Time Adaptation (TTA) strategy uses a trainable
reconstruction module that dynamically adapts feature transformations based on input characteristics,
ensuring robustness to unseen data and enabling real-world deployment.

Virtual Treatment Generative models also enable virtual treatment simulations, such as predicting
tumor evolution in NSCLC. Diffusion-based models conditioned on radiotherapy doses and patient-
specific variables synthesize follow-up CT scans, simulating alternative treatment scenarios. Moving
beyond static translation, these models learn temporal dynamics [18], offering more realistic disease
progression simulations. Incorporating tumor segmentations from foundation models can further tailor
these simulations [19], supporting digital twin frameworks for individualized treatment planning and
longitudinal monitoring. Collectively, these intra-modality applications advance image quality, model
generalizability, and personalized medicine [20], paving the way for integration into clinical workflows
and transformative shifts in preprocessing, decision support, and simulation practices.

3. Inter-Modality Translation

Inter-modality translation generates clinical data in one modality from input in another, extending diag-
nostic capabilities and reducing reliance on invasive, costly, or radiation-intensive tests. This approach
underpins virtual scanners, AI systems that simulate challenging-to-acquire modalities, enhancing
diagnostic reach and workflow efficiency.
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Figure 1: Overview of the presented research activities.

Virtual Contrast Enhancement Generative models can synthesize contrast-enhanced spectral
mammography (CESM) images from standard full-field digital mammography (FFDM) [21, 22, 23]. Tech-
niques like CycleGAN and Segmentation-aware CycleGAN (Seg-CycleGAN) incorporate segmentation
priors and localized loss functions to enhance lesion visibility and maintain structural fidelity. These
methods improve lesion localization and reduce false negatives, demonstrating promise for contrast-free
breast cancer screening and diagnostics.

CT-to-PET Translation PET imaging, essential for metabolic insights in oncology, faces barriers from
cost, radiation, and availability. Generative models can translate anatomical CT scans to synthetic PET
images, providing non-invasive metabolic surrogates. Early methods used region-specific GANs [24],
while newer strategies apply curriculum learning within unified translation networks. This two-



step approach—initial global training followed by anatomy-informed curriculum learning—boosts
performance across anatomically diverse body regions. Texture and intensity-based clustering further
streamlines training by grouping similar districts, improving scalability and efficiency. These models
excel in lesion visibility and tracer uptake simulation, making them vital for digital twin applications in
oncology and personalized treatment planning.

Image-to-Report Generation Another inter-modality translation application is generating struc-
tured or narrative radiology reports directly from medical images. Vision-Language Models (VLMs),
such as LLaVA, adapted for multilingual radiology tasks, have shown improvements in fluency and
factual correctness when fine-tuned on instruction-based medical datasets [25]. Domain-specific fine-
tuning outperforms general VLMs, highlighting the need for clinical and linguistic tailoring. These
systems can reduce diagnostic bottlenecks and improve reporting access in underserved regions.

Inter-modality translation tasks highlight the potential of generative AI to expand diagnostics, en-
hance patient safety, and optimize workflows. Challenges remain in ensuring modality-specific accuracy,
reducing hallucinations, and validating outputs in clinical trials. Retrieval Augmented Generation (RAG)
is a promising approach, leveraging external knowledge to boost factual precision and mitigate halluci-
nation risks. Despite RAG’s benefits, broad clinical adoption will require continued progress in model
architecture, domain adaptation, and multimodal supervision.

4. Any-to-Any Translation

Any-to-any translation represents the most versatile generative task, enabling flexible mapping across
various modalities (e.g., medical images, clinical text, biosignals, structured data) using shared la-
tent representations. This approach mirrors clinical practice’s inherent multimodality, integrating
heterogeneous data from imaging, EHRs, and reports.

FoundationModels forMultimodal Healthcare Large-scale generative frameworks like MedCoDi-
M [26, 27] and models trained on datasets like MIMIC-CXR can jointly synthesize medical images and
reports. These dual-output systems achieve high fidelity (e.g., FID, BLEU, ROUGE) and even surpass
real data in disease classification, underscoring their value for synthetic data generation and clinical
support.

MedCoDi-M uses contrastive learning to align modalities in a shared latent space, adapting to
diverse tasks (e.g., report-from-image, image-from-text) through Multi-Prompt training. Its clinical
validity, supported by expert evaluations, also addresses data democratization, privacy, and rare disease
representation. Ongoing work extends these models from 2D images to 3D CT volumes, tackling
challenges of memory, spatial continuity, and anatomical fidelity.

These innovations position any-to-any models as intelligent intermediaries that integrate, synthesize,
and reason across modalities—key to digital twins, adaptive decision support, and equitable health-
care [28, 29, 30, 31, 32, 33]. Future deployment will hinge on rigorous clinical validation and clear
regulatory frameworks to ensure safe, impactful use.

5. Conclusion

Generative translation in healthcare spans from intra-modality (noise reduction, harmonization) to
inter-modality (contrast-enhanced or functional imaging) and fully multimodal any-to-any frameworks.
Each contributes uniquely to data quality, multimodal reasoning, and personalized decision support.

Realizing this potential requires:

1. Research: Focus on robust, generalizable models, standardized evaluations, and multi-
institutional datasets.



2. Clinical Collaboration: Involve clinicians in model co-design and validation to ensure relevance
and safety in real-world workflows.

3. Regulatory Clarity: Define standards for synthetic data quality, model documentation (e.g.,
datasheets), and human oversight in high-risk applications [34, 35, 36, 37].
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