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ABSTRACT

Medical image editing enables simulation of rare disease presentations and counterfactual examples but often
struggles to preserve subject-specific anatomy. We propose a zero-shot, prompt-driven framework for anatom-
ically consistent editing of three-dimensional (3D) multi-sequence brain MRI using pretrained latent diffusion
models. Our method introduces a feature injection strategy, where intermediate features from residual and at-
tention blocks of a guidance image are incorporated into the denoising process alongside text or mask conditions.
This design preserves local structural fidelity and global contextual coherence during editing. We demonstrate
three applications: (1) insertion of brain tumors into healthy brains, (2) manipulation of IDH molecular sta-
tus with mask- and text-guided prompts, and (3) tumor removal with anatomically coherent reconstruction of
healthy tissue. Results show anatomically faithful outputs that maintain patient-specific brain structure while
performing semantically precise edits. The framework is broadly applicable for simulating disease subtypes,
augmenting training datasets, and generating counterfactuals in medical imaging research.
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1. INTRODUCTION

Medical image editing, the ability to precisely modify pathological features within existing MRI scans, holds
notable potential for advancing biomedical research and artificial intelligence (AI) development. By enabling the
controlled manipulation of imaging attributes such as lesions, molecular disease markers, or brain aging patterns,
image editing can enhance the diversity and utility of available imaging datasets. Such capabilities facilitate the
synthesis of rare or underrepresented disease scenarios, creation of counterfactual examples (e.g., the same brain
with and without a tumor), and simulation of disease progression, regression, or therapeutic outcomes.

Despite these potential benefits, achieving anatomically coherent and semantically precise edits in multi-
sequence volumetric MRI remains technically challenging. Traditional generative approaches frequently struggle
to preserve anatomical consistency between original and edited images and often lack robust semantic control
for clinically complex scenarios. Recent advances in prompt-based generative models have shown promising
results for semantic editing, enabling modifications guided by textual descriptions while preserving original image
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structures. However, most of these studies focus primarily on 2D natural images, with limited applications to
multi-contrast, volumetric medical imaging.

A few recent studies tackled the problem of medical image editing. For instance, MedEdit1 enables the
insertion of a stroke lesion in brain MRI scans at the location provided by the input conditional mask. Another
high-impact study introduced Latent Drifting,2 a technique that conditions pre-trained diffusion models at
inference time, enabling zero-shot generation of counterfactual medical images, such as simulating aging or
inducing diseases like Alzheimer’s. Similarly, SkEditTUmor3 offers sketch-based interaction for precise tumor
progression edits in 3D imaging. Multi-Channel Fusion Diffusion (MCGFDIiffusion)4 enhances brain tumor data
augmentation by fusing healthy and pathological channels, resulting in improved classification and segmentation
results.

In this study, we introduce a zero-shot, prompt-driven latent diffusion framework5–8 designed specifically for
anatomically consistent editing of 3D multi-sequence brain MRI volumes. Our approach leverages pre-trained
conditional latent diffusion models used in our prior works,9–11 which leveraged text conditioning to enable
flexible manipulation of images without retraining. Specifically, our method allows: (1) insertion of clinically
meaningful lesions into healthy images, (2) modification of the molecular status of existing lesions without altering
patient-specific anatomical features, and (3) seamless removal of pathological lesions to reconstruct healthy
anatomy. Although we demonstrate our approach using IDH mutation status as a representative application,
the framework can be broadly adaptable to other disease markers, neurological conditions, tumor subtypes, and
modeling structural transformations such as aging or neurodegeneration, highlighting its wide-ranging utility
across medical imaging research.

2. METHODOLOGY

2.1 Latent Diffusion Models

We employed pretrained three-dimensional (3D) latent diffusion models (LDMs) previously developed in our prior
work.9–11 Two variants of the model were utilized: (i) a text-conditioned 3D LDM, and (ii) a hybrid 3D LDM
conditioned jointly on tumor masks and text prompts. The former allows semantic control via text condition,
while the latter provides spatially guided edits over pathological regions, ensuring precise manipulation of the
brain tumor regions while maintaining global anatomical structure.

2.2 UNet Backbone for Denoising

The denoising process within the LDM is parameterized by a UNet architecture comprising residual blocks, self-
attention blocks, and cross-attention layers. Residual blocks enable efficient hierarchical representation learning
and stable gradient propagation. Self-attention modules capture long-range spatial dependencies within the 3D
MRI volumes. Cross-attention layers integrate external conditioning signals, aligning semantic information from
the text conditions with image features to ensure semantically consistent edits.

2.3 Editing Mechanism

Given an input 3D MRI volume and an associated textual condition, the objective of our framework is to
synthesize a modified volume that preserves the input-specific anatomical structure while altering only the
targeted region in accordance with the conditions. As illustrated in Figure 1, the first stage involves extracting
intermediate features from the input image during its diffusion process. Specifically, the input MRI is projected
into latent space and passed through the UNet denoiser, from which multi-scale feature maps are collected.
Features are extracted not only from residual pathways but also from attention mechanisms, thereby capturing
both localized structural patterns and global contextual information. These features constitute structural priors
that reflect the original patient-specific anatomy.

In the second stage, feature maps obtained from the guidance image are injected into the denoising trajectory
of the generation process. This injection is performed at multiple levels of the UNet, ensuring that both fine-
grained structural cues and high-level contextual dependencies are preserved. Simultaneously, text conditions
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Figure 1: Overview of the proposed anatomically consistent editing framework using pretrained 3D latent
diffusion models.

(a) Residual Block Features - Layer 13 (b) Self-attention Features - Layer 13

Figure 2: Visualization of intermediate feature representations extracted from the denoising U-Net at layer 13,
comparing (a) residual block features and (b) self-attention features. Each panel shows representative feature
maps (channels) from the same input slices. Residual block features emphasize localized anatomical textures and
edges, whereas self-attention features capture more global, low-frequency contextual patterns across the image.

are encoded via a transformer-based text encoder and incorporated into the denoising process through cross-
attention. The joint conditioning on input-derived features and text prompts constrains the generative process
to produce anatomically faithful yet semantically modified outputs.

Figure 2 presents intermediate feature representations extracted from the denoising U-Net of the 3D LDM
at layer 13 (high resolution). Panels (a) and (b) show features from the residual block and self-attention block,
respectively. To visualize the high-dimentional feature maps, principal component analysis (PCA) was applied,
and the first four principal components are retained for visualization. Residual block features exhibit pronounced
structural patterns that resemble anatomical details of the brain, indicating their role in preserving fine-grained
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spatial and anatomical fidelity. In contrast, self-attention features appear more spatially diffuse and globally
organized across examples, consistent with their function in modeling long-range contextual dependencies within
the 3D MRI volume.

3. RESULTS

3.1 Tumor Insertion into Healthy Brain MRI

We first evaluated our framework in the task of introducing synthetic tumors into healthy brain MRI volumes
using the text condition. Healthy brain MRI data was conditioned with prompts specifying either IDH mutated
or IDH wildtype. As shown in Figure 3, the framework successfully added the tumor across multiple MRI
sequences while preserving the surrounding anatomical structure. The inserted tumors are consistent across
contrasts, demonstrating the model’s ability to perform anatomically coherent, zero-shot image editing without
retraining.

Original

Edited

Original

Edited

Figure 3: Tumor insertion into healthy brain MRI using text-conditioned LDMs.

3.2 IDH Molecular Status Manipulation of Existing Tumors

We next evaluated our framework in the task of modifying the IDH mutation status of pre-existing tumors while
preserving patient-specific anatomy. This experiment leveraged the pretrained LDM with both tumor mask and
text conditions. As shown in Figure 4, the framework successfully modified tumor appearance in accordance with
the specified molecular status, demonstrating the ability to disentangle semantic representations of molecular
subtypes.
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Figure 4: Manipulation of IDH molecular status using tumor mask and text conditions.

3.3 Tumor Removal for Healthy Brain Reconstruction

Finally, we assessed the ability of the framework to remove tumors and reconstruct underlying healthy brain
structures. Conditioned on the prompt “no tumor,” the model eliminated pathological tissue and restored
anatomically coherent brain parenchyma (Figure 5). Moreover, the model also corrected for the mass effect of
the tumor.

Original
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Figure 5: Tumor removal and healthy brain reconstruction.

4. CONCLUSIONS

We introduced a feature-guided, prompt-driven latent diffusion framework for 3D brain MRI editing that pre-
serves anatomical integrity while enabling semantically meaningful modifications. Through tasks of tumor in-
sertion, molecular status manipulation, and tumor removal, the method demonstrated flexibility and anatomical
fidelity without retraining. Beyond IDH mutation status, the approach is extensible to other tumor subtypes,
neurological disorders, and structural transformations, offering a powerful tool for data augmentation and coun-
terfactual reasoning in neuroimaging.
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