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1. Abstract

1.1. Objectives

The objective of this work is to develop an efficient latent diffusion
framework for the conditional generation of high-quality, anatom-
ically consistent 3D chest CT volumes from 3D anatomical masks.
The model aims to improve synthesis quality as measured by estab-
lished generative metrics—such as the Fréchet Inception Distance
(FID) and structural similarity metrics—while substantially reducing
computational requirements. A key performance target is to enable
training and inference on a single mid-range GPU without compro-
mising spatial resolution or anatomical fidelity.

1.2. Vision

This work seeks to enable scalable, controllable, and resource-effi-
cient synthesis of realistic 3D chest CT scans. By lowering hardware
barriers and improving anatomical controllability, the proposed
approach supports data augmentation for Al model training, sim-
ulation of rare pathological cases, and educational applications in
medical imaging, even in computationally constrained research or
clinical environments.
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1.3. Problem Summary

Three-dimensional medical image synthesis has become an impor-
tant tool for addressing data scarcity, privacy concerns, and class im-
balance in medical Al. However, existing state-of-the-art approach-
es typically rely on computationally intensive 3D GANs or diffusion
models that require multiple high-end GPUs and long training times,
limiting their accessibility and scalability. Moreover, conditional gen-
eration is often based on limited anatomical inputs, such as lesion or
nodule masks alone, which can lead to anatomically implausible or
globally inconsistent chest structures. These limitations reduce the
clinical realism and downstream utility of synthesized CT scans for
training, validation, and educational use.
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1.4. Solution

We propose a latent diffusion model for 3D chest CT synthesis that
generates full-resolution 256x256x256 volumes at 1 mm isotropic
spacing while operating on a single mid-range GPU. The model is
conditioned on 3D anatomical masks representing both global lung
anatomy and local nodule regions, enabling precise and anatomi-
cally consistent control over generated structures. Compared to ex-
isting 3D generative approaches, the proposed method significant-
ly reduces memory and computational demands while maintaining
competitive or improved generative quality, as demonstrated by
quantitative metrics and qualitative evaluation. Experimental results
highlight the importance of incorporating global lung structure to
achieve anatomically coherent synthesis and show that the model
can generate diverse CT volumes with and without pulmonary nod-
ules of varying sizes, locations, and characteristics. This approach
offers a practical and efficient alternative to current state-of-the-art
methods for 3D medical image generation.
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2. Description of the problem solved

2.1. Background

Synthetic medical images have emerged as an essential tool for ad-
dressing the limited availability of high-quality training data, one of
the primary challenges in medical Al [1]. Deep learning has demon-
strated outstanding performance in domains with abundant data,
but its application in medical imaging is often hindered by the un-
availability of large, diverse, and expertly annotated datasets. This
limitation arises from several factors, including the costs of data
acquisition, privacy regulations, and the time-consuming nature of
expert annotation.

Deep generative models are today the most effective tool for synthe-
sizing realistic, high-quality images. Among these, diffusion models
[2] have gained special relevance, surpassing previous methods
such as VAEs [4] and GANs [10] in terms of sample realism, varie-
ty, and training stability [5, 6]. Despite their generative capabilities,
diffusion models struggle with high-resolution 3D synthesis due
to computational demands, limiting their applicability to volumet-
ric medical imaging modalities like Computed Tomography (CT) or
Magnetic Resonance Imaging (MRI) [1].

Among medical imaging modalities, chest CT is particularly relevant
for the detection of pulmonary diseases, especially lung cancer, the
leading cause of cancer-related deaths worldwide [3]. A major chal-
lenge in this domain is the significant variability in the size, shape,
texture, and location of lung nodules [1, 7].
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2.2. Related work

Several strategies aim to reduce computational cost while maintain-
ing synthesis quality in diffusion models [8]. Among them, Latent
Diffusion Models (LDMs) have become a cornerstone technique [15].
Rather than operating in the high-dimensional image space, LDMs
perform the diffusion process in a compressed latent space learned
through pretrained autoencoders. [4]. By capturing the semantic
structure of the data, the latent space helps the model focus on gen-
erating high-level features instead of raw pixels.

Medical Diffusion [22] and other LDMs [16, 17] synthesize 3D MRI
and CT scans, but are limited to resolutions at least x3 lower than
LAND. To boost efficiency, 3D diffusion models like PatchDDM [19]
and WDM [9] use alternative representations without autoencoders:
PatchDDM generates subvolumes by conditioning on a spatial coor-
dinate grid, while WDM uses wavelet decomposition to reduce the
spatial dimension of the input volumes. While these approaches cir-
cumvent the need for autoencoders, they still use x2 the GPU mem-
ory of LAND during training for 256 x 256 x 256 outputs.

Another challenge added to the computational cost is generating
diverse samples with anatomically meaningful variations, such as
detailed lung nodules. The incorporation of conditioning informa-
tion into the diffusion process is a well- established strategy for con-
trolling the characteristics of synthetic data [15]. In medical imag-
ing, conditional diffusion models can generate clinically meaningful
variations of scans. Conditioning inputs may include segmentation
masks [27, 11, 14], numerical data [7, 16, 17], text prompts [12, 13, 25]
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or multi-modal encodings [23, 39]. NVIDIA recently introduced the
MAISI model [11], a conditional LDM capable of generating CT vol-
umes up to 512 x 512 x 768 voxels.

To the best of our knowledge, MAISI represents the highest report-
ed resolution for synthetic 3D medical volumes, highlighting the
scalability and potential of latent diffusion. However, such level of
detail requires 58 GB of GPU memory, which remains a barrier for
researchers with limited resource computation.
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3. Methodology

We introduce LAND (Lung-And-Nodule-Diffusion), a latent diffusion a 3D U-Net. We first train the 3D VAE to learn the mapping of 3D
model for generating high-quality 3D chest CT scans conditioned volumes into a latent space. The 3D U-Net is trained afterwards to
on 3D anatomical masks. An overview of the method is shown in learn the denoising generative process in the latent space, with the
Fig. 1. LAND consists of a 3D Variational Autoencoder (VAE) and VAE weights kept frozen.

Fig. 1. Overview of the LAND pipeline. CT volumes are encoded into latent space using a 3D VAE. A 3D U-Net performs latent diffusion, optionally conditioned on
an anatomical mask m with lung/nodule regions. Masks are subsampled to the latent space, concatenated with the latent samples x, and injected into cross-at-
tention layers.
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3.1. Latent Diffusion Architecture

3D VAE A fully 3D VAE encodes input CT images into latent rep-
resentations compressing x4 the spatial resolution and expanding
x4 the feature dimensionality, i.e., each 256 x 256 x 256 volume is
encoded as a 64 x 64 x 64 x 4 latent sample. We adopt a lightweight
variant of the MAISI architecture [11], using 3 resolution levels with
one residual block per level and the same number of channels in
both the encoder and the decoder. The VAE is trained using a cost
function comprising an L1 loss (MAE), a perceptual similarity los
(LPIPS), an adversarial loss and a Kullback-Leibler term.

3D U-Net The denoising network is a 3D U-Net with 5 resolution
levels and two residual blocks per level. Similarly to [19], additive
skip connections are used to reduce memory load while preserv-
ing spatial information flow. To enhance conditional generation,
we follow [7, 15] and add cross-attention modules to the U-Net for
re-injecting the conditioning masks (if any) at different resolution
levels. Velocity prediction [34] is used to train the U-Net, enabling
it to learn the denoising process by estimating a linear combina-
tion of clean latent and added noise. This formulation helps to im-
prove training stability and sample quality in high-resolution syn-
thesis [18, 34]. A linear noise schedule is used for the timesteps of
the diffusion process, and training follows a Min-SNR-y loss

weighting to balance the contribution of each timestep t accord-
ing to signal-to-noise ratios [33]. .
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3.2. Lung and Nodule-Conditioned Diffusion

This section explains how to build the anatomical masks that con-
dition the synthesis. Previous work [7] has shown that Condition-
ing solely on nodule masks often leads to anatomically implausible
nodule placements. To address this, we use conditioning masks
including lung and nodule regions (Fig. 2). To encode textural and
spatial information, lung regions are assigned a value of 0.5, while

nodule regions receive texture values from 1 (Non-Solid) to 5 (Sol-
id). The normalized mask (between [0,1]) is concatenated with the
noisy latent sample feeding the U-Net [7, 15] and injected into the
cross-attention layers. The masks are downsampled with 3D max
pooling of factor 4 to match the latent resolution, preserving all
nodules despite spatial collapse.

Fig. 2. Sagittal, coronal, and axial slices of a chest CT volume (left) and corresponding anatomical mask slices (right), including lung (grey) and nodule (white) regions.
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4. Implementation

4.1. Experimental Settings

Datasets and Preprocessing Two publicly available datasets were
used: LIDC-IDRI [21] and NLST [30]. The LIDC-IDRI data consists
of 1,010 CT volumes annotated by four experienced radiologists
with nodule masks and attribute ratings. For this study, nodule tex-
ture scores were considered, ranging from 1 to 5: 1 (Non-Solid),
2 (Non-Solid/Mixed), 3 (Part-Solid), 4 (Solid/Mixed), and 5 (Solid).
The NLST CT scan collection contains over 25,000 volumes, of
which we selected a subset of 881 with at least one nodule detec-
tion from [28] and generated the nodule masks using an ad-hoc
U-Net segmenter. Lung areas were segmented in both datasets
using a pre-trained open-source U-Net [20]. All CT scans were pre-
processed similarly to [9]: intensities were clipped between -1000
and the 0.01 upper percentile to remove air and outliers, followed
by resampling to 1 mm isotropic voxel size, center-cropping of 256
x 256 x 256, and normalization to [O, 1]. The LIDC-IDRI data was
used for training the LAND pipeline, while the NLST data was only
used for inference and evaluation, to feed the model with realistic
and unseen anatomical masks.

Metrics The Fréchet Inception Distance (FID) [37] is used to evaluate
the quality of the synthetic 3D CT scans, while the Multi-Scale Struc-
tural Similarity Index Measure (MS-SSIM) [38] is used to assess their
diversity. All FID scores were computed using 881 real and synthetic
samples, with a ResNet-50 feature extractor pretrained on 23 medi-
cal image datasets [24], following the implementation in [9]. Lower
FID indicates that the distribution of generated images closely matc-
hes that of real samples, while lower MS-SSIM corresponds to gre-
ater sample diversity. To calculate MS-SSIM, 10k pairs of synthetic
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samples were used. Finally, radiomic features (intensity and GLCM
texture descriptors [32]) are compared between real and synthetic
nodules across different texture scores in crops of size 32 x 32 x 32
masked by the corresponding nodule segmentation.

Implementation Details The diffusion process is performed along T
=1000 timesteps and a linear noise schedule ranging from 1 =1 x
10-4 to BT = 0.02. The separate trainings of the 3D VAE and the 3D
U-Net were performed on a single NVIDIA GRID A100-20C (20 GB)
GPU with batch size 1, AdamW optimizer, and a learning rate of 1
x 10-4 and 1 x 10-5, respectively. All experiments were trained for
500k optimization steps.

4.2. Experimental Results

Unconditional Synthesis We compare the unconditional LAND pi-
peline with state-of-the-art methods WDM [9] and PatchDDM [19].
WDM used pre-trained weights, whereas PatchDDM was trained
from scratch, as it was originally designed for brain MRI. Table
1 shows that LAND achieves lower FID, likely due to its VAE-ba-
sed latent compression capturing richer semantic features more
aligned with the generative task. Although WDM achieves slightly
lower MS-SSIM, LAND’s superior FID suggests it produces more
realistic outputs without compromising diversity. PatchDDM vyi-
elds the weakest performance. While trained for 500k steps to
match LAND’s setup, the 17.5 training days reported in [19] sug-
gest additional iterations. PatchDDM may also suffer from unalig-
ned volumes, where spatial coordinates often map to varying
anatomical structures.
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Fig. 3. Two examples of synthetic chest CT generated with LAND and masks
from NLST. For conditional settings, CT slices are shown with and without mask
overlays (nodules in cyan, lungs in magenta). Note how the nodule-only conditi-
onal approach generates an anatomically incorrect nodule outside the lung area
(right column).
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Conditional Synthesis We compare incremental conditional con-
figurations of LAND using anatomical masks: (1) nodules only, (2)
lungs and nodules, and (3) lungs and nodules with texture-based
nodule values. We run two separate inferences, one with LIDC
masks and one with NLST masks, and compute FID using the cor-
responding dataset. Note that NLST masks were not used during
training and MS-SSIM values are computed based on this case. As
shown qualitatively in Fig. 3, LAND learns to generate nodules ac-
cording to the location and size defined by the conditional mask,
although nodule shape distortions may arise from mask downsam-
pling. Notably, the synthetic lung shapes closely align with the in-
put mask, and nodules are correctly placed consistently within the
lungs only when lung areas are also present in the mask. Incorpo-
rating lung areas into the anatomical mask led to improvements in
FID scores (Table 1), highlighting the importance of global struc-
tural context. In contrast, nodules provide only localized informa-
tion within the full volume and do not always result in improved
FID scores. The FID improvement for NLST with lung+nodule masks
suggests that the model has not memorized the LIDC masks used
for training and is capable of adapting to novel lung contours. Ad-
ditionally, MS-SSIM values are similar across LAND configurations,
suggesting comparable sample diversity.
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Table 1. Evaluation metrics for the proposed experiments (left-to-right): FID scores
on the LIDC-IDRI and NLST datasets, average MS-SSIM across 10k pairs of synthe-

tic samples, and inference memory in GB. All FID values are multiplied by 10”3.

Method FID) (Linc) FID) (NLsT) MS-SSIM) Mem GBJ
Unconditional PatchDDM [2]  317.53 376,397 0,390 19.61
WDM [9] 15.236 2662 0.270 7.27
LAND Unconditional H.062 4.750 0.294 7.8
Conditional LAND nodule mask  4.518 5.821 0.297 7.52
LAND lung+nodule mask 4.475H 3.373 (1.290 7.52
LAND lung nodule texture mask A4.603 3865 01.288 7.52

Fig. 4. Average intensity and GLCM texture features comparing real and synthe-
tic nodules (generated with NLST masks) across different texture scores.
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As shown in Fig. 4, comparing local intensity and GLCM textu-
re features between real and synthetic nodule crops reveals that
synthetic nodules have higher contrast and slightly lower homoge-
neity and intensity. However, both sets follow similar trends, where
contrast and intensity increase along the texture score and homo-
geneity remains quite stable, indicating that the model learns to
capture expected texture characteristics. To qualitatively evaluate
the texture synthesis, multiple samples were generated by varying
nodule texture scores on the same anatomical mask. Fig. 5 shows
that LAND produces increasingly solid nodules according to the
texture score.

Fig. 5. LAND enables the synthesis of nodules with varying texture, with texture
scores ranging from 1 (non-solid) to 5 (solid). Bounding boxes indicate the target
nodule location as specified by the anatomical mask.
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Additional Remarks and Limitations While WDM and LAND de-
mand similar inference memory (Table 1), only LAND trains within
a 20 GB budget. Note that WDM performance in Table 1 differs
from [9], which may be related to differences in the number of
samples used for FID computation. Therefore, relative score dif-
ferences are likely more informative than absolute FID values. As
for limitations, LAND is currently restricted to chest CT and does
not suport multi-modal or multi-organ synthesis. It also uses 1000
timesteps for inference (same as training), leading to synthesis
times on the order of minutes.
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5. Conclusions and Future Work

This work introduces LAND, a latent diffusion model for synthesi-
zing high-quality chest CT volumes conditioned on anatomical
masks. LAND enables fine-grained control over lung and nodules,
including location and texture, and operates efficiently on a single
mid-range GPU, significantly lowering the computational training
cost of concurrent methods. By enabling the generation of diver-
se and realistic medical imaging data, our method holds promise
for advancing Al-driven research and clinical applications in which
real data is limited.

Future work will evaluate the effectiveness of synthetic images
in downstream tasks such as classification and segmentation of
chest CT scans. We also aim to extend LAND with clinically rele-
vant nodule features beyond texture—such as spicularity, spheri-
city and margins—and incorporate a mask generation module to
enable more diverse anatomical variations and reduce dependen-
ce on predefined masks.
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