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Abstract. Latent diffusion models (LDMs) have recently achieved strong
performance in 3D medical image synthesis. However, modalities like cine
cardiac MRI (CMR), representing a temporally synchronized 3D volume
across the cardiac cycle, add an additional dimension that most gen-
erative approaches do not model directly. Instead, they factorize space
and time or enforce temporal consistency through auxiliary mechanisms
such as anatomical masks. Such strategies introduce structural biases
that may limit global context integration and lead to subtle spatiotempo-
ral discontinuities or physiologically inconsistent cardiac dynamics. We
investigate whether a unified 4D generative model can learn continu-
ous cardiac dynamics without architectural factorization. We propose
CardioDiT, a 3D+t latent diffusion framework for short-axis cine CMR
synthesis based on diffusion transformers. A spatiotemporal VQ-VAE
encodes 2D+t slices into compact latents, which a diffusion transformer
then models jointly as complete 3D+t volumes, coupling space and time
throughout the generative process. We evaluate CardioDiT on public
CMR datasets and a larger private cohort, comparing it to baselines
with progressively stronger spatiotemporal coupling. Results show im-
proved inter-slice consistency, temporally coherent motion, and realistic
cardiac function distributions, suggesting that explicit 4D modeling with
a diffusion transformer provides a principled foundation for spatiotem-
poral cardiac image synthesis. Code, configurations and models trained
on public data are available at https://github.com/Cardio-AI/cardiodit.

https://github.com/Cardio-AI/cardiodit
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1 Introduction

Generative models, particularly latent diffusion models (LDMs), have recently
shown strong performance in synthesizing high-quality 3D medical images [8,5,19],
enabling applications such as data augmentation or privacy-preserving data shar-
ing where annotated datasets are scarce. Some clinically relevant modalities,
like short-axis cardiac MRI (CMR), include a temporal component, meaning
both spatial anatomy and temporal dynamics are critical for capturing cardiac
function. Most existing generative approaches do not model the full 3D+t dis-
tribution directly. Instead, they factorize space and time, e.g., generating 2D
slices with temporal modules [10], modeling selected cardiac phases such as
end-diastole and end-systole [18], or enforcing temporal consistency via aux-
iliary components [1]. Preliminary work [15] took a first step toward single-pass
3D+t CMR synthesis using the same slice-wise spatiotemporal latent encoding
adopted here. In that formulation, the latent representations of the 2D+t slices
were concatenated along the channel dimension and jointly denoised by a 3D
U-Net operating over the in-plane spatial and temporal dimensions. While this
approach enables joint volume generation, it merges through-plane depth into
the channel dimension rather than retaining it as an explicit modeling axis. In
this work, we investigate whether explicitly representing the complete latent
cine volume as four-dimensional spatiotemporal patches and modeling it with
global self-attention provides an effective alternative to factorized and channel-
merged formulations. To this end, we introduce CardioDiT, a latent diffusion
transformer for joint 3D+t CMR synthesis. CardioDiT first encodes 2D+t slices
into a compact latent representation using a vector-quantized VAE, and then
models the full 3D+t volume in latent space with a diffusion transformer op-
erating on the complete 4D tensor [13]. Global self-attention thereby enables
direct long-range interactions across slices and cardiac phases without requiring
auxiliary temporal-consistency constraints. We compare CardioDiT with models
exhibiting progressively stronger forms of spatiotemporal coupling: (i) a factor-
ized 2D+t LDM conditioned on slice position and (ii) the channel-merged 3D+t
U-Net [15]. Our contributions are threefold: (1) a latent diffusion transformer
that models complete cine CMR volumes; (2) a systematic comparison with
factorized 2D+t and channel-merged 3D+t U-Net formulations, characterizing
their respective fidelity–consistency trade-offs; and (3) a comprehensive evalua-
tion of distributional fidelity, through-plane anatomy, temporal dynamics, and
cardiac function across public and private CMR cohorts.

2 Methodology

CardioDiT extends our concurrently developed 3D Diffusion Transformer formu-
lation [17] from static volumetric imaging to dynamic cine CMR. A spatiotempo-
ral VQ-GAN first encodes individual 2D+t slices, whose latent representations
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Fig. 1. CardioDiT framework for cine CMR synthesis. A spatiotemporal VQ-GAN
encodes 2D+t slices, whose latents are stacked along depth into a 4D latent volume.
A diffusion transformer denoises the noisy latent using spatiotemporal patches and
global self-attention. The denoised latent is split along depth, decoded slice-wise, and
concatenated to reconstruct the full cine CMR volume.

are stacked along the depth axis to form a complete latent 3D+t volume. This
volume is then partitioned into patches along depth, height, width, and time
and jointly modeled by a diffusion transformer using 4D positional encodings
and global self-attention. Throughout this work, “4D” refers specifically to the
diffusion model operating jointly on the complete latent 3D+t cine volume. The
autoencoder itself operates slice-wise on 2D+t inputs, reflecting the anisotropic
through-plane resolution of short-axis CMR. We focus on unconditional CMR
synthesis in this study (Fig. 1).

2.1 Spatiotemporal Latent Autoencoder

We first train a spatiotemporal VQ-GAN to learn a compact representation of
2D+t cine slices. Let v ∈ Rc×d×h×w×t denote a cine CMR volume, where c, d,
h, w, and t correspond to image channels, depth, height, width, and temporal
frames, respectively. The VQ-GAN is implemented using 3D convolutions over
the (h,w, t) dimensions. During training, a depth position s is randomly sampled
from each volume, and the VQ-GAN learns to reconstruct the corresponding
2D+t slice. After training, all slices of a volume are encoded independently
using the encoder. For a slice vs ∈ Rc×h×w×t, the encoder produces a latent
representation zs ∈ Rcz×hz×wz×tz , where cz is the latent channel dimension and
(hz, wz, tz) = (h/f,w/f, t/f) denote the downsampled latent dimensions. The
slice latents are then stacked along the depth axis to form z ∈ Rcz×d×hz×wz×tz .
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The resulting tensor provides the complete latent 3D+t representation modeled
by CardioDiT.

2.2 4D Diffusion Transformer

Next, we train a diffusion transformer to model the 4D latent CMR representa-
tion. The latent volumes are partitioned into 4D patches of size (pd, ph, pw, pt) =
(1, 4, 4, 2) and linearly projected into token embeddings. Given a latent volume
z ∈ Rcz×d×hz×wz×tz , where cz denotes the latent channel dimension, the patchi-
fication and embedding process produces tokens x ∈ RN×e, where N is the
number of 4D patches and e is the token embedding dimension. The tokens are
augmented with 4D sine–cosine positional encodings to preserve their depth,
height, width, and temporal positions. The complete token sequence is then
processed jointly using global self-attention, enabling direct interactions across
spatial locations, slices, and temporal frames. To enable memory-efficient train-
ing with long token sequences, we employ FlashAttention [4]. After denoising,
the predicted 4D latent volume is split along the depth axis into 2D+t latent
slices. Each slice is decoded by the VQ-GAN decoder, and the decoded slices are
concatenated along the depth axis to reconstruct the full 3D+t CMR volume.

2.3 Datasets

Public: Cine short-axis CMR from Automated Cardiac Diagnosis Challenge
(ACDC) [2] and Multi-Centre, Multi-View, Multi-Vendor & Multi-Disease Car-
diac Image Segmentation Challenge (M&Ms-2) [3,11] were used. For ACDC, 100
cases were used for training and 50 for validation; for M&Ms-2, 289 for training
and 58 for validation. All volumes were resampled to the median spatial resolu-
tion, center-cropped, or padded to 6×256×256 (d, h, w) while preserving cardiac
context. The temporal dimension was standardized to 32 frames via cyclic rep-
etition. The training cases were merged into a single public training pool, and
evaluation was performed jointly on the pooled public validation data.
Private: A private CMR dataset was collected at University Clinic Mannheim
(ethic no. 2020-808R) using three different scanners. 813 samples were used for
training and 102 for validation. All volumes were resampled to the median spa-
tial resolution of corresponding scanners, cropped or padded to a fixed resolution
of 10×224×224×32, matching the preprocessing applied to the public datasets.

2.4 Experimental Setup

To compare formulations with progressively more joint spatiotemporal process-
ing, we evaluate CardioDiT against two representative latent diffusion baselines:
Factorized 2D+t LDM: A U-Net-based 2D+t latent diffusion model con-
ditioned on slice position s, modeling each short-axis slice independently as
p(X) =

∏D
s=1 p(xs,1:T | s), where xs,1:T denotes the temporal sequence at slice

position s.
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Fig. 2. Slices across time and depth for one sample generated by each model trained on
the public data, together with the corresponding LV meshes. The factorized 2D+t LDM
exhibits inter-slice discontinuities arising from independent slice synthesis, whereas
the 3D+t U-Net produces smoother but blurrier anatomical boundaries. CardioDiT
preserves both through-plane anatomical consistency and fine image detail.

Channel-merged 3D+t LDM: Following [15], the latent representations of all
slices are concatenated along the channel dimension and jointly denoised by a
3D U-Net operating over the (h,w, t) dimensions. Thus, all slices are processed
in one network pass, but depth is represented implicitly through channels rather
than as an explicit geometric axis. Both U-Net architectures follow the imple-
mentation of [16].
CardioDiT (ours): CardioDiT retains depth, height, width, and time as ex-
plicit axes of the latent representation and jointly processes the resulting spa-
tiotemporal patches using global self-attention.
To evaluate physiological plausibility, we analyze left ventricular (LV) volume
curves across time. For each generated and real sample, we compute LV cavity
volumes using a segmentation model trained with the nnU-Net framework [7] on
theM&Ms-2 [3,11] training cohort. To evaluate through-plane anatomical con-
sistency, we compute the d-SSIM, defined as the structural similarity between
consecutive slices along the short-axis (d) direction for each time point [20]. For
each volume, SSIM values are aggregated across both spatial (d) and temporal
(t) dimensions, and mean across all samples is reported. In addition, we quantify
geometric consistency of the left ventricle at end-diastole (ED). For each slice,
the center of mass of the LV segmentation is computed, and a linear regression
line is fitted through these points along the through-plane direction. The mean
absolute residual ARED from this fitted axis is then reported as a measure of
inter-slice alignment. Analogous to d-SSIM, performance is assessed relative to
the real reference distribution, where values closer to the reference indicate better
anatomical alignment. For distributional similarity, we compute the Fréchet In-
ception Distance (FID) using the pretrained CMR foundation model CineMA [6].
CineMA features are extracted for all temporal frames, after which FID, preci-
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sion, and recall are computed [9]. This provides denser feature-space sampling
than one feature vector per volume. The neighborhood parameter k for precision
and recall is selected such that a real–real comparison yields scores greater than
0.95, ensuring a stable and meaningful operating point. All comparisons are per-
formed against the complete set of real validation samples for N = 50 synthetic
samples. To assess temporal motion modeling, one complete cardiac cycle was
extracted using key frame detection [12]. We report the mean and standard de-
viation of the ejection fraction (EF), defined as EF = VED−VES

VED
, where VED and

VES denote the end-diastolic and end-systolic volumes, respectively, and quantify
distributional differences in cardiac function by computing the Wasserstein dis-
tance (W2) between the EF distributions of synthetic and real validation samples
[14]. Additionally, we analyze the scalability of CardioDiT by evaluating three
CardioDiT variants with increasing numbers of DiT blocks (S,B,L) = (8, 12, 16)
on the private dataset. The autoencoder was trained for 500 epochs with com-
pression factor f along the encoded (h,w, t) dimensions, codebook size c′ = 4096
and embedding dimension emb = 8. CardioDiT was trained for 600,000 itera-
tions using a cosine noise schedule with Tdiff = 300 timesteps, AdamW optimizer
and a fixed learning rate of LR = 10e− 4. CardioDiT can run on 24GB VRAM.

3 Results

3.1 Visual Assessment of 4D Consistency

We qualitatively assess spatial fidelity and temporal coherence across models.
Fig. 2 shows a representative CMR volume per model spanning the cardiac cy-
cle. The factorized 2D+t LDM captures temporally plausible contraction and

Table 1. Quantitative comparison of CMR generation models using distributional
(FID, Precision, Recall), structural (d-SSIM, ARED) and clinical EF distribution statis-
tics. Lower is better ↓, higher is better ↑, closest to real is better ∼.

Model FID ↓ Precision ↑ Recall ↑ d-SSIM ∼ ARED ∼ EF (Std) ∼ W2 ↓

Public Dataset
Real 52.8 0.95 0.96 0.55 (0.10) 2.1 (1.0) 47.6 (17.1) 3.09
Fact. 2D+t LDM 100.1 0.89 0.17 0.39 (0.04) 5.1 (1.1) 45.3 (8.0)⋆ 8.90
3D+t U-Net 221.5 0.59 0.64 0.75 (0.10) 1.0 (0.3) 44.5 (10.0) 7.14
CardioDiT 71.9 0.97 0.70 0.69 (0.10) 1.3 (0.5) 49.3 (15.1) 2.67

Private Dataset
Real 11.4 0.92 0.92 0.63 (0.12) 1.9 (0.7) 44.6 (7.3) 2.11
Fact. 2D+t LDM 32.9 0.58 0.36 0.50 (0.04) 5.0 (1.0) 41.1 (6.5)⋆ 3.51
3D+t U-Net 51.3 0.43 0.23 0.73 (0.03) 1.1(0.3) 38.1 (5.1) 7.23
CardioDiT 21.2 0.82 0.54 0.69 (0.09) 1.7 (0.4) 42.3 (6.3) 3.05
⋆ EF is a clinically meaningful volumetric measurement. Inter-slice discontinuities in

the 2D+t LDM make the computed EF physiologically uninterpretable.
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Fig. 3. Normalized left ventricular volume–time curves over one detected cardiac cycle,
defined from peak to peak and resampled to a common length T . The mean curve, in-
terquartile range (IQR), and individual subject curves are shown for the real validation
data and the evaluated volumetric generative models.

relaxation patterns within individual slices. Across depth, however, there are
strong inter-slice discontinuities, leading to inconsistent ventricular structures
despite roughly correct global positioning of the left ventricle. The 3D+t U-Net
improves volumetric consistency, producing smoother structures across slices
while maintaining reasonable temporal dynamics. Nevertheless, image fidelity is
reduced, with blurred anatomical boundaries and diminished high-frequency de-
tail. In contrast, CardioDiT generates anatomically consistent ventricular struc-
tures across slices, maintains smooth and physiologically plausible motion across
time, and preserves fine anatomical detail.

3.2 Quantitative Evaluation

As shown in Tab. 1 CardioDiT achieves the best FID and precision on both
datasets, while substantially improving recall compared to the baselines. This
indicates that our model generates high-fidelity samples and improved coverage
in the CineMA feature space. CardioDiT achieves d-SSIM and ARED closest
to the real images among the evaluated models, indicating superior anatomical
consistency across the through-plane direction, which is consistent with the qual-
itative results in Fig. 2. For clinical EF statistics, CardioDiT achieves the closest
match to the real EF distribution, reflected in both mean/standard deviation
and the lowest W2. While the factorized 2D+t LDM yields EF statistics within a
comparable range, the computation of EF does not explicitly enforce anatomical
consistency in the through-plane direction. EF is a clinically meaningful volu-
metric measurement, and inter-slice discontinuities in the 2D+t LDM make the
computed values physiologically uninterpretable. Additionally, Fig. 3 shows the
mean normalized LV volume curves across the cardiac cycle for the volumet-
ric models. Both CardioDiT and the 3D+t LDM capture the overall temporal
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trend, with mean curves and interquartile ranges closely following the real data.
Differences become apparent at the individual curve level, particularly during
the transition from end-systole to early/mid-diastole, where CardioDiT exhibits
variability more closely aligned with the real distribution. Volume curves for the
factorized 2D+t LDM are not reported because the inter-slice discontinuities
observed for this baseline make its volumetric measurements physiologically un-
reliable. Overall, both volumetric models reproduce the principal cardiac motion
pattern, while CardioDiT provides the best overall balance of fidelity, distribu-
tional alignment, through-plane consistency, and temporal variability among the
evaluated methods.

Architecture Ablation Study As shown in Tab. 2 increasing model capacity con-
sistently improves generative quality, as reflected by the monotonic decrease
in FID from CardioDiT-S to CardioDiT-L. Slice consistency (d-SSIM) remains
stable across scales. Notably, CardioDiT-S, despite having substantially fewer
parameters, achieves better scores than all baseline methods in Tab. 1, demon-
strating the efficiency of the proposed architecture. Clinical EF statistics remain
comparable across model sizes, suggesting that scaling primarily enhances dis-
tributional fidelity rather than altering cardiac motion properties.

4 Discussion

In this work, we investigated whether joint 4D transformer-based modeling
can be used for cine CMR synthesis that may support data augmentation and
privacy-aware data sharing. By modeling the complete latent 3D+t representa-
tion with a diffusion transformer backbone, CardioDiT achieves coherent cardiac
anatomy and plausible motion dynamics using a conceptually simple, globally
coupled architecture. Results indicate improved through-plane consistency com-
pared to slice-wise and channel-merged baselines, while temporal analysis shows
smooth contraction–relaxation dynamics and realistic ejection fraction distribu-
tions. These findings suggest that the combined use of 4D latent representations
and a transformer backbone is an effective approach for spatiotemporally co-
herent cine CMR synthesis. A key design principle is architectural simplicity:
rather than introducing modality-specific temporal mechanisms, we rely on a
unified transformer operating on 4D latent tokens. The ablation study shows
that increasing model capacity improves distributional fidelity within the evalu-
ated configurations, suggesting that scaling the joint transformer representation
can improve sample quality without additional structural constraints [13]. Al-
though this study focused on unconditional synthesis, the framework naturally
supports conditional generation via adaptive layer normalization or lightweight
token adapters, enabling integration of demographic, pathological, or spatial
priors without modifying the core architecture [17]. Beyond cine CMR, the pro-
posed joint 4D modeling framework may be applicable to other dynamic imaging
domains, including settings with a substantially higher number of d-slices. Lim-
itations include temporal standardization via cyclic repetition, and the limited
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Table 2. Scalability of CardioDiT. Inference time T , VRAM and number of parameters
were measured for a single sample on a NVIDIA RTX 4090 GPU.

Model FID ↓ d-SSIM ∼ EF (Std) ∼ W2 ↓ #Par (M) T(s) ↓ VRAM(GB)↓

CardioDiT-S 30.5 0.68(0.06) 41.8 (7.7) 3.56 92.23 30 1.2
CardioDiT-B 25.9 0.69(0.06) 41.4 (4.7) 4.13 134.74 45 1.3
CardioDiT-L 21.2 0.69(0.09) 42.3 (6.3) 3.05 177.24 60 1.5
Fact. 2D+t 32.9 0.50(0.04) 41.1 (6.5) 3.51 166 20 1.5
3D+t 51.3 0.73(0.03) 38.1 (5.1) 7.23 578 15 3.8

number of evaluated samples. Future work should explore variable-length for-
mulations, larger evaluation sizes, and comparisons with factorized modules.
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