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Abstract. This paper presents a novel motion feature guided diffu-
sion model for unpaired video-to-video translation (MFD-V2V), designed
to synthesize dynamic, high-contrast cine cardiac magnetic resonance
(CMR) from lower-contrast, artifact-prone displacement encoding with
stimulated echoes (DENSE) CMR sequences. To achieve this, we first
introduce a Latent Temporal Multi-Attention (LTMA) registration net-
work that effectively learns more accurate and consistent cardiac motions
from cine CMR image videos. A multi-level motion feature guided dif-
fusion model, equipped with a specialized Spatio-Temporal Motion En-
coder (STME) to extract hierarchical coarse-to-fine motion conditioning,
is then developed to improve synthesis quality and fidelity. We evaluate
our method, MFD-V2V, on a comprehensive cardiac dataset, demon-
strating superior performance over the state-of-the-art in both quantita-
tive metrics and qualitative assessments. Furthermore, we show the ben-
efits of our synthesized cine CMRs improving downstream clinical and
analytical tasks, underscoring the broader impact of our approach. Our
code is publicly available at https://github.com/SwaksharDeb/MFD-
V2V.

Keywords: Unsupervised video translation · Latent temporal motion
· Generative diffusion · Cardiac MRI.

1 Introduction

Cardiac Magnetic Resonance (CMR) imaging plays an important role in assess-
ing myocardial strain, which is a key indicator of cardiac dysfunction [6, 30].
Among various CMR techniques, displacement encoding with stimulated echoes
(DENSE) CMR has demonstrated superior performance in capturing myocar-
dial motion for highly accurate and reliable strain measurement [23, 27, 18]. In
contrast to standard cine CMR, which relies on balanced steady-state free preces-
sion sequences optimized for high signal-to-noise ratio (SNR) and strong tissue
contrast, DENSE CMR encodes myocardial displacement and deformation us-
ing stimulated echoes, allowing for high-resolution regional and segmental strain
analysis. However, this process comes at the cost of lower SNR, as stimulated
echoes retain only a fraction of the original magnetization, leading to reduced
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signal intensity and noisier magnitude images [1]. Despite that DENSE CMR
excels in providing highly detailed quantitative myocardial motion/strain data,
its lower image quality presents challenges for tasks such as segmentation, fea-
ture extraction, and texture-based analysis, limiting its applicability in certain
clinical applications [12].

Recent advancements in deep learning and generative models offer a promis-
ing new approach to synthesize high-quality cine CMRs from DENSE CMRs,
which remains unexplored in the literature. Earlier research on video-to-video
(V2V) translation using generative adversarial networks (GANs) has demon-
strated their ability to transform video sequences across domains [4, 7]. However,
GAN-based methods often suffer from limited diversity in their translations and
are prone to mode collapse, restricting the variability of synthesized outputs [20].
More recently, diffusion-based generative models have emerged as a powerful al-
ternative, offering superior diversity, fidelity, and stability over GANs [22]. De-
spite their advantages, most diffusion-based V2V models [16, 19, 9, 28] rely on
a paired (supervised) training scenarios, where aligned source-target video pairs
are required. However, cine and DENSE CMRs do not naturally form a paired
dataset, as they are acquired using fundamentally different imaging sequences,
leading to significant disparities in spatial and temporal resolution.

In this paper, we introduce a novel motion feature guided diffusion model for
unpaired cardiac MRI V2V translation, termed MFD-V2V. Our method lever-
ages the rich spatiotemporal motion information embedded in cine CMR videos
by conditioning a generative diffusion model on learned motion features. Rather
than using raw motion fields, we extract multi-level motion features that cap-
ture both coarse and fine-grained motion characteristics. Conditioning on these
hierarchical features provides more informative guidance to the diffusion pro-
cess, resulting in outputs that are both more realistic and temporally consistent.
During inference, we leverage the displacement motion field provided by DENSE-
CMR to generate realistic and temporally consistent cine CMR sequences; hence
bridging the gap in unpaired cardiac MRI translation with improved anatomical
and motion fidelity. Our contributions are threefold:

(i) We are the first to develop a generative diffusion V2V model to synthesize
high quality cine CMR from DENSE CMR sequences.

(ii) Introduce a latent temporal multihead attention (LTMA) based registra-
tion network to effectively learn spatiotemporal motion from cardiac video
sequences.

(iii) Develop a generative video diffusion model conditioned on multi-level motion
features extracted by a specialized spatiotemporal motion encoder (STME)
to enhance synthesis quality and fidelity.

We validate MFD-V2V on cardiac MR images collected from multiple sites [11,
18]. Experimental results demonstrate that MFD-V2V surpasses existing meth-
ods [15, 32, 4, 33, 8] by generating more realistic and temporally coherent cardiac
MR videos. Furthermore, we highlight the advantages of our synthesized data in
improving performance on a downstream CMR myocardium segmentation task.
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2 Background: Video Diffusion Model

This section briefly reviews the concept of the video diffusion model (VDM) [15],
which is an extension of the image-based diffusion model introduced in [14]. The
VDM serves as a foundation for our proposed video translation model.

Given an image, x0, sampled from the real data distribution q(x), the forward
process in a diffusion model is defined as a Markov chain that gradually adds
Gaussian noise to x0 over L timesteps. This process is governed by a variance
scheduler {βt ∈ (0, 1)}Lt=1, where t ∈ {1, · · · , L} denotes the diffusion timestep.
The forward process is formally expressed as

q(x1:L|x0) =
L∏

t=1

q(xt|xt−1),where q(xt|xt−1) = N (xt,
√
1− βtxt−1, βtI),

with I representing an identity matrix. Using the notation αt = 1 − βt and
ᾱt =

∏t
s=1 αs, the direct formulation of the noising process from x0 to xt is

q(xt|x0) = N (xt;
√
ᾱtx0, (1−ᾱt)I). Similarly, in the reverse process, we model the

joint distribution, pθ(x0:L), as a markov chain starting from p(xL) = N (xL; 0, I),
i.e.,

pθ(x0:L) = p(xL)

L∏
t=1

pθ(xt−1|xt),where pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)).

Here, µθ and Σθ are the predicted mean and variance respectively. Following the
prior work [14], we reparameterize the mean µθ using a noise prediction network
εθ, while setting the variance to the identity matrix. The model is then trained
by minimizing the objective, Lε = Ext,ε∼N (0,I)[||ε− εθ(xt, t)||2].

The VDM [15] builds upon the previously introduced image-based diffusion
framework by employing a 3D U-Net [10], which factorizes both spatial and tem-
poral dimensions by replacing standard 2D convolutions with 3D convolutions.
Additionally, VDM incorporates spatial and temporal self-attention blocks to
effectively capture structural details and motion dynamics across frames.

3 Our Method: MFD-V2V

This section introduces MFD-V2V, an unsupervised video translation model
that for the first time synthesizes high-quality cine CMR from DENSE-CMR
video sequences via a motion-guided diffusion model. Our method consists of
two main components: (i) a latent temporal multihead attention registration
network, LTMA, to learn temporally consistent and continuous motion from
CMR video sequences; and (ii) a generative video diffusion model conditioned
on multi-level motion features extracted by a spatiotemporal motion encoder,
STME. An overview of the architecture is illustrated in Fig. 1.
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(a) (b)

Fig. 1. An overview of our proposed MFD-V2V model. Left to right: (a) the training
process with LTMA registration and multli-level motion feature guided video diffusion.
(b) the inference process, where encoded DENSE motion features are used as condition.

3.1 LTMA Registration Network

Given a training dataset of N video sequences, where each sequence includes
T + 1 time frames, denoted as {Iτi }, i ∈ {1, · · · , N}, τ ∈ {0, · · · , T}. That is to
say, for the ith training data, we have a sequence of image frames {I0i , · · · , ITi }.
By setting the first frame {I0i } as a reference (source) image, there exists a
number of T pairwise images, {(I0i , I1i ), (I0i , I2i ) · · · , (I0i , ITi )}, to be aligned by
their associated motion/displacement field {u1

i , u
2
i · · · , uT

i }. Similar to [3, 29], we
employ U-Net architecture as the backbone of our registration encoder, Eθv , and
decoder, Dθv , parameterized by θv. The encoder Eθv projects the input image
sequences into a latent velocity space Zi = [z1i , z

2
i , . . . , z

T
i ] ∈ RT×H×W×C . Here

C is the number of feature channels, and H,W represent the height and weight
of the encoded motion, respectively. The decoder Dθv is then used to project the
latent features back to the input image space.

In contrast to existing methods that model temporal motion sequentially us-
ing recurrent residual networks [29] or long short-term memory [21], we leverage
a self-attention mechanism to capture long-range temporal dependencies directly
in the encoded velocity space across time. This enables a more expressive and
scalable representation learning of cardiac dynamics by directly modeling global
temporal interactions across all time frames.

For each encoded motion feature Zi, we define Q
(j)
i , K(j)

i , V(j)
i as the Query,

Key, and Value matrices for the j-th attention head. Following similar principles
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of [25], the output feature Ẑi of our proposed LTMA module is formulated as

Q
(j)
i = W

(j)
Q Zi,K

(j)
i = W

(j)
k Zi,V

(j)
i = W

(j)
V Zi, (1)

Ẑi = ⊕h
j=1Softmax

(
Q

(j)
i K

(j)T
i

)
V

(j)
i ,

where ⊕ denotes the concatenation operation, h is the total number of attention
head and W

(j)
Q , W(j)

K , W(j)
V are the linear projection matrix associated with the

j-th attention head.

Network loss. By defining Θ for all network parameters, we finally formulate
the loss function of LTMA registration network as

l(θ) =

N∑
i=1

T∑
t=1

λ||I1i ◦ φt
i(v

t
i(ẑ

t
i);Θ)− Iti ||22 + ||∇vti(ẑ

t
i ;Θ)||2 + reg(Θ), (2)

where φt
i represents the transformation fields between pairwise frames, param-

eterized by a stationary velocity field vti over time [26]. Please refer to [26]
for further details. The motion or displacement field can then be computed
as ut

i = φt
i − id, where id denotes an identity transformation (i.e., the original

image grid). The λ is a positive weighting parameter, and reg(·) denotes the
regularization function applied to the network.

3.2 Multi-Level Motion Feature Guided Video Diffusion
Given the learned motion fields, ui = {ut

i}Tt=1, from our previously introduced
LTMA registration network, we first present STME - a spatiotemporal motion
encoder designed to extract hierarchical motion features that guide the video
diffusion model. Such a STME module captures both coarse and fine-grained
dynamics from the motion fields to provide effective conditioning. Intuitively,
we first apply two consecutive 3D convolution layers with nonlinear ReLU acti-
vations (σ) to the input motion sequence ui. These feature maps are then passed
through spatial and temporal attention layers, S(·) and T (·), respectively, to ex-
tract fine-grained spatiotemporal features of the motion pattern [15]. We define
the overall output of the STME block, F ∈ RT×H×W×C , as

F = T ◦ S ◦ σ ◦ Conv2 ◦ σ ◦ Conv1(ui), (3)

where ◦ is the function composition. For motion conditioning, we employ cross
attention [31, 32] within the decoder of the denoising network εθ (as illustrated
in Fig. 1). Specifically, the learned motion feature map, F, is treated as key
and value, while the decoder’s latent representation serves as the query. At
the i-th decoder layer, given the latent feature, hi ∈ RT×H′×W ′×C′ , we com-
pute the cross-attention as CrossAttn(hi,F) = Softmax

(
Qhi

KT
F

)
VF , where

Qhi = WQhi, KF = WKF and VF = WV F, with WV , WK , WV be-
ing learnable projection matrices. To ensure compatibility across decoder lay-
ers, the motion feature map F is resized to the appropriate spatial dimensions
via 1 × 1 convolution. Finally, the overall training objective is then defined as
Lε = Ext,ε∼N (0,I)[||ε− εθ(xt, t,F)||2].
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Inference Process. During inference, we initialize with random Gaussian
noise, xT ∼ N (0, I), incorporated with DENSE, {I1i , . . . , ITi }d. The displace-
ment field, directly provided with the DENSE CMR sequences [11], is used to
extract motion conditions (see Fig. 1(b)). We employ the standard DDPM sam-
pler [14] to iteratively synthesize Cine CMR.

4 Experimental Evaluation

We evaluate the effectiveness of our proposed model, MFD-V2V, on cardiac
CMR video sequences by comparing it against five state-of-the-art generative
models: CycleGAN [33], NiceGAN [8], RecycleGAN [4], VDM [15], and Con-
trolNet [32]. The VDM model is trained without conditioning, while ControlNet
is conditioned on the displacement field provided by our module LTMA. Since
ControlNet is a fine-tuning approach, we use VDM as its backbone (in Tab. 1)
and train only the ControlNet component, following the method in [32].

Dataset. We utilize 741 cine and DENSE CMR videos collected from 284 sub-
ject, including 124 healthy volunteers and 160 patients with various types of
heart disease [11, 18]. All cine and DENSE CMR sequences were temporally and
spatially aligned for efficient network training. In particular, the standard cine
sequences were temporally resampled to 40 frames to match the DENSE tem-
poral resolution. The average temporal resolutions of Cine and DENSE CMR
sequences are 30ms and 17ms, respectively. In our experiments, all images were
resampled at 1.0 mm2 resolution and cropped to the left ventricular (LV) regions
of the size 64 × 64. Both Cine and DENSE sequences have their corresponding
LV segmentation masks manually annotated.

4.1 Experimental Design and Implementation Details

Similar to [15], we adopt the 3D-UNet as our denoiser. For the training of the
denoiser, we use the Adam optimizer with a learning rate of 10−5, and a batch

Fig. 2. Left to right: examples of unpaired Cine and DENSE cardiac sequences.
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size of 20. We use the sigmoid-beta noise scheduler [17] with total of 1000 dif-
fusion timestep. We used a 70/10/20 train/validation/test split at the subject
level for all experiments. The model is trained on four NVIDIA A100 GPUs.

Evaluation Metrics. Since Cine and DENSE do not come with exact pair, this
makes direct image-by-image comparison (e.g., PSNR, SSIM, etc) challenging.
Therefore, we evaluate our model by assessing the distributional similarity be-
tween the synthesized and original cine CMR sequences. Specifically, we employ
the following metrics: Fréchet Inception Distance (FID) [13], Kernel Inception
Distance (KID) [5], Fréchet Video Distance (FVD) [24], and FID-VID [2]. In
particular, FID and KID assess the appearance quality of individual frames,
while FVD and FID-VID evaluate the temporal dynamics across the sequence.

4.2 Results

Tab. 1 presents the quantitative evaluation of our model vs. all baseline methods.
Overall, our approach consistently outperforms the baselines across all evaluation
metrics, demonstrating its ability to generate more realistic and higher-quality
cine CMR videos from DENSE inputs. Among the baselines, VDM [15] surpasses
GAN-based models, and its performance further improves when incorporating
motion conditioning, as shown by ControlNet [32].

Fig. 3 displays example cine CMR sequences generated by all methods over
time. Our approach clearly demonstrates superior spatial and temporal coher-
ence throughout the entire video, producing more realistic and consistent CMR
sequences compared to the baselines.

Table 1. Quantitative comparison of generated image sequences with baseline meth-
ods. The best and second best performances are highlighted with bold and underlined,
respectively.

Category Method Condition Reg. Net. FID ↓ KID ↓ FVD ↓ FID-VID ↓

GAN
CycleGAN [33] × × 135.25 0.3071 141.71 68.567
NiceGAN [8] × × 122.43 0.2081 131.77 77.013
RecyleGAN [4] × × 97.996 0.1591 126.11 68.214

DMs
VDM [15] × × 57.235 0.0483 75.487 30.148
ControlNet [32] Motion LTMA 61.452 0.0449 70.217 27.479
Ours Motion LTMA 43.432 0.0179 50.962 20.124

Table 2. Ablation study on our proposed STME and LTMA modules.

STME LTMA FID ↓ KID ↓ FVD ↓ FID-VID ↓

× × 55.103 0.0412 69.266 30.148
X × 53.244 0.0378 67.272 27.341
× X 47.432 0.0229 55.962 23.124
X X 43.432 0.0179 50.962 20.124
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Fig. 3. Qualitative comparison of Cine CMR synthesis. Our approach (bottom row)
preserves both spatial and temporal coherence, while VDM struggles with anatomical
consistency during motion, and ControlNet shows improved temporal stability but
slightly reduced spatial details.

Tab. 2 presents an ablation study evaluating the impact of our LTMA reg-
istration network and the STME block. Our experiments show that removing
LTMA leads to a decline in the quality of synthesized CMR sequences. This
indicates that incorporating LTMA improves our model performance by effec-
tively capturing long-range temporal dependencies in the latent motion space.
Meanwhile, adding the STME block further improves the results by extracting
hierarchical motion features used as conditioning, thereby improving the quality
of the synthesized video samples.

Downstream evaluation on segmentation task. We assess the utility of our
synthesized cine CMR sequences by evaluating LV segmentation performance
using a 3D U-Net [10] trained only on standard cine CMR. Direct inference on
raw DENSE CMR sequences yields poor segmentation performance, with a dice
score of 0.31, which indicates poor overlap between the predicted segmentation
and the ground truth annotation. In contrast, applying the same model to our
synthesized cine CMR significantly improves accuracy, achieving a dice score
of 0.81, representing a 70% relative improvement. This highlights the effective-
ness of our method in bridging the domain gap and enabling compatibility with
existing cine-based clinical models.



Title Suppressed Due to Excessive Length 9

5 Conclusion

In this paper, we introduced MFD-V2V, a novel motion feature guided diffusion
model for unpaired cardiac video-to-video translation, which enables the syn-
thesis of high-quality cine CMR from low-SNR DENSE CMR sequences. Our
proposed method developed a new latent temporal multi-attention registration
network to effectively learn accurate cardiac motion from cine CMR videos,
followed by a motion-guided diffusion model enhanced with a spatio-temporal
motion encoder to improve synthesis quality and fidelity. While we acknowledge
that supervision from learned motion fields may introduce bias due to regis-
tration errors, the lack of ground truth cine-DENSE alignment makes this a
practical compromise. In our experiments, we found that the benefits of using
this supervision strategy outweigh the potential drawbacks.
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