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A Latent Diffusion for Stable Frame Interpolation
Jongmin Yu , Zhongtian Sun , Konstantinos Panagiotis Alexandridis , Member, IEEE,

Angelica I. Aviles-Rivero, and Jinhong Yang , Member, IEEE

Abstract—This article presents a novel approach to video
frame interpolation (VFI), called latent diffusion for stable frame
interpolation (LD4SFI). LD4SFI leverages a latent diffusion
model (LDM) enhanced by a vector-quantized spatiotemporal
variational autoencoder (VQ-STVAE). Our method captures
intrinsic orthogonal relationships in high-dimensional spatiotem-
poral data and seamlessly integrates complementary information
across diverse video frame sequences. Given the robust sampling
capabilities of LDMs, LD4SFI is conditioned on a disparity map
that describes the motion dynamics between two neighboring
frames. The disparity map is applied to feed explicit spatiotem-
poral differences into a diffusion model (DM), thereby improving
the spatiotemporal smoothness of the interpolation results. With
this, LD4SFI efficiently generates interpolated frames, signifi-
cantly improving the continuity and visual quality of the video
content. On UCF-101, densely annotated video segmentation
(DAVIS), and SNU-FILM, LD4SFI achieves competitive or
improved accuracy relative to existing state-of-the-art (SOTA)
methods. LD4SFI produces 0.016 learned perceptual image patch
similarity (LPIPS), 36.219 peak signal-to-noise ratio (PSNR),
0.974 structural similarity index (SSIM), 0.031 FloLPIPS, and
20.105 Fréchet inception distance (FID) for the UCF-101 dataset,
and 0.072 LPIPS, 30.261 PSNR, 0.912 SSIM, 0.108 FloLPIPS,
and 8.037 FID for the DAVIS dataset. Additionally, LD4SFI
achieves the highest measured throughput among DMs on a
single V100. Experimental results show that LD4SFI outperforms
existing SOTA methods, demonstrating highly competitive SOTA
performance across standard VFI benchmarks.

Index Terms—Disparity conditioning, latent diffusion, spa-
tiotemporal representation, vector-quantized VAE, video frame
interpolation (VFI).
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I. INTRODUCTION

V IDEO frame interpolation (VFI) is a technique used to
enhance the frame rate of a video by generating inter-

mediate frames between existing ones. This process not only
improves the temporal resolution of videos, thus enhancing the
smoothness of motion, but also augments the visual quality of
videos with low frame rates. The problem definition of VFI
is as follows. Given two neighboring frames, x0 (the earlier
frame) and x1 (the later frame), the goal of VFI is to generate
an interpolated frame xt, where 0 < t < 1. The parameter t
represents a sampling rate and is typically set to 0.5 for
a ×2 upsampled VFI, which generates a single frame at the
midpoint between x0 and xt.

Functionally, VFI can improve motion smoothness and
reduce visual artifacts, such as motion blur and stuttering,
especially in low-frame-rate videos. This enhancement is vital
for applications like slow-motion video generation [6], [7],
frame rate upconversion [5], and video streaming, where
seamless and fluid motion is essential for viewer satisfac-
tion. Moreover, VFI plays a significant role in emerging
technologies such as virtual and augmented reality, where
high frame rates are essential for immersive, comfortable user
experiences. Despite its importance, achieving high-quality
VFI remains challenging, particularly in scenarios involving
complex motion, occlusions, and significant brightness vari-
ations. Therefore, ongoing research focuses on developing
advanced algorithms to address those challenges and further
improve the performance and applicability of VFI in various
multimedia applications.

The key challenge in developing VFI methods is accurately
modeling the correspondence between the neighboring frames.
Most deep learning-based approaches tackle this problem by
extracting abstract features from high-dimensional data, such
as image frames or motion flows, and using these features
to predict the interpolated frame. The predicted frame is then
refined by minimizing the error between the prediction and the
ground truth [2], [3], [4], [8], [9], [10], [11], [12]. While these
methods have significantly improved VFI performance due
to the powerful representation capabilities of deep learning,
their results still remain suboptimal in challenging scenarios
involving dynamic textures and complex motion, as illustrated
in Fig. 1.

Several studies have utilized adversarial learning [13] to
enhance the high-frequency details of predicted frames, exper-
imentally demonstrating that adversarial learning can improve
the sharpness of results [1], [14]. However, adversarial learn-
ing often introduces optimization challenges, such as mode
collapse [15] and vanishing gradients [16]. Joint training
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Fig. 1. VFI results of various methods, including the proposed LD4SFI.
ST-MFnet [1] and IFRnet [2] use reconstruction errors based on interpolated
frames. BMBC [3] and VFIformer [4] utilize reconstruction errors for both
the frames and motion flows. LDMVFI [5] is a recently proposed VFI
method based on the LDM. LD4SFI produces sharper interpolated frames with
enhanced motion coherence and finer texture details, particularly in regions
with fast motion (e.g., water splashes around the dog) and complex structures
(e.g., feather edges in the bird image). Other methods exhibit motion artifacts,
oversmoothing, or loss of details. Fig. 5 shows more detailed results.

with informative auxiliary features, such as motion flow,
has been proposed as another solution [9], [17], [18], but
these approaches tend to increase structural complexity and
computational cost while introducing additional dependencies
on the extra features.

To address those limitations, we propose utilizing a dif-
fusion model (DM) [19] for VFI. DMs, in contrast to other
generative models like GANs [13] and VAEs [20], have
demonstrated superior image-generation quality [21], [22]
and video synthesis [23]. Furthermore, conditioning tasks
within DMs can be efficiently implemented using attention
mechanisms, making them highly flexible. This suggests that,
compared to other generative models, DMs are better suited
to handle complex video data by deriving data distributions
with greater precision when incorporating conditioning terms.
As VFI can be formulated as the modeling of the condi-
tional distribution between two frames, x0 and x1, and the
interpolated frame xt, represented by p(xt |x0, x1), DMs present
significant potential for use in the VFI task.

Research on leveraging DMs for VFI is still in its early
stages, with only a few methods published thus far [5],
[24], [25], [26]. Jain et al. [24] proposed a two-stage VFI
method using DMs, where the first DM generates videos
with high temporal but low spatial resolution, and the sec-
ond DM restores the spatial resolution to match the input.
While this approach shows strong performance, it is compu-
tationally intensive. Huang et al. [25] combine a DM with
an event flow simulator using optical flow. Danier et al.
[5] introduced the LDMVFI, which combines a latent DM
(LDM) [22] with a VFI-specific VQ-GAN [27], named vector
quantized frame interpolate generative adversarial network

Fig. 2. Methodology overview of the proposed LD4SFI. The LD4SFI is
composed of the VQ-STVAE (the blue box) and a conditional LDM (the
red box). The densely dotted arrow lines denote feeding the extracted latent
features from the two neighboring frames x0 and x1, and feeding them into
the conditional LDM for training. The solid arrow lines indicate the inference
of the interpolated frame in the test phase. The sparsely dotted arrow line
defines the feature fusion and the conditioning based on the CCSA module.

(VQ-FIGAN). Although VQ-FIGAN improves interpolation
by leveraging complementary latent features from x0 and x1, it
does not explicitly model temporal properties, which can lead
to occasional instability in the results (as seen in Fig. 1).

We propose an LDM for VFI called “latent diffusion for
stable frame interpolation” (LD4SFI). Also, we present a
vector-quantized spatiotemporal VAE (VQ-STVAE) that can
explicitly learn a spatiotemporal representation via vector
quantization [28]. Unlike other encoders for DM-based VFI
methods, including LDMVFI [5], we instead of concatenating
raw frames and latent features to enhance temporal properties,
input a disparity map defined by the residual between the
two neighboring frames. Fig. 2 shows the methodology of
the proposed LD4SFI using the VQ-STVAE. Additionally, we
formulate a disparity-balancing loss (DBL) to ensure temporal
balance in the generated interpolated frame. We conducted
an ablation study to demonstrate the effectiveness of those
structural revisions for applying the DM to the VFI and loss
function. The experimental results show that conditioning with
the disparity map and the DBL improved VFI performance.

The key contributions of this article are as follows. First,
we introduce LD4SFI, a publicly available LDM-based VFI
framework comprising a VQ-STVAE and a conditional LDM.
The LD4SFI framework is designed to harness the power of
conditional LDM for interpolating video frames efficiently.
Second, we introduce a variant of the traditional VQ-VAE,
tailored to capture rich spatiotemporal information without
reliance on external motion features. The VQ-STVAE is
designed to provide a robust perceptual encoding of spatial-
temporal data, facilitating more accurate and visually coherent
frame interpolation directly from the latent space of video
sequences. Third, a novel loss function is introduced to
optimize the visual continuity and smoothness of interpo-
lated frames. This balanced disparity loss strategically aligns
the visual characteristics of interpolated frames with their
neighboring frames in the sequence, effectively enhancing the
fluidity and natural appearance of motion in upsampled videos.

II. RELATED WORK

A major challenge in the VFI lies in accurately estimating
object motion between frames, particularly in the presence of
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complex and dynamic motion. At the same time, the interpo-
lated frame should preserve high-resolution details, sharpness,
and faithful textures. In essence, a successful VFI method must
maintain temporal continuity whilst preserving, or improving,
the spatial quality of the original frames.

The introduction of deep learning, particularly convolutional
neural networks (CNNs) [29], has substantially advanced
VFI by enabling models to learn effective spatial represen-
tations directly from frames through shared weights, cascaded
structures, and hierarchical nonlinear kernels. CNN-based
methods [2], [3], [9], [30] have generated sharp interpo-
lated frames by learning stronger spatial representations than
earlier approaches based on motion estimation and pixel
color interpolation [31], [32]. More recently, transformer-
based architectures have also been explored for VFI, with
encouraging results [4].

However, VFI inherently involves more than spatial pro-
cessing alone; it also requires modeling the temporal dynamics
between neighboring frames. To capture these dependencies,
some studies incorporate recurrent neural networks (RNNs)
[10], [11], [12], while others exploit explicit motion cues
such as optical flow [4], [9], [17], [18], [33]. Although such
strategies can strengthen temporal reasoning, they may also
increase computational cost and introduce sensitivity to the
quality of the estimated motion. Recent efficiency-oriented
work has therefore explored alternative temporal modeling
schemes. VFIMamba [34] employs a state-space model to
facilitate information transmission across frames with linear
complexity and uses curriculum learning to model inter-
frame dynamics across varying motion magnitudes. Likewise,
LC-Mamba [35] investigates state-space modeling with shifted
local windows and structure-preserving scan ordering, whilst
BiM-VFI [36] revisits bidirectional motion-field guidance for
nonuniform motion.

A further recent development in VFI is the adoption of
DMs [21], [25], [26], [37], which are well suited to mod-
eling complex conditional distributions such as p(xt |x0, x1).
Video DMs [23], [38] have demonstrated the potential of
this family for frame interpolation. In VFI-specific settings,
Jain et al. [24] use two DMs, the first to improve tempo-
ral resolution and the second to recover spatial resolution.
LDMVFI [5] combines VQ-FIGAN with an LDM to model
the relationship between consecutive frames in latent space,
whilst Huang et al. [25] propose MADIFF, a motion-aware
LDM conditioned on motion flow. More recent diffusion-based
studies have strengthened this direction for challenging motion
and temporal reasoning. EDEN [39] enhances latent represen-
tations through a transformer-based tokenizer and augments
a diffusion transformer with temporal attention and start–end
difference conditioning, reporting improved perceptual quality
on large-motion benchmarks. Hierarchical Flow Diffusion [40]
adopts a different strategy by explicitly denoising optical
flow in a coarse-to-fine hierarchy, with the aim of reducing
the diffusion search space and improving efficiency, whilst
reporting favorable perceptual metrics on densely annotated
video segmentation (DAVIS) and SNU-FILM. TLB-VFI [26]
adopts a Brownian-bridge diffusion objective and introduces
a temporal-aware autoencoder with 3-D-wavelet feature gat-
ing, targeting stronger temporal cue utilization and improved
runtime and parameter efficiency relative to earlier image-
conditioned diffusion approaches.

These methods report competitive VFI performance, but
several limitations remain. Using two DMs [24] can be com-
putationally demanding. LDMVFI [5] mitigates this cost by
operating in latent space, but, as shown in Fig. 1, its results can
still be distorted in some cases. One possible reason is that its
DM/LDM framework does not explicitly learn spatiotemporal
representations. MADIFF [25] provides explicit motion flow as
an alternative conditioning signal, but its encoder and decoder
still process individual still images. More broadly, methods
that strengthen diffusion with explicit flow [25], [40] or
lightweight temporal modules [26] may improve conditioning,
yet they can still depend on auxiliary motion estimation or
only partially capture the joint spatiotemporal structure of
neighboring frames.

Consequently, although hierarchical latent features extracted
from two neighboring frames can improve the visual quality
of the predicted frame, they may still provide insufficient
information about temporal dynamics and the correspondence
between the interpolated frame and its neighboring frames.
In this work, we introduce LD4SFI, a latent diffusion frame-
work designed to generate high-quality frames that are
both spatially detailed and temporally consistent with their
neighboring frames. To this end, we develop VQ-STVAE,
which explicitly learns spatiotemporal representations within
a VQ-VAE architecture. In addition, we propose the DBL, a
complementary objective that enhances the temporal smooth-
ness of the generated frames.

III. PRELIMINARIES: DM

The goal of DMs [19], [41], [42] is to find the parameterized
data distribution pθ(x0) using a given data x0 ∼ q(x0). To do
this, when a data x0 is given, the training of DMs conducts
a forward process (a.k.a. diffusion process) q(xt |xt−1), which
adds Gaussian noise to the data and a reverse process (a.k.a.
denoising process) pθ(xt−1|xt), which denoises the given noised
data by subtracting predicted noise.

The forward process q(xt |xt−1) is a task to add Gaussian
noise to data at a certain time step t ≤ T . The Gaussian noise
is generated by a Gaussian probability N (·) with scheduled
variance: β1, . . . , βT . The entire forward process to generate a
completely noise-free sample xT is represented by

q (x1:T |x0) :=
TY

t=1

q (xt |xt−1)

q (xt |xt−1) := N
�

xt;
p

1 − βtxt−1, βtI
�
. (1)

The reverse process pθ(xt−1|xt) can be considered as a
denoising task. For each time step t, a DM predicts noise and
subtracts it from the noised data. This task is represented by
a Markov Chain so that it can be represented by a parametric
conditional distribution, as follows:

pθ (x0:T ) := p (xT )
TY

t=1

pθ (xt−1|xt)

pθ (xt−1|xt) := N
�
xt−1;µθ (xt, t) ,Σθ (xt, t)

�
. (2)

The learning of the DM is to find a suitable parametric
distribution pθ(x0) representing the given data. This distri-
bution is central to reconstructing the original data from its
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noisy state. However, directly optimizing the negative log-
likelihood of pθ(x0) poses computational challenges due to
its complexity. Consequently, optimization is conducted via
a variational lower bound, which is more computationally
feasible and is formulated as follows:

LDM := E
�
− log pθ (x0)

�
≤ Eq

�
− log

pθ (x0:T )
q (x1:T |x0)

�
= Eq

"
− log p (xT ) −

X
t≥1

log
pθ (xt−1|xt)
q (xt |xt−1)

#
. (3)

In DDPM [19], it was found that reparameterization tricks
represent the forward and reverse processes; therefore, it can
be replaced by the minimization of prediction error for Gaus-
sian noise and noise prediction obtained by a neural network.
As a result, (3) is more simplified to the l2-distance between
the generated Gaussian noise ε ∼ N (0, I) and predicted
noise εθ at a certain time step. Using the notations, αt := 1−βt
and ᾱt :=

Qt
s=1 αs, the simplified loss is represented by

LDDPM

= Ex0,ε

�
β2

t

2σ2
t αt (1 − ᾱt)




ε − εθ �√ᾱtx0 +
p

1 − ᾱtε, t
�


2

�
.

(4)

The LDM applies the above noising and denoising processes
to the latent feature space. Accordingly, the LDM assumes that
there is an additional encoder E to encode raw data into a latent
feature space and apply the noising and denoising process on
the latent space. Equation (4) for the LDM can be rewritten
as follows:

LLDM = EE(x0),ε∼N (0,I),t∼U (1,T )
�
‖ε − εθ (zt, t) ‖2

�
. (5)

IV. PROPOSED METHOD: LD4SFI

A. Methodology Overview
VFI’s formulation x ∼ p(xt |x0, x1) can be considered

as a sampling process for an interpolated frame from the
conditional distribution. The visual quality and the temporal
harmony of the generated interpolated frames can vary depend-
ing on how accurately this conditional distribution model is
derived. We propose an LD4SFI to address this. The LD4SFI
is composed of two main components. First, VQ-STVAE is a
variation of the VQ-VAE designed to capture spatiotemporal
representation explicitly. The second component is a denoising
U-Net applied to operate the denoising process for using
the LDM. Fig. 2 shows the VFI workflows of the LD4SFI
consisting of the VQ-STVAE and the conditional LDM.

The VQ-STVAE’s encoder E embeds the neighboring
frames x0 and x1 into a spatiotemporal latent feature space z0

based on the vector quantization manner [28]. After that, the
conditional LDM derives the distribution of the latent features
into a Gaussian distributionN (0, 1) through the forward (a.k.a.
noising) and reverse (a.k.a. denoising) processes. During the
inference of the interpolated frames, a Gaussian noise z̃T

sampled from N (0, 1) is repeatedly denoised by the UNet
εθ for T steps until the latent feature z̄0 is unveiled. z̄0 is
conveyed to the decoder D of the VQ-STVAE to generate the
interpolated frame x̄t. When the VQ-STVAE and conditional
LDM are being trained, we employ cross-channel and spatial
attention (CCSA) modules using disparity map xd as the
feature fusion and conditioning mechanism.

B. VQ-STVAE

The role of VAE in the original LDM [22] is to encode the
image’s perceptual features into a latent feature space using an
autoencoder and probabilistic modeling. However, the general
VAEs take a static prior distribution, i.e., the VAE assumes
that the latent feature distribution is Gaussian N (0, 1). It may
cause the posterior collapse, which is, regardless of the true
data distribution [43], and this issue degrades the quality of
generated samples. The VQ-VAE and VQ-GAN [27], which
can improve the high-frequency details, have been proposed
to handle this issue.

Danier et al. [5] present the VFI-specified VQ-GAN
structure called the VQ-FIGAN. The VQ-FIGAN is an image-
to-image autoencoder with a feature fusion based on attention
mechanics to improve the visual quality of the results. The
VQ-FIGAN can learn temporal properties by adding the
conditioning module using x0 and x1 indirectly; however, this
indirect way may not learn some strong correlation between
the interpolated frame and the given two neighboring frames.
Also, the VQ-FIGAN applies the conditioning to the decoder
only, in which the codebook of the VQ modules cannot
account for temporal properties.

The VQ-STVAE is designed to explicitly capture spatiotem-
poral representations using 3-D convolutional layers. Unlike
the VQ-FIGAN proposed by Danier et al. [5], which is an
image-to-image autoencoder that takes the target interpolated
frame xt as an input, the VQ-STVAE uses the two neighboring
frames x0 and x1 as input. The latent features extracted by the
2-D convolutional layers in the VQ-FIGAN only capture the
correlation within the spatial domain defined by the width and
height axes; therefore, LDMVFI operates its encoder twice
to extract latent features from the two neighboring frames x0

and x1. Consequently, the encoder of the VQ-FIGAN does not
learn the temporal correlation between the two neighboring
frames.

In this work, we embed 3-D convolutional layers that
cover both spatial and temporal dimensions. The VQ-STVAE
processes the two frames using 3-D convolutional layers
to capture spatiotemporal representations explicitly. Instead
of building a full 3-D convolutional encoder and decoder,
we embed 3-D convolutional layers between the original
2-D convolutional layers, which is similar to Ho et al. [23].
This design enables spatiotemporal representation learning
for the VQ-STVAE, thereby reducing network computational
complexity. Fig. 3 illustrates the architectural details of the
VQ-STVAE.

Additionally, we apply attention-based feature fusion using
the latent features extracted from the disparity map xd. The
disparity map is defined by the subtraction results of the two
frames represented by xd = x1 − x0. It is computationally
efficient to obtain and directly model the motion dynamics.

Existing diffusion-based VFI methods [5], [25] employ fea-
ture concatenation on their decoder [5] or use highly advanced
motion features [25], which trade off model complexities
and VFI performances. Because conventional latent spaces
are primarily learned utilizing isolated spatial representations,
they necessitate complex supplementary mechanisms to extract
temporal properties. The VQ-STVAE can explicitly learn
spatial and temporal representations using 3-D convolutional
layers, thereby mitigating this trade-off and making the spatial
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Fig. 3. Architectural details of the VQ-STVAE and the CCSA operator. The
key components distinguishing the VQ-STVAE from the VQ-VAE, such as
3-D convolutional layers and the CCSA module, are marked in green.

and temporal properties of the latent feature more informative
as the model complexity increases.

The attention-based feature fusion applied in the
VQ-STVAE using the disparity map is conducted based
on the CCSA. The feature fusion process using the CCSA
is as follows. First, we extract the latent feature zd of the
disparity map xd using a pretrained neural network fc. Then,
we compute the channel attention vector αd

c based on zd.
We average- and max-pool zd along the channel axis, then
pass the resulting features through a convolutional layer to
extract a combined feature. After that, we apply the sigmoid
function σ to normalize the value of each term and sum those
to generate the channel attention vector αd

c . This process is
represented as follows:

αd
c = σ

 
Wd ·

1
HW

HX
h=1

WX
w=1

zd
h,w,∗ + Wd ·

H
max
h=1

W
max
w=1

zd
h,w,∗

!
(6)

where H and W denote the spatial axes which represent the
height and width of zd. Wd defines additional neural network
to align the dimensionality of αd

c . ∗ denotes axes that are kept
during the computation of the attention vectors.

The spatial attention vector αd
s is defined by applying a

convolutional kernel (Conv2D) to the results of averaged
pooled latent features across the channel axis. This process
is represented as follows:

αd
s = σ

 
Conv2D

 "
1
C

CX
c=1

zd
∗,c

# ˇ̌̌̌ˇ̌̌̌
C

max
c=1

zd
∗,c

!!
(7)

where C denote the depth of zd. In computing the above
attention vectors, an axis that should not be considered is
frozen. For instance, in computing αd

c , only spatial axes, which
are height and width dimensions, are considered, and the depth
axis is kept. It is described by zd

h,w,∗ in (6). fc can be defined by
well-known pretrained neural networks such as VGG16 [44]
or ResNet [45]. We employ the ResNet for our study. Fig. 3
shows the architectural details of the VQ-STVAE.

The feature fusion using the attention vectors αd
c and αd

s is
conducted before the VQ operation, represented as follows:

z0 =

�
z0 · αd

c + αd
s · z

0
�

2
. (8)

When the decoder D generates the interpolated frame x̄t,
we apply a frame reconstruction approach based on the
deformable convolution-based interpolation kernel [46] to
improve the visual quality of the frame. Instead of directly
generating the interpolated frame using the decoder, LD4SFI
outputs local feature maps that can be arranged to create
the frames. These local feature maps are robust to object
occlusion [47]. This approach can reduce memory usage while
maintaining VFI performance.

C. Conditional LDM

The VQ-STVAE encodes the intrinsic orthogonal rela-
tionships within high-dimensional spatiotemporal data into a
compact latent space, integrating complementary information
from diverse video frame sequences. In this compact space,
a conditional LDM is applied to learn semantically important
features from the spatiotemporal representation with low com-
putational complexity. While the conditional LDM is being
trained, we apply additional conditioning with the disparity
map xd.

Unlike LDMVFI [5] and MADIFF [25], which physically
stack latent features extracted from neighboring frames [5] and
motion flow [25] to the input noise before it apply to a denois-
ing UNet, our conditioning is done by combining the latent
features extracted from xd to the latent feature of the UNet εθ
during the denoising process using the CCSA operation (8).
In computing αd

c and αd
s , we change the kernel dimensionalities

of Wd and Conv2D to align with the dimensionality of latent
feature of the denoising UNet εθ.

As demonstrated by Jain et al. [24] and some video DMs
[23], [38], a DM [19] can also be used to predict the
interpolated frame directly. However, it is computationally
intensive and inefficient for learning representations [22]. The
VFI’s problem setting (i.e., requiring at least two frames for
interpolation) is related not only to the spatial domain but
also to the temporal domain. This problem can further worsen
the high computational complexity of existing DMs. The
conditional LDM alleviates this heavy computational load by
compressing the image into a latent representation. Since the
latent feature contains more abstract and semantic information,
it helps in understanding perceptual information during frame
interpolation.

D. Training and Inference

1) Training of VQ-STVAE: The objectives of the
VQ-STVAE contain the objective of the VQ-VAE represented
by

Lvq =


xt − x̄t



2
+


sg [ze]−e



2
+ β



ze − sg [e]


2 (9)

where xt and x̄t indicate the input and the reconstructed output,
respectively, and those are defined by a given interpolated
frame xt and the predicted one x̄t. e is the embedding vectors
to ze. sg and e indicate the stop-gradient operator and the set
of the closest embedding vectors to ze.

Also, we apply various complementary loss terms to
improve the visual quality of VFI results. we combine
a perceptual loss Lper [48] and a patch-level adversarial
loss Ladv [49].
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Lper is employed to improve the perceptual similarity
between each consecutive frame, and Lper is defined as
follows:

Lper = E

24 NX
i=1






ΦE
i

�
x̄t, x̄t� − ΦE

i

�
x0, x0

�
+ ΦE

i

�
x1, x1

�
2







2
35
(10)

where ΦE
i defines ith convolutional layers on the encoder E

of the VQ-STVAE, respectively.
Additionally, we employ the adversarial learning loss Ladv

to improve the quality of high-frequency visual features
between the ground-truth frame xt and the predicted one x̄t,
which are represented by

Ladv = −E
�
log D

�
xt� − log (1 − D (x̄t))

�
(11)

where D defines the discriminator used for path-level adver-
sarial learning.

Additionally, we present the DBL Ldbl to improve temporal
smoothness. The DBL is inspired by the fact that the disparity
between two frames is usually proportional to the temporal
distance between them. We formulate a loss that constrains
the disparity between the interpolated frame and its two
neighboring frames. The discrepancy between the generated
interpolated frame x̄t and the other two frames x0 and x1

should be less than or at least equal to the disparity between
the two frames. Balanced disparity loss is formulated as
follows:

Ldbl = max

 ˇ̌
x1 − x̄t

ˇ̌
+
ˇ̌
x̄t − x0

ˇ̌
2

−
ˇ̌
x1 − x0

ˇ̌
, 0

!
. (12)

The loss only works when the average of the disparities
between x̄t and the other two x̄0 and x̄1 are bigger than the
disparity between x̄0 and x̄1. Suppose the averaged disparity is
larger than the disparity between the two neighboring frames.
In that case, it can be inferred that the interpolated frames
cannot improve the smoothness between the two frames and
may yield unstable results. In this case, the loss optimizes the
lower-averaged disparity to improve temporal smoothness.

These principles are not always correct in real-world situa-
tions; depending on how complicated and dynamic the motions
appear in a video, or on how long the two neighboring frames
are, the disparity can differ. Nevertheless, the main target
videos for VFI methods are usually 15 and 30 FPS, so based
on this problem set, the above problem may not affect the
disparity loss. We conduct an ablation study to demonstrate
the effectiveness of the DBL.

At last, we apply regularization loss term Lreg to improve
the generalization performance of LD4SFI, as follows:

Lreg =

"
1
2

X
i

||Wi||
2 +

X
i

|Wi|

#
(13)

where Wi indicates the kernel values of weight matrices of
the ith layer of the VQ-STVAE for applying regularization.
The VQ-STVAE encodes the intrinsic orthogonal relationships
within high-dimensional spatiotemporal data into a compact
latent space.

The total objective function to train the VQ-STVAE is as
follows:

LTotal = Lvq + Lper + Ladv + λdblLdbl + λregLreg (14)

where λdbl and λreg denote balancing weights for the DBL
and the regularization loss. A detailed explanation of the
hyperparameter settings is described in Section V.

2) Training of Conditional LDM: Training the conditional
LDM optimizes the parameters of the denoising UNet εθ.
Based the latent feature z0 encoded from the two neighboring
frames x0 and x1, it optimizes the parameters on εθ by
repeating the forward and backward processes for T steps. For
each step, it samples a noise version of z0 by adding a certain
amount of Gaussian noise. It predicts the noise using εθ with
the conditioning using the latent feature zd extracted from the
disparity map xd. The loss function to train the conditional
LDM is defined by

LCLDM = EzT,zd,ε∼N (0,1),T

hˇ̌ˇ̌
ε − εθ

�
zT,T

ˇ̌
zd�ˇ̌ˇ̌2i (15)

where T is the number of the diffusion process steps, and it
is sampled from U(0,T).

zd is the latent feature extracted from the disparity map:
fc(xd). zT defines the t-times noised latent feature.

3) Inference: The VFI process using the LD4SFI from the
given neighboring frames x0 and x1 starts with obtaining the
disparity map xd and the noise samples z̄T from Gaussian
distribution N (0, 1). z̄T is iteratively denoised by the U-Net εθ
until the latent features z̄0 are unveiled. During the denoising
process, zd is used for conditioning. z̄0 is applied to the decoder
D to generate the interpolated frame.

V. EXPERIMENTAL RESULTS

A. Implementation Details
The hyperparameter settings for training the VQ-STVAE

are as follows: To improve computational efficiency, we use
DDIM [37] as a sampler for all DMs. The number of sampling
steps for the DM is set to 200. This sampling scale is
equivalent to other diffusion-based VFI methods [5], [25].
The Adam optimizer is employed to optimize the VQ-STVAE,
while AdamW is used for the conditional LDM. The learning
rates for VQ-STVAE and the conditional LDM are set to
1× 10−5 and 1× 10−6, respectively. Both VQ-STVAE and the
conditional LDM are trained for 60 epochs. The downsampling
factor f for the VQ-STVAE is 32, matching the downsampling
factor used in LDMVFI [5] and MADIFF [25]. λdbl and λreg
are set to 0.01. Two RTX A6000 GPUs are mainly used to
train and evaluate the proposed LD4SFI.

B. Experimental Settings
1) Experimental Protocol: We utilize Vimeo90k [50], the

most widely used training set for VFI. However, previous stud-
ies have highlighted the limitations of Vimeo90k in terms of
the range and diversity of motion magnitudes [51]. To address
these limitations and enhance the performance of VFI methods
more comprehensively, we also include samples from the BVI-
DVC dataset [52]. Our final training set comprises 64 612
frame triplets from Vimeo90k-septuplets and 17 600 from
BVI-DVC. For data augmentation, we apply random cropping
of 256 × 256 patches, random flipping, and temporal-order
reversal. For model evaluation, we use three widely recognized
VFI benchmarks: 1) UCF-101 [53]; 2) DAVIS [54]; and
3) SNU-FILM [55]. We follow each dataset’s published terms.
For example, the UCF-101 dataset is provided for research
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use and comprises videos collected from YouTube; use is
subject to the dataset terms and the YouTube Terms of Service.
The DAVIS dataset is released for research/benchmarking. We
perform no content-altering preprocessing on evaluation sets:
only per-pixel normalization and resizing, as required by the
model’s input constraints. Those experimental protocols are
based on Danier et al. [5] and Huang et al. [25]. The detailed
information of the above datasets is as follows:

2) Vimeo90K Dataset: Vimeo-90k [50] is a large-scale,
high-quality video dataset. This dataset consists of 89 800
video clips downloaded from vimeo.com, which cover a large
variety of scenes and actions. It is designed for the following
four video processing tasks: temporal frame interpolation,
video denoising, video deblocking, and video super-resolution.

The triplet dataset consists of 73 171 3-frame sequences
with a fixed resolution of 448 × 256, extracted from
15k selected video clips from Vimeo-90K. This dataset is
designed for temporal frame interpolation.

3) BVI-DVC Dataset: BVI-DVC [52] is presented for
training CNN-based video compression systems, with specific
emphasis on machine learning tools that enhance conventional
coding architectures, including spatial resolution and bit depth
up-sampling, postprocessing, and in-loop filtering. BVI-DVC
contains 800 sequences at various spatial resolutions from
270p to 2160p and has been evaluated on ten existing network
architectures for four different coding tools. Experimental
results show that this database produces significant improve-
ments in terms of coding gains over three existing (commonly
used) image/video training databases under the same training
and evaluation configurations.

4) DAVIS Dataset: The DAVIS dataset [56] is a high-
quality and high-resolution densely annotated video segmen-
tation dataset under two resolutions, 480p and 1080p. There
are 50 video sequences with 3455 densely annotated frames
at the pixel level. 30 videos with 2079 frames are for training,
and 20 videos with 1376 frames are for validation.

5) UCF-101 Dataset: UCF101 [53], which is related to
human actions and contains 379 triplets with a resolution
of 256× 256.

6) SNU-FILM Dataset: SNU-FILM dataset [55] specifies
a list of 310 triplets at four motion magnitude levels. As the
original sequences are provided in the SNU-FILM dataset, we
extended its predefined test triplets to quintuplets for evalua-
tion here. The evaluation is divided into four settings: Easy,
Medium, Hard, and Extreme. The average motion magnitude
increases from Easy to Extreme.

7) Evaluation Metrics: We use five evaluation metrics:
1) structural similarity index (SSIM) [57]; 2) peak signal-
to-noise ratio (PSNR) [57]; and 3) learned perceptual image
patch similarity (LPIPS) [58]; 4) flow difference-weighted
LPIPS (FLoLPIPS) [59]; and 5) Fréchet Inception Distance
(FID) [60]. SSIM measures the similarity between two images,
focusing on structural information such as luminance, contrast,
and texture. PSNR quantifies the quality of a reconstructed
or compressed image relative to the original by measuring
the ratio of the maximum possible signal power to the power
of corrupting noise, which affects the image’s representation
fidelity. LPIPS evaluates perceptual similarity between images
using deep neural networks trained on perceptual tasks, consid-
ering human visual perception when comparing image patches.

Unfortunately, those image-based metrics assess the fidelity
of individual frames in isolation and therefore fail to capture
spatial quality, temporal realism, temporal distributional sim-
ilarity, or dynamical consistency across frames.

To provide a more comprehensive evaluation that encom-
passes spatial fidelity, temporal consistency, and perceptual
stability, we also employ FloLPIPS and FID. Specifically,
FloLPIPS is designed to quantify temporal distortions and
motion-related artifacts by incorporating optical flow into
perceptual similarity assessment, thereby reflecting frame-to-
frame consistency. In contrast, FID evaluates the distributional
alignment between generated interpolated frames and real
video frames in a learned feature space, measuring how well
the synthesized content adheres to the natural statistics of real-
world data.

Furthermore, computational efficiency is assessed by mea-
suring the inference speed of the proposed LD4SFI on a single
NVIDIA V100 GPU. This hardware configuration was referred
to from MADIFF [25]. The reported runtime is directly
compared with that of MADIFF [25], which is evaluated under
the same hardware configuration.

C. Ablation Study
The main differences between our LD4SFI and

other existing LDM-based VFIs [5], [25], [26] are
the inclusion of 3-D convolutional layers in the
VQ-STVAE, the use of the disparity map, and the introduction
of the DBL. Structurally, whereas the LDMVFI [5] relies
upon independent 2-D spatial encodings and MADIFF [25]
necessitates computationally heavy auxiliary event-to-flow
simulators, LD4SFI employs VQ-STVAE. By integrating
3-D convolutional layers, the VQ-STVAE intrinsically learns
a unified, coupled spatiotemporal representation in a single
encoding pass without external heuristic dependencies such as
motion flow or predefined even features. Furthermore, rather
than relying on the raw concatenation of latent features (as
in LDMVFI) or deterministic Brownian Bridge mapping (as
in TLB-VFI [26]), LD4SFI conditions its denoising U-Net
through the CCSA module, dynamically gating latent features
based on a computationally efficient disparity map.

In terms of the objective function, the mathematical objec-
tives of these frameworks also diverge; whilst LDMVFI and
MADIFF utilize standard DDPM prediction errors combined
with unconstrained adversarial and perceptual losses, LD4SFI
introduces the DBL as a complementary term to improve
motion smoothness. The DBL is formulated to provide a strict
geometric boundary in the pixel domain, expected to explicitly
penalize the generative process if the average visual disparity
of the newly synthesized frame exceeds the inherent dynamic
shift between the original temporal anchors. This mathematical
constraint acts synergistically with the standard objectives
to effectively suppress the temporally unstable hallucinations
and sequence jitter that frequently compromise unregularized
generative models, thereby providing rigid temporal coherence
alongside robust spatial fidelity.

To demonstrate the effectiveness of these components,
we conducted ablation studies. At the beginning, we
derive two baseline LD4SFI models: LD4SFIVQ-VAE and
LD4SFIVQ-STVAE. LD4SFIVQ-VAE defines the LD4SFI with
normal VQ-VAE, which does not have 3-D convolution and
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TABLE I
VFI PERFORMANCES DEPENDING ON THE FEATURE FUSION ON VQ-STVAE AND THE DBL LOSS. SNU-FILM-AVERAGE CONTAINS

THE AVERAGE RESULTS FOR “MEDIUM,” “HARD,” AND “EXTREME” RESULTS. THE BEST PERFORMANCE IS
HIGHLIGHTED IN ORANGE. THE BALANCING WEIGHT λdbl FOR Ldbl IS SET TO 0.01

is only composed of 2-D convolution. The VQ-VAE on this
baseline is trained on a single frame, so it does not explicitly
learn spatiotemporal representations. Methodologically, the
input protocol of VQ-VAE is similar to that of VQ-FIGAN
in LDMVFI. LD4SFIVQ-STVAE indicates the LD4SFI with the
VQ-STVAE presented in Section IV-B. Based on those two
baselines, we have established eight variations depending on
the key components, which are the conditioning using xd and
the DBL. About the LD4SFIVQ-STVAE, LD4SFIVQ-STVAE+xd ,
and LD4SFIVQ-STVAE−xd define LD4SFI with or without the
conditioning using xd, respectively. This notation is also used
to indicate the presence or absence of DBL. The same notation
approach is used to denote the variation of LD4SFIVQ-VAE.

By conducting experiments using those eight models, we
aim to prove that learning explicit spatiotemporal representa-
tions with VQ-STVAE, feature fusion with xd, and training
with Ldbl can improve VFI performance. Additionally, we
conduct the ablation study for Ldbl. In this ablation study, we
additionally try to show the sensitivity of Ldbl for the VFI
performance on LD4SFI by training multiple LD4SFI models
with various settings of the balancing weight λdbl for Ldbl.
The performances are quantitatively evaluated using LPIPS,
PSNR, SSIM, FloLPIPS, and FID.

1) Performances Depending on the Dbl: Introducing the
DBL loss (Ldbl) consistently improves reconstruction fidelity
and temporal consistency across datasets compared with iden-
tical settings without DBL. Table I represents the results
of a comprehensive ablation study, which describes the per-
formance of the LD4SFI with respect to the usage of the
disparity map and the DBL. Relative to LD4SFIVQ-STVAE−xd ,
adding DBL improves VFI performances. In UCF-101, PSNR
is improved from 32.507 to 34.063, and SSIM is improved
from 0.945 to 0.960. LPIPS is also improved from 0.035 to
0.025. Crucially, temporal consistency and perceptual quality
are similarly enhanced, with FloLPIPS decreasing from 0.035
to 0.032 and FID reducing from 25.781 to 21.107; similar
gains appear on DAVIS and the SNU-FILM-Average splits.

Incorporating disparity-feature fusion (+xd) further elevates
performance: LD4SFIVQ-STVAE+xd already attains strong results
on UCF-101. It produces 0.020 LPIPS, 35.520 PSNR, 0.971
SSIM, 0.033 FloLPIPS, and 21.096 FID. Coupling it with
DBL yields the best overall scores on UCF-101 and DAVIS.
In UCF-101, it achieves 0.016 LPIPS, 36.219 PSNR, 0.974
SSIM, 0.031 FloLPIPS, and 20.105 FID. In the DAVIS
dataset, it produces 0.072 LPIPS, 30.261 PSNR, 0.912 SSIM,
0.108 FloLPIPS, and 8.037 FID. On SNU-FILM-Average,

TABLE II
VFI PERFORMANCES DEPENDING ON THE BALANCING WEIGHT λdbl FOR
Ldbl ON THE UCF-101 DATASET AND THE DAVIS DATASET. THE

BASELINE MODEL IS THE LD4SFI TRAINED WITH DISPARITY
MAP (I.E., LD4SFIVQ-STVAE+xD ). THE FIRST-RANKED AND

SECOND-RANKED PERFORMANCES ARE HIGHLIGHTED IN
ORANGE AND YELLOW, RESPECTIVELY

LD4SFIVQ-STVAE+xd+Ldbl achieves the highest performance
in most evaluation metrics, recording 0.036 LPIPS, 33.319
PSNR, 0.949 SSIM, 0.076 FloLPIPS, and 15.862 FID. These
results indicate that DBL and disparity-feature fusion are
complementary: DBL primarily boosts spatial fidelity whilst
simultaneously improving temporal coherence and perceptual
realism, and disparity features provide a stronger representa-
tional substrate on which DBL can operate.

Table II shows that the sensitivity of VFI performances
depends on the balancing weight λdbl for the DBL loss Ldbl.
The sensitivity study in Table II shows a broad optimum for
λdbl in the 10−2 − 10−1 range. On UCF-101, the best PSNR
(36.301) occurs at λdbl = 0.005, the best SSIM (0.974) at
(0.01), and the best LPIPS (0.016) at (0.01) and (0.1). On
DAVIS, the best LPIPS (0.071) is at (0.001), whereas the
best PSNR (30.261) is at (0.01) and the best SSIM (0.913)
at (0.1). In practice, λdbl = 0.01 delivers a balanced trade-
off across datasets. We set this value for further comparison
with the existing state-of-the-art (SOTA) methods. Overall,
the weakest variant is LD4SFIVQ-STVAE−xd , confirming that
removing both DBL and feature fusion limits quality. DBL
alone yields sizeable gains; combining DBL with disparity-
feature fusion delivers the strongest performance, establishing
clear improvements across spatial fidelity, perceptual quality,
and temporal efficiency.

2) VQ-STVAE and Conditional LDM With xd: To isolate
the structural advantages of explicit spatiotemporal modeling,
we first evaluate the transition from a purely spatial 2D
encoder (LD4SFIVQ-VAE) to the proposed 3D-convolutional
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TABLE III
QUANTITATIVE COMPARISON RESULTS ON UCF-101 AND DAVIS DATASETS. THE LOWER (↓) LPIPS, FLOLPIPS, AND FID, AND THE

HIGHER (↑) PSNR AND SSIM INDICATE BETTER PERFORMANCE. THE BEST PERFORMANCE IS HIGHLIGHTED
IN ORANGE. THE SYMBOL “-” DENOTES THAT THE PERFORMANCES ARE NOT PROVIDED

architecture (LD4SFIVQ-STVAE). As delineated in Table I,
replacing the standard VQ-VAE with the VQ-STVAE yields
consistent improvements across all datasets, confirming that
native spatiotemporal representation learning is highly bene-
ficial for VFI, particularly concerning temporal consistency.
For instance, in the absence of disparity conditioning and
DBL, LD4SFIVQ-STVAE−xd achieves a PSNR of 32.507, an
SSIM of 0.945, and a FloLPIPS of 0.035 on the UCF-
101 dataset, outperforming the LD4SFIVQ-VAE−xd baseline,
which records a PSNR of 31.831, an SSIM of 0.935, and a
FloLPIPS of 0.041. This structural advantage becomes partic-
ularly pronounced under severe spatial displacement. On the
challenging SNU-FILM-Average benchmark, the VQ-STVAE
variant improves the PSNR from 25.988 to 29.944, the SSIM
from 0.892 to 0.922, and reduces the FloLPIPS from 0.186
to 0.102. These empirical results suggest that integrating 3D
convolutional layers effectively mitigates the spatial bottleneck
inherent in 2D encodings, thereby reducing structural degra-
dation and enhancing temporal stability in complex motion
sequences.

Furthermore, the ablation results substantiate the efficacy
of deterministic disparity map conditioning (xd) in guiding
the generative process. By employing CCSA to dynamically
gate the diffusion U-Net, the model can efficiently allocate
representational capacity to localized regions of motion. When
applied to the standard VQ-VAE baseline, disparity condi-
tioning (LD4SFIVQ-VAE+xd ) marginally increases the PSNR
from 31.831 to 32.032 on UCF-101. However, when fused
with the explicit spatiotemporal encodings of the VQ-STVAE,
the performance gains are substantially amplified. Specifi-
cally, comparing LD4SFIVQ-STVAE−xd with LD4SFIVQ-STVAE+xd

reveals a significant enhancement on the UCF-101 dataset,
with the PSNR elevating from 32.507 to 35.520, the LPIPS
decreasing from 0.035 to 0.020, and the FID improving
from 25.781 to 21.096. Similar trends are observed on the
DAVIS dataset, where the introduction of xd into the VQ-
STVAE architecture increases the PSNR by 1.655 dB (from
27.753 to 29.408) and decreases FloLPIPS from 0.155 to
0.111, confirming that disparity-guided attention synergizes
with robust native spatiotemporal features to yield temporally
coherent outputs.

Consequently, the complete architecture integrates 3-D
convolution-based VQ-STVAE, disparity map conditioning,
and the geometric temporal regularization provided by the
disparity balancing loss (Ldbl). The empirical data confirm
that these components function harmoniously to enforce spa-
tial fidelity, perceptual realism, and temporal coherence. The
fully configured model, LD4SFIVQ-STVAE+xd+Ldbl , converges
to achieve the optimal performance across all evaluated
metrics. On the UCF-101 dataset, it records 0.016 LPIPS,
36.219 PSNR, 0.974 SSIM, 0.031 FloLPIPS, and 20.105 FID.
Moreover, it demonstrates exceptional robustness on the SNU-
FILM-Average dataset, retaining high structural integrity and
temporal continuity (LPIPS: 0.036, PSNR: 33.319, SSIM:
0.949, FloLPIPS: 0.076, FID: 15.862). Consequently, the
ablation study firmly demonstrates that the architectural syn-
thesis of a unified spatiotemporal representation and targeted
disparity gating constitutes a highly advantageous framework
for diffusion-based VFI.

D. Comparison With Existing SOTA Methods
We evaluate the quantitative and qualitative performance

of LD4SFI in VFI against an extensive selection of SOTA
methods. This comparative analysis includes BMBC [3],
AdaCoF [9], CDFI [61], XVFI [17], ABME [62], IFRNet
[2], ST-MFNet [1], FLAVR [63], VFIformer [4], LDMVFI
[5], MADIFF [25], VFIMamba [34], LC-Mamba [35], TLB-
VFI [26], and UPR-Net [64]. Tables III and IV detail the
quantitative outcomes across the UCF-101 and DAVIS datasets
and the SNU-FILM benchmarks, respectively. We refer to
qualitative results reported in MADIFF [25] and TLB-VFI
[26]. Following standard evaluation protocols, the “Easy”
subset of the SNU-FILM dataset is omitted, as predictive
accuracy across modern architectures on this split has largely
saturated.

An assessment of the quantitative metrics indicates that
LD4SFI yields favorable outcomes compared to contempo-
rary deterministic and state-space baselines. On the UCF-101
dataset, highly efficient architectures such as VFIMamba and
UPR-Net achieve competitive PSNRs of 35.454 and 35.470,
respectively. LD4SFI records a PSNR of 36.219, an SSIM
of 0.974, and an LPIPS of 0.016 under the same conditions.
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TABLE IV

QUANTITATIVE COMPARISON RESULTS ON SNU-FILM DATASETS. THE BEST PERFORMANCE IS HIGHLIGHTED
IN ORANGE. THE SYMBOL “-” DENOTES THAT THE PERFORMANCES ARE NOT PROVIDED

Furthermore, LD4SFI establishes strong perceptual fidelity
and temporal efficiency, achieving an FID of 20.105 and a
FloLPIPS of 0.031. This performance differential is similarly
observed on the DAVIS benchmark, where LD4SFI achieves
an LPIPS of 0.072, a PSNR of 30.261, an FID of 8.037, and a
FloLPIPS of 0.108. This suggests that the latent diffusion prior,
when supported by a robust architectural backbone, aids in
the preservation of high-frequency spatial details and temporal
consistency across diverse video sequences.

When evaluating against recent latent diffusion-based frame-
works, the structural differences in representation learning
become more apparent. On the DAVIS dataset, LDMVFI and
MADIFF record PSNRs of 25.541 and 26.069, alongside FIDs
of 12.554 and 11.089, respectively, whereas LD4SFI achieves
a PSNR of 30.261 and an FID of 8.037. In terms of temporal
efficiency, LDMVFI and MADIFF yield FloLPIPS values
of 0.153 and 0.142, compared to 0.108 for LD4SFI. This
measurable gap can be linked to the underlying spatiotem-
poral encoding strategies. LDMVFI relies upon independent
2-D spatial encodings and the indirect concatenation of
latent features, which may constrain its capacity to explicitly
model temporal continuity. While MADIFF leverages aux-
iliary motion flow to address temporal dynamics, its core
autoencoder operates primarily on static spatial frames. In
contrast, the proposed architecture intrinsically couples these
dimensions. By contrast, LD4SFI employs a vector-quantized
spatiotemporal variational autoencoder (VQ-STVAE) inte-
grated with 3-D convolutional layers. This configuration
intrinsically couples spatial and temporal dimensions into
a unified latent representation, which provides the diffusion
U-Net with a more temporally coherent prior without neces-
sitating computationally intensive external motion estimators.

Furthermore, LD4SFI demonstrates distinct representational
strategies when compared to other advanced temporal diffusion
formulations. For example, TLB-VFI utilizes a temporal-aware
autoencoder mapped via a deterministic Brownian Bridge,
yielding an LPIPS of 0.086, a PSNR of 26.272, an FID
of 8.299, and a FloLPIPS of 0.126 on DAVIS. Rather than
relying on deterministic temporal mapping, LD4SFI dynam-
ically gates the denoising U-Net through a CCSA module
conditioned on a disparity map. This explicit conditioning

TABLE V

EXECUTION SPEED OF THE PROPOSED LD4SFI AND OTHER METHODS
[1], [3], [4], [5], [25]. EXECUTION SPEEDS (A.K.A. FPS) OF OTHER

METHODS ARE REFERRED TO FROM MADIFF [25]. THOSE EXE-
CUTION SPEEDS ARE MEASURED BY USING A SINGLE V100

mechanism allows the network to allocate representational
capacity specifically to localized regions exhibiting interframe
motion.

The practical effects of these architectural choices are most
observable under the severe motion magnitudes present in the
SNU-FILM dataset. As temporal displacement increases from
the “Medium” to “Extreme” splits, unconstrained generative
models frequently encounter structural degradation and tem-
porally unstable hallucinations. On the SNU-FILM-Extreme
split, LDMVFI and MADIFF produce PSNRs of 23.934
and 24.150, alongside FloLPIPS scores of 0.204 and 0.198,
respectively. Recent recurrent and state-space architectures
like UPR-Net and VFIMamba similarly experience reductions,
recording PSNRs of 25.634 and 25.792. Under these challeng-
ing conditions, LD4SFI retains a relatively higher degree of
structural integrity and temporal stability, achieving an LPIPS
of 0.051, a PSNR of 28.604, an SSIM of 0.905, an FID of
26.504, and a FloLPIPS of 0.120. This sustained accuracy
in high-motion regimes underscores the robustness of the
combined VQ-STVAE and CCSA architecture. By anchoring
the generative process in explicitly coupled spatiotemporal
features and dynamically attending to structural disparity,
the framework effectively mitigates sequence jitter and main-
tains temporal coherence, even when interframe dynamics are
highly complex.

The qualitative results further demonstrate LD4SFI’s highly
competitive perceptual quality compared to the listed SOTA
methods. As shown in Fig. 4, the interpolated frames generated
by LD4SFI exhibit significantly more detailed information
than those produced by other methods, particularly in areas
requiring fine-grained detail (e.g., facial expressions of moving
individuals or object textures). Additionally, Fig. 5 explains
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Fig. 4. Visual examples of frames interpolated by the SOTA methods [1], [2], [3], [5] and the proposed LD4SFI. Under large and complex motions, LD4SFI
preserves thin structures and textures with good temporal consistency.

that LD4SFI’s results are more robust to extreme and complex
motion dynamics. Compared with the results of other methods
[1], [2], [3], [5], the interpolated frames generated by LD4SFI
contain more high-frequency components, such as feather pat-
terns or water droplets, in scenes where a bird flaps its wings
or a dog shakes off water. Table V summarizes the frames per
second (FPS) for representative SOTA methods [1], [3], [4],
[5], [25] using the figures collated by Huang et al. [25]. Among
the nondiffusion baselines, STMF-Net [1] attains the highest

throughput at 3.84 FPS. Diffusion-based approaches, including
our LD4SFI, are markedly slower; LD4SFI processes at 0.08
FPS, whereas LDMVFI and MADIFF achieve 0.06 and 0.02
FPS, respectively. This gap is expected: DMs require iterative
denoising, which imposes substantial computational overhead
compared with some of the convolutional or transformer-based
architectures [1], [3], [4].

Despite this inherent disadvantage, LD4SFI is faster than
LDMVFI/MADIFF under the same number of steps. We
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Fig. 5. VFI results of the proposed LD4SFI and other methods [1], [2], [3], [5]. The LD4SFI reproduces high-frequency details and considers motion blurs
more naturally. Those results are an extended version of the Fig. 1.

attribute this to two design choices: First, a lightweight 3-D-
convolutional stem that learns spatiotemporal features directly
from short frame windows, avoiding separate per-frame
encodings and late fusion as in LDMVFI; and second, the
omission of auxiliary motion-estimation components—such
as the image-to-event generator used by MADIFF—which
increase both parameter count and memory traffic. Together,
these choices reduce encoder redundancy and eliminate the

need for additional motion-extraction passes, yielding a more
favorable speed–quality trade-off without major architectural
modifications.

In conclusion, LD4SFI is the leading method in this quanti-
tative and qualitative comparison, consistently achieving lower
LPIPS and higher PSNR and SSIM values across all datasets.
This demonstrates its superior ability to produce high-quality
video interpolations.
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Fig. 6. Example results showing the limitations of LD4SFI. This video frames show dandelion seeds fluttering in the wind. It contains tiny movements of a
slightly transparent object. The marked areas using the red-colored box highlight that the LD4SFI has failed to predict detailed visual information as suitable
interpolation frames.

VI. CONCLUSION AND DISCUSSION

We introduced LD4SFI, a latent-diffusion framework for
VFI that leverages a VQ-STVAE backbone, disparity-guided
conditioning, and a simple DBL. Across standard benchmarks
(UCF-101, DAVIS, and SNU-FILM), LD4SFI delivers com-
petitive or improved accuracy relative to recent diffusion-based
baselines, with robust results on UCF-101 and DAVIS, while
achieving the highest measured throughput among the DMs
evaluated on a single V100 in our setup. The proposed method
produces 0.974 SSIM, 36.219 PSNR, and 0.016 LPIPS on the
UCF-101 dataset and similarly strong results on the DAVIS
dataset. On SNU-FILM, differences in LPIPS are small and, in
some cases, comparable to strong baselines. Ablation studies
with respect to DBL, disparity conditioning, and a sensitivity
analysis over λdbl indicate that both the disparity signal and
DBL contribute to quality and temporal smoothness within a
reasonable range of weights.

While LD4SFI represents a significant step forward in
diffusion-based VFI, we acknowledge certain limitations. Like
other diffusion methods, LD4SFI remains far from real-time
due to iterative sampling. Furthermore, while disparity-based
conditioning improves performance, its current formulation
remains relatively simplistic in handling highly nonlinear
or extremely tiny motion dynamics. The disparity map is
insufficient to describe motion dynamics in those situations;
therefore, LD4SFI performance will degrade. Fig. 6 shows
VFI results on tiny motion dynamics, in which the wind
shakes a flower. Since the motion is very small, the disparity
map cannot represent motion between two neighboring frames,
so the VFI results do not contain enough detail. However,
these limitations also highlight promising research directions.
Future work will focus on developing more efficient infer-
ence strategies for diffusion-based VFI, including accelerated
sampling techniques and adaptive conditioning mechanisms.
Additionally, we will focus on developing cost-effective but
enhanced motion representation.
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