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Abstract

Video Frame Interpolation (VFI) is critical for generating smooth slow-motion and increasing video
frame rates, yet it faces significant challenges in achieving high fidelity, accurate motion modeling, and
robust spatiotemporal consistency, particularly for large displacements and occlusions. This paper in-
troduces TemporalFlowDiffuser (TFD), a novel end-to-end latent space diffusion Transformer designed
to overcome these limitations with exceptional efficiency and quality. TFD employs a lightweight Video
Autoencoder to compress frames into a low-dimensional latent space. A Spatiotemporal Transformer
models complex spatiotemporal dependencies and motion patterns, augmented by auxiliary latent
optical flow features. Leveraging Flow Matching as its diffusion scheduler, TFD achieves high-quality
frame generation with remarkably few denoising steps, making it highly suitable for real-time ap-
plications. Our extensive experiments on a challenging high-motion dataset demonstrate that TFD
significantly outperforms state-of-the-art methods like RIFE across metrics such as PSNR, SSIM, and
VFID, showcasing superior visual quality, structural similarity, and spatiotemporal consistency. Fur-
thermore, human evaluation confirms TFD’s enhanced perceptual realism and temporal smoothness,
validating its efficacy in generating visually compelling and coherent video content.
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1. Introduction
Video Frame Interpolation (VFI) is a fundamental task in computer vision, aiming to synthesize

realistic intermediate frames Ft+δ given two consecutive video frames Ft and Ft+1 (where 0 < δ < 1)
[1]. The primary goal is to increase the effective frame rate of a video or generate smooth slow-motion
effects. This capability is crucial for numerous applications, including high-quality slow-motion video
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generation [2], seamless frame rate conversion for different display devices or transmission protocols
[3], and enhancing video stabilization by smoothing jerky movements.

Figure 1. This figure illustrates the motivation for our work, showing how TemporalFlowDiffuser (TFD) overcomes
the challenges of traditional methods—like motion blur and artifacts—to produce clear and smooth interpolated
frames.

Despite significant advancements, VFI still faces several inherent challenges. Firstly, synthesizing
intermediate frames requires high fidelity and fine-grained detail preservation to avoid artifacts,
blurring, or unrealistic content [3]. Secondly, accurately modeling complex, rapid, and non-linear
motion within video sequences is paramount. Misestimating motion can lead to noticeable visual
artifacts. The development of robust decision-making frameworks for dynamic and interactive
scenarios, particularly in fields like autonomous driving, benefits from and informs advancements in
motion prediction and understanding [4–6]. Thirdly and most critically, maintaining spatiotemporal
consistency is a significant hurdle. Generated intermediate frames must not only align spatially with
their neighbors but also ensure a fluid and continuous temporal evolution, preventing temporal
flickering or "jumping" sensations [7]. Many existing methods often struggle with large displacements
or occluded regions, resulting in temporal inconsistencies that degrade the overall viewing experience.
These limitations underscore the need for more robust and efficient VFI approaches that can generate
highly realistic and spatiotemporally coherent video content.

In this paper, we propose TemporalFlowDiffuser (TFD), a novel approach designed to overcome
these challenges by leveraging an efficient latent space diffusion Transformer architecture. Our method
achieves high-quality and spatiotemporally consistent video frame interpolation with remarkable
efficiency. TFD operates within an end-to-end latent space diffusion framework, where input frames
are initially encoded into a low-dimensional latent space using a lightweight Video Autoencoder
(VAE). This significantly reduces computational complexity while preserving essential spatiotemporal
information. The core of TFD is a tailored Spatiotemporal Transformer (ST-Transformer), which
processes latent representations, interpolated time encodings, and predicted latent optical flow features.
This 20-layer, 12-head attention Transformer with a hidden dimension of 64 is specifically designed to
capture complex spatiotemporal dependencies and motion patterns within the latent space. To further
enhance efficiency and adaptability of such complex multi-modal architectures, especially during
fine-tuning, approaches like heterogeneous Mixture-of-Experts (MoE) adapters can be highly beneficial
[8]. Such sophisticated model design often benefits from advanced training paradigms, including
reinforcement learning, which has shown promise in enhancing complex generative models like Code
LLMs [9]. Furthermore, TFD employs Flow Matching as its diffusion scheduler, enabling high-quality
image generation with an exceptionally small number of denoising steps (e.g., 4 or 8 steps), which is
critical for real-time applications. The denoised latent representations are then decoded by the VAE
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to reconstruct high-resolution interpolated frames, incorporating dynamic motion compensation to
ensure smoothness and detail integrity.

For experimental validation, TFD was initially pretrained on low-resolution (240p) video datasets
to learn general motion patterns and then finetuned on large-scale high-resolution (720p) video
datasets, including a curated subset of Vimeo90K [10], to refine details and enhance image quality.
This training strategy aligns with the principle of achieving strong generalization from weaker initial
models, a concept explored in various large model contexts [11]. For quantitative evaluation, we
utilized a custom test set, named “High-Motion-720p-60”, which comprises 60 diverse 720p short
videos featuring complex motions and rich textures, designed to rigorously assess VFI algorithms
under challenging conditions. Our method was evaluated against RIFE (Real-time Intermediate Flow
Estimation) [12], a state-of-the-art VFI method, using standard metrics such as Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity Index Measure (SSIM), and Video Fidelity (VFID). Our experi-
mental results demonstrate that TFD significantly outperforms RIFE across all metrics. Specifically,
TFD achieves PSNRs of 33.85 and 33.91, SSIMs of 0.9658 and 0.9665, and VFIDs of 0.142 and 0.128
with 4 and 8 denoising steps, respectively, showcasing superior visual quality, structural similarity,
and spatiotemporal consistency compared to RIFE’s 33.52 PSNR, 0.9631 SSIM, and 0.175 VFID. The
improvements, particularly the notable reduction in VFID, highlight TFD’s ability to generate more
perceptually realistic and temporally coherent videos, even with minimal denoising steps.

Our main contributions can be summarized as follows:

• We introduce TemporalFlowDiffuser (TFD), a novel end-to-end latent space diffusion framework
for video frame interpolation, effectively reducing computational complexity while preserving
crucial spatiotemporal information.

• We propose a lightweight Spatiotemporal Transformer (ST-Transformer) integrated with Flow
Matching for efficient diffusion scheduling, enabling the generation of high-quality interpolated
frames with exceptionally few denoising steps (e.g., 4 or 8).

• TFD achieves superior quantitative and qualitative performance over existing state-of-the-art
methods like RIFE, particularly in challenging scenarios involving complex motions and occlu-
sions, demonstrating enhanced visual quality, structural similarity, and spatiotemporal consis-
tency.

2. Related Work
2.1. Video Frame Interpolation Methods

Video Frame Interpolation (VFI) synthesizes intermediate frames to enhance frame rate, enable
slow-motion, or aid video compression, requiring accurate motion estimation and robust pixel syn-
thesis with visual-temporal consistency. VFI leverages video understanding, vision-language models
(VLMs), and deep learning. Optical flow relies on precise motion understanding, akin to fine-grained
action analysis in VLM for Video Question Answering [13]. Motion compensation draws from visual
in-context learning for VLMs [14] and relation-aware networks for temporal language grounding [7].
Frame synthesis uses sophisticated interpolation, with cubic embedding layers relevant to smooth
pixel generation [1]. Modern VFI integrates deep learning architectures, like Motion-Appearance
Synergistic Networks [15] for visual cue integration, and considers Transformer behavior regarding
sequence length and overfitting for stability [16].

Beyond general video understanding, specific techniques inform VFI: video object segmentation
(dynamic memory [17,18], open-vocabulary methods [19]) aids artifact-free interpolation by maintain-
ing object identity; efficient segmentation with edge detection [20] emphasizes robust feature extraction;
and personalized combat video generation [21] informs handling of high-motion content. Consistency
is paramount: "thread of thought" in LMs [22], story coherence [23], and factual consistency [24]
provide analogies for VFI’s temporal and spatiotemporal coherence. Efficient data processing [25]
guides real-time optimization, while multilingual multimodal pre-training [26] enhances contextual
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realism. Question answering and semantic matching (structured contrastive learning [27], dual path
modeling [28,29]) offer insights for scene understanding and VFI quality.

The broader AI and deep learning landscape further enriches VFI. Advancements in large lan-
guage models (LLMs) [30,31] and knowledge transfer [32] provide foundational methodologies. Robust
feature extraction and weakly supervised learning (e.g., face anti-spoofing [33]) improve VFI robustness.
Robust evaluation [34] informs rigorous assessment. General deep learning architectures like LSTMs
for time-series prediction [35,36] inform temporal dependency modeling. The need for real-time per-
formance and adaptability is common across AI applications, from logistics [37] to threat identification
[38] and power grids [39]. Understanding uncertainty (Bayesian networks [40]) is crucial for handling
unpredictable motion. High-fidelity imaging and super-resolution techniques (microscopy [41–43])
share goals of detail enhancement. Methodologies for data analysis and causal inference (biomarkers
[44–46]) highlight data-driven approaches, while principles from electrical machine control [47,48]
resonate with dynamic system modeling. In summary, VFI draws extensively from diverse computer
vision and deep learning domains, advancing motion understanding, architectural design, consistency,
and real-time performance.

2.2. Diffusion Models for Generative Video and Image Synthesis

Diffusion models (Denoising Diffusion Probabilistic Models (DDPMs) [49]) have transformed
generative AI, synthesizing high-quality, diverse content across modalities. They adapt to NLP
tasks like Named Entity Recognition [50] and text generation [51]. For image and video synthesis,
Latent Diffusion Models (LDMs) [52] reduce computation by operating in latent space. Efficacy often
stems from conditional generation, fundamental to multi-modal frameworks like Video-LLaMA [3].
Text-to-image generation benefits from datasets [53] and controllable personalization [54]. Diffusion
models also apply to perception and robotics, e.g., hybrid perception [55]. Architectural improvements
like MoE adapters [8] are crucial. Despite progress, a ’static appearance bias’ in video datasets [56]
challenges temporal modeling for generative video.

3. Method
In this section, we present TemporalFlowDiffuser (TFD), our novel approach for high-quality and

spatiotemporally consistent video frame interpolation. TFD leverages an efficient latent space diffusion
Transformer architecture, specifically designed to overcome the limitations of existing methods by
accurately modeling complex motion and ensuring temporal coherence with remarkable efficiency.
Our method operates in an end-to-end fashion, from raw input frames to the final interpolated output,
delivering superior visual quality and motion accuracy.

Figure 2. The overall architecture of the TemporalFlowDiffuser (TFD) model, illustrating the end-to-end pipeline
for video frame interpolation.
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3.1. Overall Architecture

The core of TFD is an end-to-end latent space diffusion framework. Given two consecutive
input video frames, Ft and Ft+1, our objective is to synthesize an intermediate frame Ft+δ, where
0 < δ < 1. This is achieved through a multi-stage process that prioritizes computational efficiency and
spatiotemporal fidelity.

Firstly, we employ a lightweight Video Autoencoder (VAE) to compress the high-dimensional
input frames into a compact, low-dimensional latent space. This process yields latent representations
Lt and Lt+1, which significantly reduces computational complexity for subsequent operations while
retaining critical spatiotemporal information.

Next, these latent representations Lt and Lt+1, along with an encoded interpolation time parameter
δ and auxiliary latent optical flow features, are fed into our specially designed Spatiotemporal Trans-
former (ST-Transformer). This powerful module is responsible for modeling complex spatiotemporal
dependencies and intricate motion patterns entirely within the latent domain.

Finally, the denoised latent representation, L′
t+δ, guided by dynamic motion compensation, is

transformed back into the pixel space by the VAE’s decoder, generating the high-resolution interpolated
frame Ft+δ. The overall process can be summarized by the following sequence of operations:

Lt, Lt+1 = VAE_Encoder(Ft, Ft+1) (1)

L′
t+δ = ST-Transformer(Lt, Lt+1, Enc(δ), FlowFeatures) (2)

Ft+δ = VAE_Decoder(L′
t+δ, MotionCompensation) (3)

Here, Enc(δ) denotes the encoding of the interpolation time δ into a high-dimensional positional em-
bedding vector, and FlowFeatures are auxiliary latent optical flow features predicted by an integrated
lightweight flow estimation network.

3.2. Video Autoencoder (VAE)

Our TFD framework integrates a lightweight yet highly effective Video Autoencoder (VAE) specif-
ically optimized for video data compression and reconstruction. The VAE serves two fundamental
purposes within our architecture: encoding and decoding.

For encoding, the VAE maps high-resolution input video frames Ft and Ft+1 into a compact,
low-dimensional latent space. This transformation yields the latent representations Lt and Lt+1, which
significantly reduces the computational burden for subsequent processing steps, enabling efficient
handling of high-resolution video. Crucially, this encoding process is designed to preserve essential
content and motion information vital for accurate interpolation. Mathematically, this encoding process
is described by:

(Lt, Lt+1) = VAE_Encoder(Ft, Ft+1) (4)

Secondly, for decoding, after the ST-Transformer processes and refines these latent representations into
L′

t+δ, the VAE’s decoder reconstructs the final high-resolution intermediate frame Ft+δ. The decoder,
denoted as VAE_Decoder, is meticulously designed to accurately reconstruct fine visual details and
ensure smooth motion integration, as illustrated in Equation 3. The lightweight architecture of our
VAE ensures minimal computational overhead while maintaining high fidelity throughout both the
encoding and decoding stages, which is critical for real-time applications.

3.3. Spatiotemporal Transformer (ST-Transformer)

At the core of our interpolation engine is the Spatiotemporal Transformer (ST-Transformer).
This module is meticulously designed to capture intricate spatiotemporal dependencies and complex
motion patterns within the compressed latent space.

The inputs to the ST-Transformer are constructed from several distinct components. It begins with
the latent representations Lt and Lt+1 obtained from the VAE encoder, which provide the foundational
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visual information. Alongside these, a positional embedding of the interpolation time δ is included.
This embedding is a high-dimensional vector derived using a sinusoidal function, similar to those
employed in standard Transformer architectures, explicitly informing the model about the precise
temporal position of the target intermediate frame Ft+δ. Furthermore, auxiliary latent optical flow
features, generated by a lightweight accompanying network, provide explicit motion cues, guiding the
transformer towards accurate motion understanding and compensation.

These diverse inputs are initially prepared by flattening them into a unified sequence of tokens.
For instance, the 3D latent feature maps (e.g., C × H × W) are reshaped into a 2D sequence of tokens
(N × C′), where N = H × W represents the spatial dimensions. The encoded interpolation time δ and
the flow features are then concatenated or added to these latent tokens, forming the comprehensive
input token sequence Xtoken. This process is formalized as:

Xtoken = Flatten(Concatenate(Lt, Lt+1, PositionalEmbed(δ), FlowFeatures)) (5)

Our ST-Transformer comprises 20 stacked layers, each incorporating 12 attention heads and operating
with a hidden dimension of 64. This multi-layered, multi-head self-attention mechanism is instrumental
in enabling the model to effectively attend to different parts of the latent representations across both
spatial and temporal dimensions. This allows for the learning of long-range dependencies and
the synthesis of temporally consistent intermediate frames, even in challenging scenarios involving
large displacements, occlusions, or complex non-linear motions. Each layer integrates self-attention
to process information globally within the token sequence, followed by a feed-forward network,
enhancing the model’s capacity to learn robust spatiotemporal features.

3.4. Efficient Diffusion Process with Flow Matching

TFD employs Flow Matching as its diffusion scheduler, a sophisticated technique designed to
significantly enhance the efficiency and stability of the diffusion process compared to traditional
score-based models or Denoising Diffusion Probabilistic Models (DDPMs). Unlike iterative noise
removal methods, Flow Matching learns to directly model a continuous-time vector field that smoothly
transports a simple prior noise distribution (e.g., Gaussian noise) to the complex target data distribution
of the intermediate latent frames. This approach enables the generation of high-quality images and
videos with an exceptionally small number of denoising steps.

In our framework, the ST-Transformer serves as the core component for learning this conditional
vector field. During the training phase, the ST-Transformer learns to predict the continuous-time vector
field vt that, when integrated, transforms a noisy latent sample zt towards a clean target latent L′

t+δ.
This prediction is conditioned on the initial latent frames (Lt, Lt+1), the encoded interpolation time
(δ), and the auxiliary latent optical flow features. This can be conceptually understood as learning the
function:

vt(zt, condition, t) = ST-Transformer(zt, condition, t) (6)

where zt is the noisy latent representation at time t along the flow, and condition = (Lt, Lt+1,
Enc(δ), FlowFeatures). The model is trained to minimize the difference between its prediction and an
expertly designed target vector field.

During inference, starting from a random noise sample z0, the denoised latent representation
L′

t+δ is obtained by solving the ordinary differential equation (ODE) dz
dt = vt(z, condition, t) using a

numerical ODE solver for a small, fixed number of steps. This allows for significantly faster generation
than traditional diffusion models. Specifically, we demonstrate that TFD can achieve superior results
with as few as 4 or 8 denoising steps, a significant advantage for real-time applications where rapid
inference is paramount. This discrete approximation of the continuous flow allows for efficient and
high-fidelity generation.
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3.5. Dynamic Motion Compensation and Decoding

Following the ST-Transformer’s processing and denoising of the latent representation, which
yields L′

t+δ, this refined latent feature map undergoes an essential enhancement step: dynamic motion
compensation. This phase is paramount for guaranteeing that the reconstructed high-resolution
frame Ft+δ not only exhibits high visual fidelity but also maintains impeccably smooth and accurate
motion trajectories. The motion information, both implicitly learned by the ST-Transformer through
its spatiotemporal attention and explicitly supplied by the auxiliary latent optical flow features, is
strategically leveraged to guide the upsampling process within the VAE’s decoder.

Specifically, motion compensation techniques, such as adaptive warping or spatially-variant
convolution kernels, are applied to L′

t+δ prior to or within the final stages of decoding. This ensures
precise alignment and seamless blending of features based on the predicted intermediate motion.

The VAE’s decoder then meticulously reconstructs the high-resolution interpolated frame Ft+δ

from the motion-compensated L′
t+δ. Our VAE decoder is specifically optimized during joint training

to preserve both motion smoothness and intricate detail integrity. This comprehensive optimization
prevents common artifacts in video frame interpolation, such as ghosting, temporal flickering, or
blurring, which often arise from inadequate motion handling. The end-to-end design of TFD ensures
that all constituent components – the VAE encoder/decoder, the ST-Transformer, and the auxiliary
flow estimation network – are jointly optimized. This synergistic training approach leads to marked
improvements in the overall performance of TFD, delivering robust and visually compelling video
frame interpolation.

4. Experiments
In this section, we detail the experimental setup, present quantitative comparisons of our Tem-

poralFlowDiffuser (TFD) with state-of-the-art methods, perform an analysis of our method’s key
components, and discuss qualitative results.

4.1. Experimental Setup
Datasets

For training, our TFD model employs a two-stage coarse-to-fine strategy. Initially, the model
is pretrained on low-resolution (240p) video datasets for 400,000 iterations to learn general motion
patterns and fundamental spatiotemporal consistency. Subsequently, it is finetuned for an additional
250,000 iterations on large-scale high-resolution (720p) video datasets, including a curated subset of
Vimeo90K [10], to refine detail generation and enhance overall image quality.

For quantitative evaluation, we utilize a custom test set named “High-Motion-720p-60”. This
specialized dataset comprises 60 diverse short videos, each at 720p resolution, featuring complex
motions, occlusions, and rich textures. This dataset is designed to rigorously assess the performance of
video frame interpolation algorithms under challenging real-world conditions. For metric calculations,
video frames from this test set are scaled to a resolution of 432 × 240.

Training Details

Our TFD model is trained from scratch without reliance on any large-scale pretrained video
generation models. The training process employs a batch size of 12, with each training video clip
consisting of three frames: two input frames (Ft, Ft+1) and one target intermediate frame (Ft+δ). We
use the AdamW optimizer with a constant learning rate of 8e-6 throughout the training duration.
The auxiliary network, responsible for predicting latent optical flow features, is initially co-optimized
with the main ST-Transformer during the early stages of training and subsequently fixed to improve
training stability. The entire process is designed end-to-end, ensuring that all components, from the
VAE encoder/decoder to the ST-Transformer and auxiliary flow network, are jointly optimized.
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Evaluation Metrics

To quantitatively assess the performance of our method, we employ three widely recognized
metrics in video frame interpolation:

• Peak Signal-to-Noise Ratio (PSNR) ↑: A common metric for measuring image quality, where
higher values indicate better fidelity.

• Structural Similarity Index Measure (SSIM) ↑: Evaluates the perceptual similarity between
images, considering luminance, contrast, and structure. Higher values signify greater structural
resemblance.

• Video Fidelity (VFID) ↓: A metric specifically designed for video quality assessment, reflecting
perceptual realism and temporal consistency. Lower VFID scores indicate better spatiotemporal
coherence and perceptual quality.

4.2. Quantitative Results

We conducted a comprehensive quantitative comparison of our TFD method against RIFE
(Real-time Intermediate Flow Estimation) [12], a leading state-of-the-art approach in video frame
interpolation. The evaluation was performed on our challenging “High-Motion-720p-60” test set. The
results are summarized in Table 1.

Table 1. Quantitative comparison of TFD against RIFE on the “High-Motion-720p-60” test set. Higher PSNR and
SSIM are better, while lower VFID is better. Our method significantly outperforms RIFE across all metrics.

Method PSNR (↑) SSIM (↑) VFID (↓)

RIFE [12] 33.52 0.9631 0.175
TFD (4 steps) 33.85 0.9658 0.142
TFD (8 steps) 33.91 0.9665 0.128

As shown in Table 1, our TemporalFlowDiffuser (TFD) method consistently surpasses RIFE
across all evaluated metrics. Even with a minimal 4 denoising steps, TFD achieves superior PSNR
(33.85 vs. 33.52), SSIM (0.9658 vs. 0.9631), and notably, a significantly lower VFID (0.142 vs. 0.175).
These results underscore TFD’s ability to generate interpolated frames with higher visual quality,
better structural similarity, and improved spatiotemporal coherence.

Further increasing the denoising steps to 8 leads to additional improvements, with PSNR reaching
33.91, SSIM at 0.9665, and VFID further reduced to 0.128. The substantial decrease in VFID, in particular,
highlights that TFD generates interpolated frames that are perceptually more realistic and temporally
consistent, even with a modest increase in computational cost. This demonstrates the efficiency of
our Flow Matching-based diffusion process and the effectiveness of the ST-Transformer in modeling
complex video dynamics.

4.3. Analysis of Denoising Steps

The efficiency of our TFD approach is largely attributed to its effective integration of Flow
Matching as the diffusion scheduler, which enables high-quality generation with a remarkably small
number of denoising steps. To validate this, we specifically analyzed the impact of varying the number
of denoising steps (4 versus 8) during inference, as presented in Table 1.

Our findings indicate that TFD with just 4 denoising steps already outperforms the baseline
RIFE significantly. This demonstrates the inherent efficiency and powerful representation learning
capabilities of our latent space diffusion framework and ST-Transformer. The ability to achieve
state-of-the-art performance with such a minimal number of steps is crucial for real-time applications
and scenarios requiring rapid inference.

When the denoising steps are increased to 8, a consistent improvement is observed across all
metrics, with VFID showing the most notable reduction from 0.142 to 0.128. This further decrease in
VFID signifies that allowing the diffusion process more steps to refine the latent representation results
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in generated frames that are even closer to the real data distribution, leading to enhanced perceptual
realism and superior temporal consistency. The marginal increases in PSNR and SSIM also confirm the
refinement of visual details and structural integrity. This analysis validates the design choice of Flow
Matching, which offers a flexible trade-off between computational cost and output quality, allowing
users to choose the optimal balance for their specific application needs.

4.4. Ablation Study on Architectural Components

To thoroughly understand the contribution of each key component to the overall performance of
TFD, we conducted an ablation study. We evaluated simplified versions of our model by removing
or replacing critical modules and measured their impact on the interpolation quality. The results are
summarized in Table 2.

Table 2. Ablation study of TFD’s architectural components on the “High-Motion-720p-60” test set. “w/o ST-Trans”
denotes replacing the Spatiotemporal Transformer with a simpler convolutional backbone. “w/o Aux Flow”
indicates removing the auxiliary latent optical flow features. Full TFD is evaluated with 8 denoising steps.

Method PSNR (↑) SSIM (↑) VFID (↓)

TFD (w/o ST-Trans) 32.68 0.9562 0.198
TFD (w/o Aux Flow) 33.15 0.9610 0.165
TFD (Full, 8 steps) 33.91 0.9665 0.128

As shown in Table 2, replacing the Spatiotemporal Transformer (ST-Transformer) with a simpler
convolutional backbone (labeled as “TFD (w/o ST-Trans)”) leads to a significant drop in performance
across all metrics. PSNR decreases to 32.68, SSIM to 0.9562, and VFID markedly increases to 0.198. This
substantiates the critical role of the ST-Transformer in effectively modeling complex spatiotemporal
dependencies and motion patterns within the latent space, which is essential for producing high-quality
and temporally consistent interpolated frames.

Furthermore, removing the auxiliary latent optical flow features (labeled as “TFD (w/o Aux
Flow)”) also results in a notable performance degradation, with PSNR dropping to 33.15, SSIM
to 0.9610, and VFID increasing to 0.165. While the drop is less severe than completely removing
the ST-Transformer, it clearly indicates that these explicit motion cues provide valuable guidance
to the model, enhancing its ability to accurately understand and compensate for motion, thereby
contributing to superior interpolation quality. These results collectively demonstrate that both the
novel ST-Transformer architecture and the integration of auxiliary flow features are indispensable for
the exceptional performance achieved by our full TFD model.

4.5. Computational Efficiency Analysis

Beyond interpolation quality, computational efficiency is a critical factor for practical applications
of video frame interpolation. We evaluated the inference speed (Frames Per Second, FPS) and model
complexity (total parameters and GFLOPs) of TFD in comparison to RIFE. The analysis was conducted
on a single NVIDIA A100 GPU for a standard 432 × 240 resolution input. The results are presented in
Figure 3.

Figure 3 reveals that RIFE, an architecture specifically designed for real-time performance, main-
tains a higher inference speed of 105 FPS with a relatively compact model size of 8.1 million parameters
and low computational cost of 48 GFLOPs.
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Figure 3. Computational efficiency comparison of TFD against RIFE. FPS denotes frames per second (higher is
better). Params (M) are model parameters in millions (lower is better). GFLOPs are Giga Floating Point Operations
(lower is better). Calculations are for interpolating one intermediate frame at 432 × 240 resolution.

Our TFD model, even with its more complex latent space diffusion Transformer architecture,
demonstrates competitive efficiency. With 4 denoising steps, TFD achieves 72 FPS. While this is lower
than RIFE, it is still highly respectable for many applications, especially considering TFD’s superior
quality output as demonstrated in Table 1. The model size of TFD is 15.3 million parameters, which
is larger than RIFE’s, primarily due to the integrated VAE and the ST-Transformer backbone. The
GFLOPs for TFD with 4 steps are 85, indicating a higher computational demand per frame compared
to RIFE, but this cost is offset by the enhanced quality.

When increasing to 8 denoising steps, TFD’s inference speed drops to 41 FPS, and GFLOPs
increase proportionally to 170. This showcases a clear trade-off: higher quality (as seen in the quantita-
tive results) comes with a reduced inference speed due to the increased number of ODE solver steps.
However, the flexibility offered by Flow Matching allows users to select the desired balance between
speed and quality, making TFD suitable for various use cases, from near real-time applications at 4
steps to offline processing requiring the highest fidelity at 8 or more steps.

4.6. Qualitative Results

Beyond quantitative metrics, qualitative (visual) comparisons provide crucial insights into the per-
formance of video frame interpolation methods. Through extensive visual evaluation, TFD consistently
demonstrates superior performance compared to RIFE, especially in challenging scenarios.

Specifically, TFD excels in handling complex motion and occluded regions, where traditional
optical flow-based methods like RIFE often struggle. Our method generates intermediate frames that
are notably clearer, exhibit fewer artifacts (such as ghosting or blurring), and feature more fluid motion
trajectories. This is particularly evident in scenes with fast-moving objects or intricate textures, where
TFD maintains sharp edges and preserves fine details more effectively. The learned spatiotemporal
dependencies within our ST-Transformer, coupled with the robust diffusion process, enable TFD to
synthesize content that seamlessly integrates with the surrounding frames, yielding a more natural
and visually pleasing slow-motion effect or frame rate conversion.
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4.7. Human Evaluation

To further assess the perceptual quality and temporal coherence of the interpolated videos, we
conducted a user study involving 20 participants. In a blind A/B test setup, participants were shown
pairs of short video clips (interpolated by TFD and RIFE) and asked to rate them based on realism and
temporal smoothness on a 5-point Likert scale (1 = Poor, 5 = Excellent). Each participant evaluated
50 randomly selected video pairs from the “High-Motion-720p-60” test set. The mean opinion scores
(MOS) are presented in Figure 4.

The results from the human evaluation clearly indicate a strong preference for videos interpo-
lated by TFD. Participants consistently rated TFD higher than RIFE in both realism and temporal
smoothness. The average MOS for realism increased from 3.42 for RIFE to 4.21 for TFD, while for
temporal smoothness, it improved from 3.51 to 4.38. These findings corroborate our quantitative
results and qualitative observations, highlighting that TFD generates intermediate frames that are
not only quantitatively superior but also perceptually more natural and fluid to human observers,
especially in dynamic and challenging video sequences.

RIFE TFD (8 steps)
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Figure 4. Mean Opinion Scores (MOS) for realism and temporal smoothness from a user study. Scores are on a
5-point Likert scale (1=Poor, 5=Excellent). Higher scores indicate better perceptual quality.

5. Conclusion
In this paper, we presented TemporalFlowDiffuser (TFD), a novel and highly efficient framework

for high-quality video frame interpolation. TFD introduces an end-to-end latent space diffusion Trans-
former, utilizing a lightweight Video Autoencoder and a Spatiotemporal Transformer (ST-Transformer)
enhanced by auxiliary latent optical flow features. Our method employs Flow Matching for efficient
generation, achieving state-of-the-art results with as few as 4 or 8 denoising steps. Comprehensive
experiments on a challenging ’High-Motion-720p-60’ test set demonstrated TFD’s superior perfor-
mance over SOTA method RIFE across all metrics (PSNR, SSIM, VFID), notably improving VFID from
0.175 to 0.128. Qualitative comparisons and human evaluations further confirmed TFD’s ability to
generate clearer, artifact-free frames with more fluid motion. TFD’s outstanding balance between
interpolation quality and computational efficiency positions it as a powerful solution for various

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2025 doi:10.20944/preprints202512.1587.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1587.v1
http://creativecommons.org/licenses/by/4.0/


12 of 15

real-world applications. Future work includes extending TFD to longer sequences and integrating
adaptive denoising strategies.
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