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Abstract

Despite the recent progress, existing frame interpolation
methods still struggle with processing extremely high reso-
lution input and handling challenging cases such as repeti-
tive textures, thin objects, and large motion. To address these
issues, we introduce a patch-based cascaded pixel diffusion
model for high resolution frame interpolation, HiFI, that ex-
cels in these scenarios while achieving competitive perfor-
mance on standard benchmarks. Cascades, which generate a
series of images from low to high resolution, can help signif-
icantly with large or complex motion that require both global
context for a coarse solution and detailed context for high
resolution output. However, contrary to prior work on cas-
caded diffusion models which perform diffusion on increas-
ingly large resolutions, we use a single model that always
performs diffusion at the same resolution and upsamples by
processing patches of the inputs and the prior solution. At
inference time, this drastically reduces memory usage and al-
lows a single model, solving both frame interpolation (base
model’s task) and spatial up-sampling, saving training cost as
well. HiFI excels at high-resolution images and complex re-
peated textures that require global context, achieving compa-
rable or state-of-the-art performance on various benchmarks
(Vimeo, Xiph, X-Test, and SEPE-8K). We further introduce a
new dataset, LaMoR, that focuses on particularly challenging
cases, and HiFI significantly outperforms other baselines.

Project page — https://hifi-diffusion.github.io

Introduction
In a short amount of time, smartphone cameras have be-
come both ubiquitous and significantly higher quality, cap-
turing spatially higher resolution images and videos. How-
ever, the temporal resolution—i.e. video frame rate—of cap-
tured videos has lagged behind the spatial resolution, due
to a combination of computational and memory costs and
limited exposure time. The conflict between increased user
interest in creative video content and technical limitations
for capturing high frame-rate video has increased interest
in techniques for high-resolution frame interpolation, which
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enables the synthesis of new frames between existing ones
to enhance a video’s frame rate. Despite the progress, the lat-
est techniques struggle in the high resolution setting, where
challenging cases such as repetitive textures, detailed or thin
objects become more common place.

Existing methods often design models using strong do-
main knowledge, e.g., correspondence matching (Ilg et al.
2017; Sun et al. 2018; Teed and Deng 2020) and synthesis
based on warping (Jiang et al. 2018; Niklaus and Liu 2020;
Park, Lee, and Kim 2021; Xue et al. 2019). Domain knowl-
edge enables small models to perform well when trained on
a small amount of data but may restrict their capabilities. For
example, when motion cues are incorporated into the model,
the final quality are bounded by the accuracy of the motion.
This is particularly evident on high resolution inputs with
large motion, repetitive texture, and thin structures, where
motion estimation often struggles (see Fig. 1).

To address these challenges, we advocate a domain-
agnostic diffusion approach, relying on model capacity and
training data at scale for performance gains and generaliza-
tion. Some recent work have explored diffusion for frame
interpolation but towards generative aspect, e.g. better per-
ceptual quality (Danier, Zhang, and Bull 2024) or complex
and non-linear motion (Jain et al. 2024) between two frames
very further apart in time. Their performance, however, falls
behind in the classical setting which predicts an intermedi-
ate frame and evaluates its fidelity to the ground truth using
standard metrics, e.g., PSNR or SSIM.

We instead introduce a patch-based cascaded pixel dif-
fusion approach for High resolution Frame Interpolation,
dubbed HiFI. HiFI generalizes across diverse resolutions up
to 8K images, a wide range of scene motions, and a broad
spectrum of challenging scenes. The diffusion framework al-
lows us to scale both the model capacity and data size. We
also show that our model can effectively utilize large-scale
video datasets. While cascades offer significant benefits for
processing diverse input resolutions with different levels of
motion, standard cascades, which denoise the entire high-
resolution image, often struggle with memory issues at very
high resolutions such as 8K. To save memory during infer-
ence, we propose a new patch-based cascade for frame in-
terpolation, which always denoises the same resolution but
is applied to patches of high resolution frames. This also al-
lows us to use one model for both base and super-resolution
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Figure 1: Qualitative comparison on challenging cases on our proposed LaMoR dataset (rows 1 and 2) and X-TEST (row 3).
For challenging cases, such as large motion or repetitive textures, the proposed HiFI substantially outperforms other baselines.

tasks, saving time for training separate models for both tasks
and disk space at inference time.

The proposed HiFI method achieves state-of-the-art ac-
curacy on challenging high-resolution public benchmark
datasets, Xiph (Niklaus and Liu 2020), X-TEST (Sim,
Oh, and Kim 2021) and SEPE (Al Shoura et al. 2023),
and demonstrates strong performance on challenging corner
cases, e.g., repetitive textures and large motion. We also in-
troduce a new evaluation dataset, Large Motion and Repet-
itive texture (LaMoR), which specifically highlights these
challenging cases and demonstrate that HiFI significantly
outperforms existing baselines.

Related Work
Domain-specific architecture for interpolation. Motion-
based approaches synthesize intermediate frames using es-
timated bi-directional optical flow between two nearby
frames. These methods employ forward splatting (Hu et al.
2022; Jin et al. 2023; Niklaus and Liu 2018, 2020) or back-
ward warping (Huang et al. 2022; Jiang et al. 2018; Park,
Lee, and Kim 2021; Park et al. 2020; Sim, Oh, and Kim
2021), followed by a refinement module that improves vi-
sual quality. Performance is often bounded by motion esti-
mation accuracy, as inaccuracies in the motion cause arti-
facts during the splatting or warping process. As a result,
they struggle on inputs for which optical flow estimation is
problematic, e.g., large motion, occlusion, and thin objects.

Phase-based approaches (Meyer et al. 2015, 2018) pro-
pose to estimate an intermediate frame in a phase-based
representation instead of the conventional pixel domain.

Kernel-based approaches (Cheng and Chen 2020; Lee et al.
2020; Niklaus, Mai, and Wang 2021; Niklaus, Mai, and Liu
2017a,b) present simple single-stage formulations that esti-
mate per-pixel n×n kernels and synthesize the intermediate
frame using convolution on input patches. Both approaches
avoid reliance on motion estimator, but they do not usually
perform well on high resolution input with large motion,
even with deformable convolution (Cheng and Chen 2020).

Generic architecture for interpolation. Some methods
explore using a generic architecture without domain knowl-
edge, such as attention (Choi et al. 2020), transformer (Shi
et al. 2022), 3D convolution under multi-frame input setup
(Kalluri et al. 2023; Shi et al. 2022). However, both attention
and 3D convolution are computationally expensive and thus
prohibitive at 4K or 8K resolution.

Diffusion models for computer vision. Recently diffu-
sion models have demonstrated their strength on generative
computer vision applications such as image (Ho et al. 2022a;
Peebles and Xie 2023) and video generation (Blattmann
et al. 2023; Ho et al. 2022b), image editing (Brooks, Holyn-
ski, and Efros 2023; Yang, Hwang, and Ye 2023), 3D gen-
eration (Qian et al. 2024), etc. Beyond generation, diffusion
has also shown to be effective for dense computer vision
tasks and has been become the state-of-the-art technique for
classical problems such as depth prediction (Ke et al. 2024;
Saxena et al. 2023), optical flow prediction (Saxena et al.
2023), correspondence matching (Nam et al. 2024), seman-
tic segmentation (Baranchuk et al. 2022; Xu et al. 2023), etc.
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Diffusion models for interpolation. Two recent works
explore diffusion for video frame interpolation from a gener-
ative perspective. LDMVFI (Danier, Zhang, and Bull 2024)
proposes using a conditional latent diffusion model and op-
timizes it for perceptual frame interpolation quality, but the
PSNR or SSIM metric of the predicted frames tends to
be lower than that by state of the art. VIDIM (Jain et al.
2024) uses a cascaded pixel diffusion model but focuses on
a task closer to the conditional video generation. Given two
temporally-far-apart frames, the method generates a base
video of 7 frames at 64× 64 resolution and then upsamples
them to 256×256. It is unclear whether a diffusion-based ap-
proach can achieve competitive results on the classical frame
interpolation problem, where the input frames come from a
video with high FPS and can be up to 8K resolution.

Cascaded diffusion models. Beginning with CDM (Ho
et al. 2022a), cascades have become standard for scaling
up the output resolution of pixel diffusion models. Dif-
fusion cascades consist of a “base” model for an initial
low-resolution solution and a number of separate “super-
resolution” models to produce a higher-resolution output
conditioned on the low resolution output. While effective
for high-resolution output, memory cost increases propor-
tionally with resolution since each super-resolution model
performs diffusion at its output resolution. Even with spe-
cialized super-resolution architectures (Ho et al. 2022a; Sa-
haria et al. 2022), the memory problem still persists as the
target resolution increases significantly, e.g. from 1K to 8K.

High resolution diffusion. Recent works in high-
resolution image generation have introduced training-free
approaches through merging the score functions of nearby
patches (Bar-Tal et al. 2023; Liu et al. 2024b) or ex-
panding the network (Shi et al. 2024; Kim, Hwang, and
Park 2024). Other methods explicitly train models to de-
noise partitioned patches (or tiles) and then merge them
into high-resolution output. Zheng et al. (2024) generates
any-size high-resolution output by merging denoised non-
overlapping tiles during sampling process. Ding et al. (2024)
uses score value and feature maps to encourage consistency
between denoised patches. Skorokhodov et al. (2024) uses
a hierarchical patch structure for efficient video generation,
but requires specialized modules for global consistency.

Unlike these efforts, we focus on frame interpolation, an
estimation task, and improve inference memory efficiency
at extremely high resolutions (4K or 8K). Generation tasks
require inter-patch communication for coherence generation
at high resolution. Estimation task, however, benefits from
strong conditioning signals (input frames) that localize the
problem at the patch level. This allows us to explore distinct
architectural choices for frame interpolation.

For estimation tasks, the most similar to ours is
DDVM (Saxena et al. 2023) which uses tiling for high-
resolution inference. After the base model runs at a coarse
solution, the output is upsampled by partially denoising tiles
taken from the coarse solution and input frames. In the con-
text of frame interpolation, we show that this tiling performs
worse than our proposed patch-based cascade.
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Figure 2: Our base model is conditioned on two input
frames, I0 and I2, and predicts the intermediate frame I1.
The model uses v-parameterization (Salimans and Ho 2022;
Saxena et al. 2024) for both model output and loss.

Diffusion for High-Resolution Frame
Interpolation

We propose a pixel diffusion approach for frame interpola-
tion. To enable high-resolution inference with low memory
usage, we introduce a novel cascading strategy, patch-based,
which performs diffusion on patches of high-resolution in-
puts. This cascade allows us to use the same model for both
base estimation and upsampling.

Architecture
Our method adopts a conditional image diffusion frame-
work. Given a concatenation of temporally nearby frames
I0 and I2 as a conditioning signal, our model aims to es-
timate an intermediate frame Î1 as a reverse diffusion pro-
cess in the pixel space, as illustrated in Fig. 2. We take a
generic efficient U-Net architecture from DDVM (Saxena
et al. 2023) with v-parameterization (Salimans and Ho 2022;
Saxena et al. 2024) for both model output and loss. The
U-Net includes self-attention layers at two bottom levels.
Given a noisy image zt = αtx+σtε as an input, the network
predicts v̂, where x is the target image (i.e., I1), sampled
random noise ε ∼ N (0, I), sampled time step t ∼ U [0, 1],
and α2

t + σ2
t = 1. We directly apply L1 loss on v parameter

space, i.e., ||v̂ − v||1, where v = αtε− σtx. The predicted
image is recovered by x̂ = αtzt − σtv̂, where x̂ = Î1.

Patch-based cascade model
To handle extremely high resolutions (up to 8K), we pro-
pose a patch-based cascade approach that performs diffu-
sion on patches of the input frames, keeping peak memory
usage near constant at inference time. This allows us to use
the same architecture for every upsample level and reuse the
same model for both base and super-resolution settings, sav-
ing training time and disk space. On such high resolutions,
standard cascades, which denoise the entire high resolution
image directly, would require either a considerable amount
of memory at inference time or a careful architecture search
to reduce the memory cost.

Approach. Fig. 4 shows our overall inference strategy: we
adopt the well-known coarse-to-fine idea for cascades and
build an N -level image pyramid. Starting from the lowest
scale sN−1 (where sn ≡ 1/2n), we downsample the input
conditioning images by a factor of sN−1 (i.e., IsN−1

0 and
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Î
1/2
1

Input frames
<latexit sha1_base64="4PyLlaUBdIaPiGR+HeeaIyhQ4ds=">AAACA3icbVDLSsNAFL2pr1pfUXe6GSyCCylJkeqy6EZ3FewD2hAm00k7dPJgZiKUUHDjr7hxoYhbf8Kdf+OkzaK2Hhg4c8693HuPF3MmlWX9GIWV1bX1jeJmaWt7Z3fP3D9oySgRhDZJxCPR8bCknIW0qZjitBMLigOP07Y3usn89iMVkkXhgxrH1AnwIGQ+I1hpyTWPegFWQ89P7yaudY7mflXXLFsVawq0TOyclCFHwzW/e/2IJAENFeFYyq5txcpJsVCMcDop9RJJY0xGeEC7moY4oNJJpzdM0KlW+siPhH6hQlN1viPFgZTjwNOV2Y5y0cvE/7xuovwrJ2VhnCgaktkgP+FIRSgLBPWZoETxsSaYCKZ3RWSIBSZKx1bSIdiLJy+TVrVi1yq1+4ty/TqPowjHcAJnYMMl1OEWGtAEAk/wAm/wbjwbr8aH8TkrLRh5zyH8gfH1Czk4l0Q=</latexit>

I0, I2

Patch of

Denoised prediction
<latexit sha1_base64="eMjKR5v1GK+iMKkvicfniGDXBHg=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVRKR6rLoRncV7AOaECbTSTt0MgkzN2IJ+RU3LhRx64+482+ctFlo64GBwzn3cs+cIOFMgW1/G5W19Y3Nrep2bWd3b//APKz3VJxKQrsk5rEcBFhRzgTtAgNOB4mkOAo47QfTm8LvP1KpWCweYJZQL8JjwUJGMGjJN+vuBEPmRhgmQZjd5bnv+GbDbtpzWKvEKUkDlej45pc7ikkaUQGEY6WGjp2Al2EJjHCa19xU0QSTKR7ToaYCR1R52Tx7bp1qZWSFsdRPgDVXf29kOFJqFgV6sgiplr1C/M8bphBeeRkTSQpUkMWhMOUWxFZRhDVikhLgM00wkUxntcgES0xA11XTJTjLX14lvfOm02q27i8a7euyjio6RifoDDnoErXRLeqgLiLoCT2jV/Rm5MaL8W58LEYrRrlzhP7A+PwBRC+Umg==</latexit>

Î1

Patchify Denoise patches Accumulate patches

Figure 3: Patch-based cascade model. Given a low-resolution intermediate from the previous level, patch-based cascade
creates patches from bi-linearly upsampled low-resolution intermediate and two input frames and uses these patches as condi-
tioning for a diffusion process. It then combines denoised patches to form the whole image. At inference time, only a single
weight-shared model is recursively used across different image scales as in Fig. 4. Two-stage cascade is shown for simplicity.
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Figure 4: Upsampling strategy. Like a standard cascade,
we process the image from coarse to fine, but we always
denoise at the same resolution, as indicated by the red box.
Details on each step of the cascade are in Fig. 3.

I
sN−1

2 ) and predict an intermediate image Î
sN−1

1 at the same
scale sN−1. We then apply 2× bilinear upsampling to this
intermediate image up(̂IsN−1

1 ) and use it as a conditioning
signal for a denoising process at the scale sN−2.

At each pyramid level, we upscale prediction via patch-
based cascade, as shown in Fig. 3. For refinement at scale
sN−2, we take the prediction from the prior scale and then
upsample it to match sN−2. At each level, we perform three
stages: (i) patchify, where we crop overlapping patches from
the upsampled intermediate prediction and the input at that
scale, (ii) denoise patches, where we run diffusion to obtain
the prediction for each patch, and (iii) accumulate patches,
where we use MultiDiffusion (Bar-Tal et al. 2023) to merge
results from different patches for the prediction Î

sN−2

2 . Here,

we merge denoised patches at every denoising step. We then
upsample Î

sN−2

2 to level sN−3 and repeat this process until
n=0, the original input scale.

Training setup. For the patch-based cascade model, we
want to train a diffusion model that is conditioned on a pair
of input images and a half resolution representation of the
target we aim to predict. We first predict the intermediate
frame at a half resolution Î

1/2
1 by feeding downsampled in-

puts to a pre-trained base model (Fig. 2) computed offline.
This intermediate frame is then upsampled to the original
scale and used as a conditioning image, along with the orig-
inal inputs, for training the patch-based cascade model using
standard diffusion. This inference step is performed offline
to improve training efficiency.

Single model for all stages. By conditioning on the low
resolution estimate but using dropout 50% during training
time, we can use the same model for all cascade stage, in-
cluding base and super-resolution; base generation is done
by passing zeros as the low resolution condition. While smi-
lar to CFG (Ho and Salimans 2022), we do not combine
unconditional and conditional estimations at inference. Em-
pirically we find that a single shared model for all stages
performs slightly better than having a dedicated super-
resolution model. It also substantially reduces training time
(training one model instead of multiple separate ones) and
disk space at inference time (saving only one model). Inter-
estingly, we observe that a dedicated super-resolution model
trained without dropout on the coarse estimation does not
work since it takes the shortcut of upsampling the low reso-
lution instead of attending to the high resolution inputs.

Experiments
Implementation details. Similar to previous diffusion-
based methods (Jain et al. 2024; Danier, Zhang, and Bull
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Figure 5: Qualitative examples for public datasets. Our method performs well even in cases of large motion and complex
textures such as a thin object on the top and the plate number at the bottom.

2024), we utilize a large-scale video dataset for training, to
test the scalability of the diffusion model better. The dataset
contains up to 30 M videos with 40 frames, collected from
the internet and other sources with licenses permitting re-
search uses. We first train our base model on the dataset, and
then we additionally include Vimeo-90K triplet (Xue et al.
2019) and X-TRAIN (Sim, Oh, and Kim 2021) to finetune
the cascade model. For fair comparison, we also prepare
a model trained on Vimeo-90K and X-TRAIN only from
scratch. We use a mini-batch size of 256 and train the base
model for 3 M iteration steps and the patch-based cascade
model for 200 k iteration steps. We use the Adam optimizer
(Kingma and Ba 2014) with a constant learning rate 1e−4

with initial warmup. For inference, we use 3-stage patch-
based cascade setup with a patch size of 512× 768, averag-
ing 4 samples estimated via 4 sampling steps.

Our data augmentation includes random crop and hori-
zontal, vertical, and temporal flip with a probability of 50%.
We use a crop size of 352 × 480 for large-scale base model
training and 224 × 288 for the cascade model training. We
use a multi-resolution crop augmentation that crops an im-
age patch with a random rectangular crop size between the
original resolution and the final crop size and then resize it to
the final crop size. While commonly used, we find random
90◦ rotation augmentation and photometric augmentation to
be less effective, so we opt not to use them.

More details are in the supplementary material.

Public benchmark evaluation
We first evaluate HiFI on three popular benchmark datasets,
Vimeo-90K triplet (Xue et al. 2019), Xiph (Niklaus and Liu
2020), and X-TEST (Sim, Oh, and Kim 2021) in Table 1, as
well as an 8K dataset, SEPE (Al Shoura et al. 2023).

Vimeo-90K. The low-resolution (256×448) Vimeo-90K
is one of the most heavily studied benchmark, where num-

bers are highly saturated among different methods. HiFI
achieves competitive accuracy with a generic training proce-
dure. Please view the supplementary for further discussion.

Xiph and X-TEST. Both Xiph and X-TEST have high
resolution (2K and 4K). The motion of X-TEST can be over
400 pixels at the 4K resolution, particularly challenging for
existing methods. For X-TEST, we follow the evaluation
protocol discussed in (Sim, Oh, and Kim 2021) that interpo-
lates 7 intermediate frames. When trained on a combination
of Vimeo and X-TRAIN, HiFI performs favorably against
state of the art on Xiph and X-TEST datasets, both in 2K and
4K resolutions. Pre-training on a large video dataset signifi-
cantly boosts the performance of HiFI on Xiph and X-TEST,
setting a new state of the art. Visually, HiFI can better inter-
polate fine details with large motion at high resolution, as
shown in Fig. 5. We will analyze key components that con-
tribute to the performance in the ablation study below.

SEPE. We also test HiFI on SEPE that includes 8K res-
olution videos. Most methods we tested ran out of memory
except M2M (PSNR 28.34 (dB) and SSIM 0.883) and SGM-
VFI (Liu et al. 2024a) (PSNR 28.43 (dB) and SSIM 0.880),
compared with PSNR 29.78 (dB) and SSIM 0.900 by HiFI.
Please view the supplementary for visual comparison.

Large Motion and Repetitive texture dataset
Public benchmark datasets, while diverse, do not fully cap-
ture the failure modes of current methods, especially large
motion or repetitive texture cases common in real-world
videos. To better evaluate existing methods and further inno-
vation, we introduce a Large Motion and Repetitive texture
(LaMoR) dataset that includes such 19 challenging exam-
ples at 4K resolution in both portrait and landscape modes,
as shown in Fig. 6. As in Table 2 and Fig. 7, HiFI substan-
tially outperform all state of the arts on challenging cases of
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Method Training dataset
Vimeo-90K

Xiph X-TEST
2K 4K 2K 4K

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

M2M (Hu et al. 2022) Vimeo 35.47 0.978 36.44 0.967 33.92 0.945 32.07 0.923 30.81 0.912
FILM (Reda et al. 2022) Vimeo 36.06 0.970 36.66 0.951 33.78 0.906 31.61 0.916 26.98 0.839
AMT (Li et al. 2023) Vimeo 36.53 0.982 36.38 0.941 34.63 0.904 - - - -
UPR-Net (Jin et al. 2023) Vimeo 36.42 0.982 - - - - - - 30.68 0.909
FITUG (Plack et al. 2023) Vimeo 36.34 0.981 - - - - - - - -
TCL (Zhou et al. 2023) Vimeo 36.85 0.982 - - - - - - - -
IQ-VFI (Hu et al. 2024) Vimeo 36.60 0.982 36.68 0.942 34.72 0.905 - - - -
EMA-VFI (Zhang et al. 2023) Vimeo (+septuplet for X-TEST) 36.64 0.982 36.90 0.945 34.67 0.907 32.85 0.930 31.46 0.916
XVFI (Sim, Oh, and Kim 2021) Vimeo / X-TRAIN 35.07 0.976 - - - - 30.85 0.913 30.12 0.870
BiFormer (Park, Kim, and Kim 2023) Vimeo + X-TRAIN - - - - 34.48 0.927 - - 31.32 0.921

HiFI (Ours)
Vimeo + X-TRAIN 35.70 0.979 36.64 0.967 34.45 0.948 33.03 0.927 32.03 0.918

Vimeo + X-TRAIN + Raw videos 36.12 0.980 37.36 0.969 35.40 0.953 33.94 0.941 32.92 0.931

Table 1: Results on public benchmark datasets: HiFI performs favorably on the highly-saturated Vimeo-90K (Xue et al.
2019) and is substantially more accurate than existing two-frame methods on high-resolution Xiph (Niklaus and Liu 2020) and
X-TEST (Sim, Oh, and Kim 2021) datasets. Best and second-best are highlighted in color.

Figure 6: A few examples from our LaMoR dataset that
includes challenging scenes, such as repetitive texture and
large motion where typical methods fail.

Method PSNR SSIM

LDMVFI (Danier, Zhang, and Bull 2024) 21.952 0.828
EMA-VFI (Zhang et al. 2023) 22.327 0.845
M2M (Hu et al. 2022) 24.995 0.884
SGM-VFI (Liu et al. 2024a) 25.122 0.894
UPR-Net (Jin et al. 2023) 25.856 0.892
BiFormer (Park, Kim, and Kim 2023) 26.330 0.893
HiFI (Ours) 28.141 0.912

Table 2: Results on LaMoR. HiFI is significantly more ac-
curate than state-of-the-art methods.

repetitive textures and large motion.

Ablation study
Dedicated upsample model vs single model. In Table 3,
we compare the accuracy of the base model, two distinct
models for base and upsample, and our final setting of using
the same model for base and upsample. Both cascade strate-
gies are effective for handling large motion, substantially
improving accuracy on X-TEST. Using the same model for
both base and upsample performs on-par or even better than
having a dedicated upsample model, especially on challeng-
ing X-TEST. This validates the strength of re-using the same

Method Model size
Vimeo-90K X-TEST 2K X-TEST 4K

PSNR SSIM PSNR SSIM PSNR SSIM

Base 647 M 35.44 0.978 30.32 0.879 28.57 0.876

Standard two-stage cascade 1294 M 36.12 0.980 33.86 0.939 32.48 0.926
Patch-based self-cascade × 2 647 M 36.12 0.980 33.93 0.941 32.77 0.930
Patch-based self-cascade × 3 647 M 36.12 0.980 33.94 0.941 32.92 0.931

Table 3: Base vs. cascade models. Our patch-based self-
cascade formulation substantially outperforms the base with
the same number of parameters. Through model sharing, our
self-cascade generalizes better on the X-TEST dataset than
the standard cascade but with half of the parameters.

model for both over the more expensive dedicate model
setup. Increasing the number of upsample stages improves
the accuracy but saturates over three.

Comparison with coarse-to-fine refinement. Coarse-to-
fine tiling refinement from DDVM (Saxena et al. 2023) first
predicts the target at low resolution, bilinearly upsamples
it to the target resolution, and refines it from an intermedi-
ate sampling step in a patch-wise manner. Our patch-based
cascade performs consistently better than the coarse-to-fine
tiling refinement on the X-TEST benchmark; 32.92 (dB) vs
32.54 (dB) on 4K, and 33.94 (dB) vs. 33.03 (dB) on 2K.

Architecture. In Table 4, we analyze where the major
gain originates from by ablating attention layers or diffusion
process in the base model, given the same training assets
(e.g., datasets, computations, etc.). Using attention layers
brings about moderate performance gains on both the small
(Vimeo) and large (X-TEST) motion datasets. We find the
attention layers help with handling large motion and repet-
itive textures, enabling the accurate interpolation of frames
by capturing the global context of these textures. Remov-
ing the diffusion process also leads to significant perfor-
mance degradation. We also test one widely-used traditional
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Figure 7: Qualitative comparison on LaMoR. The proposed HiFI is particularly effective at very challenging cases including
repetitive textures and large motion.

Method
Vimeo-90K X-TEST 2K X-TEST 4K

PSNR SSIM PSNR SSIM PSNR SSIM

Ours, base model 35.44 0.978 30.32 0.879 28.57 0.876
w/o attention layers 35.13 0.977 29.73 0.861 27.75 0.854
w/o diffusion 33.78 0.965 28.05 0.852 27.56 0.861

FILM (Reda et al. 2022) 34.02 0.970 28.15 0.854 27.24 0.856

Table 4: Architecture analysis. Both attention layers and
diffusion process contribute to substantial accuracy gain.
Comparing to a domain-specific architecture, FILM, our ap-
proach scales up better when training on the same large-
scale video dataset.

method FILM (Reda et al. 2022), which relies on a “scale-
agnostic” motion estimator to handle large motion. FILM
trained on the same large dataset is substantially worse than
HiFI, suggesting that traditional, hand-designed methods do
not scale up well w.r.t. data.

Number of sampling steps. The optimal number of sam-
pling steps also differ between the base and the patch-based
cascade model. In general, we find that the model needs
more sampling steps for large motion (e.g., X-TEST) than
for small motion (e.g., Vimeo-90K (Xue et al. 2019)). How-
ever, the patch-based cascade model is able to achieve better
numbers across different datasets with fewer sampling steps.

Discussions. Despite the performance gains on standard
benchmarks, some extremely complicated motion types,
e.g., fluid dynamics, are still challenging for HiFI. Further-
more, diffusion models are computationally heavy and need
distillation (Salimans and Ho 2022) for applications with a
limited computational budget.

Steps Vimeo-90K X-TEST 4K

1 34.87 27.95
2 35.37 27.92
4 35.44 28.57
8 35.21 29.67
16 34.58 30.34
32 33.53 30.40
64 32.68 30.02

(a) Base model

Steps Vimeo-90K X-TEST 4K

1 36.13 32.32
2 36.15 32.83
4 36.12 32.92
8 36.06 32.92
16 35.98 32.84
32 35.92 32.68
64 35.86 32.64

(b) Patch-based cascade

Table 5: Effect of the sampling steps on PSNR for the base
model and patch-based cascade model. More steps tends to
be better for higher resolution and large motion datasets.

Conclusion
We have introduced a diffusion-based method for high reso-
lution frame interpolation, named HiFI. Our proposed patch-
based cascade achieves state-of-the-art performance on sev-
eral high-resolution frame interpolation benchmarks up to
8K resolution, while improving efficiency for training and
inference. We also establish a new benchmark, LaMoR,
which focuses on challenging cases, e.g. large motion and
repeated textures at high resolution. Our method substan-
tially outperforms all methods on the benchmark as well.
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