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Figure 1. Representative video reconstruction by VISION-XL: SR+ (frame averaging with x4 super-resolution, top), Deblur+ (frame
averaging with deblurring, 0=3.0, bottom-left), and Inpaint+ (frame averaging with 50% random inpainting, bottom-right).

Abstract

In this paper, we propose a novel framework for solv-
ing high-definition video inverse problems using latent im-
age diffusion models. Building on recent advancements in
spatio-temporal optimization for video inverse problems us-
ing image diffusion models, our approach leverages latent-
space diffusion models to achieve enhanced video qual-
ity and resolution. To address the high computational de-
mands of processing high-resolution frames, we introduce
a pseudo-batch consistent sampling strategy, allowing effi-
cient operation on a single GPU. Additionally, to improve
temporal consistency, we present pseudo-batch inversion,
an initialization technique that incorporates informative la-
tents from the measurement. By integrating with SDXL,
our framework achieves state-of-the-art video reconstruc-
tion across a wide range of spatio-temporal inverse prob-
lems, including complex combinations of frame averag-

ing and various spatial degradations, such as deblurring,
super-resolution, and inpainting. Unlike previous meth-
ods, our approach supports multiple aspect ratios (land-
scape, vertical, and square) and delivers HD-resolution re-
constructions (exceeding 1280x720) in under 6 seconds
per frame on a single NVIDIA 4090 GPU. Project page:
https://vision-x1.github.io/.

1. Introduction

Diffusion models [6, 9, 10, 16, 18, 20, 22] have set a new
benchmark in generative modeling, enabling the generation
of high-quality samples. These models have become the
foundation for advancements in various fields, such as con-
trollable image editing [33], image personalization [8], syn-
thetic data augmentation [23], and even reconstructing im-
ages from brain signals [14, 24].

Furthermore, diffusion model-based inverse problem
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Methods Spatio-temporal degradation  Latent space

Optical flow-based [5, 32] X 4
SVI[13] v X
Ours 4 4

Table 1. Comparison of image diffusion-based video inverse prob-
lem solvers. Unlike other methods, our approach leverages latent
image diffusion models to address spatio-temporal degradation,
enabling more effective restoration.

solvers (DIS) [2, 4, 11, 21, 27, 29] address a variety of im-
age restoration tasks, such as deblurring, super-resolution,
inpainting, colorization, compressed sensing, and so on. A
key feature of DIS is its plug-and-play capability, allowing
diffusion models to be applied flexibly across different in-
verse problems without requiring task-specific training or
fine-tuning.

Recently, several extensions [5, 13, 32] from the DIS
have been proposed to solve video inverse problems using
image diffusion models. Naive application of image dif-
fusion models to videos may break temporal consistency.
To address this problem, these methods preserve temporal
consistency by utilizing a batch-consistent sampling strat-
egy [13] and applying optical flow guidance to warp either
latent representations [32] or the noise prior [5].

Although these innovative approaches enable powerful
image generative models [0, 16, 18] to solve video inverse
problems with significantly reduced computational require-
ments, there is still room for improvement in these methods.
Optical flow-based methods [5, 32] have reported a key lim-
itation: their performance is highly dependent on the accu-
racy of the optical flow estimation module [25, 30]. This
dependency becomes problematic when extreme degrada-
tions complicate the estimation process, restricting their ap-
plicability to a wider range of restoration tasks. Addition-
ally, these methods require task-specific restoration mod-
ules [32] or fine-tuning of the diffusion model [5]. In
this perspective, batch consistent sampling strategy [13]
successfully addressed various spatio-temporal degrada-
tions without requiring task-specific training or fine-tuning.
However, we empirically found that extending SVI [13] to
latent diffusion models leads to unsatisfactory reconstruc-
tion, particularly in terms of FVD [26], as shown in Table 2,
despite the fact that most modern latent diffusion models are
essential for scaling up to large-size video inverse problems.

To overcome these limitations, here we propose a novel
framework for solving high-definition video inverse prob-
lems using latent image diffusion models that involves no
additional training. To address the high computational de-
mands of batch processing (e.g., 16-frame batch process-
ing used in [13]) with high-resolution latent diffusion mod-
els [16], we introduce pseudo-batch consistent sampling.
This strategy enables multi-frame video processing while
requiring only the memory needed for a single frame, mak-
ing it feasible on a single GPU. Furthermore, we propose
pseudo-batch inversion, which initializes the process with

Initialization FVD| LPIPS| PSNR1?

Random noise 1047 0.251 29.43
Batch synchronized noise (SVI[13])  707.7 0.248 30.10
Pseudo-batch inversion (Ours) 184.8 0.236 30.74

Table 2. Impact of our initialization method on SR+ video restora-
tion using SDXL [16]. Our method significantly improves perfor-
mance, reducing FVD [26] by more than 3 X.

informative latents derived from the measurement. This ini-

tialization enhances temporal consistency and improves the

efficiency of solving spatio-temporal inverse problems as

shown in Table. 2.

By integrating these components, our framework
achieves state-of-the-art video reconstruction performance
using SDXL [16]. We name the method integrating
these components as VISION-XL, short for Video Inverse-
problem Solver using latent diffusION models (with stable
diffusion XL). It supports various aspect ratios, including
landscape, vertical, and square formats. Thanks to its effi-
ciency, our framework can reconstruct 1280x768 (exceed-
ing HD resolution) videos in under 6 seconds per frame on
a single NVIDIA 4090 GPU. Our contribution can be sum-
marized as follows:

* We propose a high-definition video inverse problem
solver integrated with SDXL, supporting multiple aspect
ratios and achieving state-of-the-art reconstruction.

* We introduce a novel pseudo-batch consistent sampling
and inversion strategy for efficient and effective video re-
construction across diverse inverse problems.

2. Related Work

Diffusion model-based inverse problem solvers (DIS).
Diffusion models [9, 20, 22] attempt to model the data dis-
tribution py(x) based on the Gaussian transitions. In the
geometric view of diffusion models [1], the transitions are
typically described as iterative manifold transitions M; —
My_1,t =T,--- 1, moving from the noisy manifold M
to the clean manifold M.

Diffusion model-based inverse problem solvers (DIS) [2,
4, 11, 21, 27] aim to guide manifold transitions to sample
from the posterior distribution pg(x|y), which represents
sampling x from the measurement y obtained from the for-
ward model A(x). In Bayesian inference, the posterior dis-
tribution, pg(z|y) x pg(x)p(y|x) is decomposed into the
likelihood p(y|x), representing the probability of observing
y given x, and the prior data distribution pg(x). This de-
composition enables posterior sampling by combining dif-
fusion sampling with iterative guidance using the forward
model A and measurement y. This approach provides so-
phisticated, precise solutions to complex inverse problems,
leveraging the power and flexibility of diffusion models in
practical applications, such as deblurring, super-resolution,
inpainting, colorization, compressed sensing, and so on.
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DIS using latent diffusion models (LDIS). Most DIS [2,
4, 11, 21, 27] use pixel-space diffusion models, which fa-
cilitate easy integration of the forward model A and mea-
surement y, as both are defined in pixel space. Integrating
forward models in latent space presents more challenges.
Latent-space methods [3, 12, 19] calculate data consistency
terms after decoding the denoised latent representation, then
update these guidances within the latent space.

During this process, VAE mapping errors accumulate
in iterative sampling, causing the representation to drift
from the clean manifold M . Additionally, most latent
diffusion models provide a text-conditioned prior distribu-
tion pg(x|cext), Which is challenging to implement in cases
where text conditioning (cex) 1S unavailable. As a result,
latent-space methods prioritize two main goals: (i) manag-
ing text embeddings effectively and (ii) preserving the up-
dated latent close to the clean manifold M.

For text embeddings, PSLD [19] uses only null-text,
while TReg [12] and P2L [3] apply either null-text opti-
mization or text optimization to enhance the reconstruction
performance. To maintain the updated latent representation
quality, the regularization term for aligning pixel and latent
spaces is used to enforce latent feasibility [3, 12, 19].

Solving video inverse problems using DIS. Recently, sev-
eral extensions [5, 13, 32] from DIS have been introduced to
address video inverse problems. A straightforward applica-
tion of image diffusion models to video, processing frames
individually, often disrupts temporal consistency. These
approaches maintain temporal coherence by employing a
batch-consistent sampling strategy [13] and leveraging op-
tical flow guidance to warp either latent representations [32]
or the noise prior [5].

While these innovative approaches allow powerful im-
age generative models [6, 16, 18] to address video inverse
problems with reduced computational demands, there is still
room for improvement. A key limitation of optical flow-
based methods [5, 32] is their heavy reliance on the accu-
racy of the optical flow estimation module [25, 30]. This
dependency becomes particularly problematic in scenarios
involving severe degradations, which can hinder the estima-
tion process and limit the methods’ applicability to broader
restoration tasks. Moreover, these approaches often require
task-specific restoration modules [32] or fine-tuning of the
diffusion model [5].

In contrast, the batch-consistent sampling strategy [13]
has demonstrated effectiveness in addressing various spatio-
temporal degradations without the need for task-specific
training or model fine-tuning. However, this method utilizes
the unconditional pixel-space diffusion model provided by
ADM [6], and its extension to latent diffusion models re-
mains unexplored.

3. High Definition Video Inverse Solver Using
Latent Diffusion Models

This section introduces a novel approach for reconstructing
high-definition videos that include various spatio-temporal
degradations. The overall pipeline of the algorithm is illus-
trated in Fig. 2.

Consider the spatio-temporal degradation process is for-
mulated as:

Y = A(X) = A(X[1],---, X[N]]) (D

where Y denotes the measurement, X [n] denotes the n-th
frame ground-truth frame, N is the number of video frames,
and A refers to the operator describing the spatio-temporal
degradation process. The detailed spatio-temporal degrada-
tion operator A is described in Sec. 4.1.

Our approach begins by inverting the measurement

frames, denoted as Y, to initialize the informative latents
z,, enhancing batch-wise consistency (Step 1). Next, we
construct the corresponding denoised batch X, by sam-
pling each latent sequentially using Tweedie’s formula [7],
followed by decoding (Step 2). In Step 3, the correspond-
ing denoised batch X, is further refined by applying [-step
conjugate gradient (CG) optimization [4, 13] to enforce the
data consistency from spatio-temporal degradation 4. In
Step 4, we apply a scheduled low-pass filter to the updated
batch X ; inspired by the frequency-based analysis of spec-
tral diffusion [31]. X , is then re-encoded into latent space
to form z . Finally, we obtain the one-step denoised latents
z,_1 by adding noise to the encoded latents z, (Step 5). In
the following, we provide a detailed description of each of
these steps.
Step 1: Initialize informative latents. One of our key in-
sights is to initialize the informative latents by inverting the
measurement frames, thereby enhancing batch-wise consis-
tent initialization. Although these latents cannot restore the
ground-truth frames directly, inverted latent variables can
inherit information from the measurement frame, providing
good initializations [29]. Different from SVI [13], which
initializes sampling from a batch-wise synchronized unin-
formative Gaussian prior zp ~ A(0, I) as the initial sam-
pling point, we replace zp with the informative prior z,,
defined as:

z0=Ey(Y), z,=DDIM '(20), )
where Ey(-) and DDIM™!(-) denote frame-wise encoding
from pretrained VAE and DDIM inversion of timestep T,
respectively.

Step 2: Pseudo-batch sampling. After initialization, we
guide the sampling path to ensure the data consistency con-
dition. At timestep 0 < ¢ < 7, we sample denoise batch
2; from given latents z; := [z¢[1]---2z¢[N]] by using
Tweedie’s formula [7]. Unlike SVI [13], we split latent
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Figure 2. Ilustration of VISION-XL sampling at timestep ¢: 2 is split into individual frames and denoised sequentially using Tweedie’s
formula. The denoised latents 2; are then merged and decoded. The decoded batch X is optimized to enforce the data consistency,

followed by low-pass filtered encoding and re-noising to obtain z;_1.

frames to construct a pseudo-batch and sequentially sam-
ple each frame, requiring memory for only a single frame
during the sampling, as shown in Fig. 2. Similarly, inver-
sion is also conducted within the pseudo-batch framework.
This enables the recent advanced latent diffusion model to
operate in this framework without a frame limit. As a proof-
of-concept, we conduct experiments on 25-frame videos.

Specifically, consider a sequential sampling of latent dif-
fusion models €y along the temporal direction:

EP(z0) =€) (z[1]) - € (zIN])]. (3

The denoised latents Z, are computed using Tweedie’s for-
mula [7]:

1
Vo
where a; is the noise schedule defined in the Gaussian pro-
cess of diffusion models [9, 15]. Then denoised batch X;

is decoded from the denoised latents 2; using VAE decoder
Dg:

zZ =

(20 - VI—@E (20)) 4)

X, = Dy(2) := [Dg(2:[1]) - - - Do(2:[N])]. (5

Step 3: Batch optimization in pixel-space. The denoised
batch X, is then refined as a whole by applying the [-step
CG optimization to enhance the data consistency from the
measurement Y and spatio-temporal degradation A. This
can be formally represented by

X, := argmin |[Y — A(X)|? (6)
XGXt+K:l

where IC; denotes the [-dimensional Kyrlov subspace as-
sociated with the given inverse problem [4]. The multistep
CG allows each temporal frame to be diversified, enhancing
data consistency and achieving faster convergence without
requiring memory-intensive gradient calculations [2].

Step 4: Low-pass filtered encoding. Recent frequency-
based analyses of diffusion models [10, 31] suggest that op-
timal denoisers first recover low-frequency components in

early denoising stages, while high-frequency details added
progressively in later stages. Building on these findings,
we observed that applying a scheduled low-pass filter to the
updated batch X, in early stages effectively removes unde-
sired artifact caused by VAE error accumulation, resulting
in more natural and refined outputs.

Based on the observation that the denoiser restores high-
frequency details as the noise scale /1 — &; decreases,
we set the filter width oy to be proportional to the noise
scale [15], defined as o; := Ay/1— @y, which goes to
zero at t — 0. After applying the low-pass filter h,,, we
re-encode X, into the latent space. Specifically, the re-
encoded latents are given by:

X, < X, *hg,, )
z = Eo(X,) = [Eo(X4[1]) .- Bo(X,[N])], (8

where Fy denotes the VAE encoder.

Step 5: Renoising. After encoding, updated latents z; are
renoised as:

Zio1 = V12t + /1 —1Ey, 9

where £; is composed of batch-consistent stochastic
noise [13] and deterministic noise [20].

In the geometric view of diffusion models [1], the sam-
pling path evolves as illustrated in Fig. 3. The initialized
latent z. is projected onto the clean manifold M using
Tweedie’s formula. The projected latent is then decoded
into the pixel space and refined through multi-step CG to
satisfy the data consistency constraint Y = A(X). Next, a
scheduled low-pass filter is applied to reduce VAE error ac-
cumulation and keep the encoding close to M. Finally, the
encoded latents are re-noised to transition back to M, _q,
and this process iterates until the final state converges to the
clean manifold M. The complete algorithm is provided in
Algorithm 1.
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Figure 3. Geometric illustration of the sampling path evolution.
(Step 1) Initialize latent z,. (Step 2) Project onto M via pseudo-
batch sampling and decode to pixel space. (Step 3) Optimize for
measurement consistency Y = A(X). (Step 4) Apply a sched-
uled low-pass filter and encode back to latent space. (Step 5)
Renoise to M_1.

Algorithm 1 High-definition video inverse problem solver
using latent diffusion models

Require: £}, Eg, Do, Y, A, 7,100, {a}1,
1: zg < E@(Y)

2 z, + DDIM '(z) > Step 1
3: fort=7:2do

4 2 — (zt — mgét)(zt)> /v/a, > Step2
50 Xy« Dy(%)

6: X, = argminy . 5 .k, Y — A(X)|]? > Step 3
7: X+ X x h,, > Step 4
8: Zy = Eg(Xt)

9: Zi_1 = \/@t,lzt + \/1 —ap_1E; > Step 5
10: end for

1z (21 - VI— @i (z0) /var

2: return Z

—_

4. Experimental Results

4.1. Experimental setup

Dataset. We used four high-resolution (with resolutions ex-
ceeding 1080p) video datasets for evaluation, sourced from
the DAVIS dataset [ 17] and the Pexels dataset'. A subset of
100 videos from the DAVIS dataset is resized to 768x1280
resolution and consists of 25 frames, originally provided in
landscape orientation. The Pexels dataset is a large, open-
source collection of high-resolution stock videos and im-
ages, widely used for creative and research purposes. For
the Pexels subset, we collect a total of 120 videos: 45

Ihttps://www.pexels.com/

in landscape orientation (Pexels (landscape)), 45 in verti-
cal orientation (Pexels (vertical)), and 30 in square orienta-
tion (Pexels (square)). These subsets are resized to resolu-
tions of 768x1280 for landscape, 1280x768 for vertical, and
1024x1024 for square orientations, with each video consist-
ing of 25 frames.

Inverse problems. We test our method on the following
spatial degradations: 1) Deblur: Gaussian deblurring from
an image convolved with a 61x61 size Gaussian kernel with
0=3.0, 2) SR: Super-resolution from x4 average pooling,
3) Inpaint: Inpainting from 50% random masking. Fur-
thermore, test our method on the following spatio-temporal
degradations: 4) Deblur+: Deblur + 7-frame averaging us-
ing temporal uniform blur kernel as used in [13], 5) SR+:
SR + 7-frame averaging, and 6) Inpaint+: Inpaint + 7-
frame averaging.

Baseline comparison. The primary objective of this study
is to improve the performance of video inverse problem
solvers through latent image diffusion models. Thus,
our evaluation primarily compares video inverse problem
solvers using image diffusion models. As a recently emerg-
ing field, only a few methods are available: SVI [13],
DifffR2VR [32], and Warped Diffusion [5]. Notably,
DiffIR2VR and Warped Diffusion cannot address spatio-
temporal degradations, and DiffIR2VR only supports SR
among the inverse problems we address in this paper. We
conducted comparisons with SVI and DiffIR2VR but ex-
cluded Warped Diffusion, as it is not currently open-source.
SVI officially supports a resolution of 256x256, while Dif-
fIR2VR supports 480x854. To ensure fair comparisons with
identical resolutions, we used patch reconstruction. Addi-
tionally, we included a comparison with the classical opti-
mization method ADMM-TYV, following the protocol estab-
lished by SVI [13].

For quantitative comparison, we focus on two widely
used standard metrics: peak signal-to-noise ratio (PSNR)
and structural similarity index (SSIM) [28]. Additionally,
we evaluate two perceptual metrics: Learned Perceptual Im-
age Patch Similarity (LPIPS) [34] and Fréchet Video Dis-
tance (FVD) [26]. For computing the metrics, we follow
the protocol from the open-source project’.
Implementation details. While our method is applicable to
general latent diffusion models, we use Stable Diffusion XL
1.0 (SDXL) [16]—the current state-of-the-art text-to-image
diffusion model—as a proof of concept in this paper. For all
experiments, we employ 7" = 25,7 = 0.37, A = 2,and [ =
10. These optimal values are obtained through extensive
ablation studies and the results are described in Sec. 4.3. To
reduce undesired guidance from the text condition ¢y, We
use a null-text condition, cg. All experiments were done on
a single NVIDIA 4090 GPU.

nt tps://github.com/JunyaoHu/common_metrics_on_
video_quality
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DAVIS Pexels (landscape) Pexels (vertical) Pexels (square)

Task Method FVD, LPIPS, PSNR} SSIM{ FVD|, LPIPS| PSNRT SSIMt FVD| LPIPS| PSNRT SSIMt FVD, LPIPS, PSNRT SSIMf

ADMM-TV 1512 0397 2430 0742 6718 0284 2942 0818 7092 0237 3037 0847 569.5 0224 3068  0.856

Deblurs SVI[13] 6389 0322 2804 0799 8305 0265 3042 0831 6562 0239 3040 0856 4994 0221 3159 0862
€O+ DiffIR2VR [32] - B B B B B - B - B B - B - B B

Ours 2286 0292 2876 0.807 1964 0249 3111  0.839 2099 0224 3187 0860 1579 0217 3240 0.864

ADMM-TV 1429 0359 2423 0740 6341 0279 2901 0820 6692 0322 2971 0836 5459 0306 3008  0.838

SR+ SVI[13] 234 0234 2900 0812 386.8 0265 3070 0831 5589 0261 3048 0842 3132 0265 3118  0.847
DiffIR2VR [32] - B B B B B . B - B B - - R B B

Ours 1585 0244 2918 0818 1662 0246 3082 0.832 1731 0229 3138 0.847 1388 0220 3190  0.856

ADMM-TV 1848 0339 2416 0762 797.8 0292  29.15 0778 8054 0258 2936  0.805 6524 0268 3039  0.804

Inpaints SVI[13] 2086 0238  29.60 0.848 2693 0250 2992 0.826 428.01 0246 3027 0838 2069 0238 3112 0847
npamtt - hiIR2VR [32] - N B B B B - B - B B - B - B B

Ours 2411 0242 2881 0815 2224 0216 3013 0828 2404 0201 3098 0.845 1649 0230 3144 0853

ADMM-TV  169.0 0232 3049 0873 1922 0263 31.67 0842 1857 0181 3219 0861 199.6 0257 3098  0.875

Debl SVI[13] 9950 0176 3170 0875 1538 0212 3244 0862 1602 074 3335 0866 1166 0207 3351  0.885
€O piffIRoVR [32] - B B B B B - B - B B R B R B B

Ours 7203 0171 3194 0880 9616 0184 3283 0876 89.39 0170 3355 0.888 9155 0.157 3410  0.89

ADMM-TV 2856 0221 2665 0788 3015 0222 2791 0769 2987 0213 2712 0786 2094 0257 2874  0.798

SR SVI[13] 1761 0176 2928 0815 2016 0202 3100 0836 2193 0200 3059 0847 1679 0206 31.83  0.851
Diff[R2VR [32] 319.6 0238 2629 0738 4126 0244 2718 0742 5116 0214 2691 0752 4120 0296 2776  0.741

Ours 8110 0190 3027 0848 1043 0185 3184 0858 9857 0.158 3254 0.876 9841 0.138  33.02  0.886

ADMM-TV 2120 0315 2842 0797 2709 0316  29.14 0794 2703 0212 2984 0803 2647 0310 3046  0.809

Inpaint SVI[13] 1435 0177 3020 0858 1594 0233 3009 0827 1643 0132 3119 0847 1393 0225 3157  0.855
P DiffIR2VR [32] - - B B B B - B . B - - B - B B

Ours 1436 0209 2974 0835 1587 0208 3041 0834 1740 0195 3115 0847 1254 0216 3163  0.859

Table 3. Quantitative evaluation (FVD, LPIPS, PSNR, SSIM) of solving spatio-temporal inverse problems across DAVIS, Pexels dataset
with multiple aspect ratios (landscape, vertical, square). Bold denotes the best results and underline indicates the runner-up. Notably,
DiffIR2VR [32] is only capable of restoring SR among our experimental tasks, highlighting the broader task generalizability of our
approach.

Measurement Ground Truth ADMM-TV SvI Ours

iscape (Inpaint+)

Figure 4. Qualitative evaluation of solving spatio-temporal inverse problems across DAVIS, Pexels dataset with multiple aspect ratios.
Notably, ADMM-TYV fails to remove ghosting artifacts caused by temporal degradation (red arrows), while SVI produces excessive intensity
fluctuations (red box) or blurred information restoration (green and blue boxes).

4.2. Results indicating superior perceptual video quality compared to

the runner-up across all datasets. This improvement is also
Table 3 presents a quantitative comparison across various evident in the qualitative results shown in Fig. 4. While
spatio-temporal inverse problems. The proposed method SVI [13] effectively handles spatio-temporal degradations,
consistently outperforms baseline approaches in most met- it often struggles with temporal consistency, leading to is-
rics, particularly in addressing spatio-temporal degrada- sues such as inaccurate intensity restoration (first row) and
tions. Notably, it achieves a significant reduction in FVD, loss of details (second and third rows). This suggests
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Measurement

Ground Truth

DiffIR2VR SvI Ours

Figure 5. Qualitative evaluation of SR (x4) performance across multiple aspect ratios (landscape, vertical). DiffIR2VR often produces
unwanted artifacts in the background (red and blue boxes), while SVI inaccurately restores intensity (red box), leading to frame-wise

fluctuations.
Method Time [min]  Time per frame [sec] Memory (GB)
SVI[13] 15 36 18.5
DiffIR2VR [32] 4.7 11 13.6
Ours 2.5 6 12.7

Table 4. Comparison of total sampling time and memory effi-
ciency for solving video inverse problems on a single 25-frame
video at 768x1280 resolution. Bold denotes the best results and
underline indicates the runner-up.

that batch-consistent noise initialization [13], further exam-
ined in our ablation study (Table 5), may be insufficient
to fully preserve temporal consistency. Additionally, its
patch reconstruction for high-resolution videos can intro-
duce patch-wise inconsistencies, degrading overall perfor-
mance. The classical optimization method, ADMM-TYV, ef-
fectively reconstructs static backgrounds and stationary ob-
jects but fails to remove ghosting artifacts caused by tem-
poral degradations, as shown in Fig. 4. This limitation is
reflected in its lower performance metrics. For the SR task
(Fig.5), DiffIR2VR[32] often introduces unwanted artifacts
in backgrounds or over-generates object details, likely due
to inaccuracies in optical flow estimation. Notably, in
pixel-wise random inpainting, latent diffusion methods may
lose fine pixel-level details due to their encoded represen-
tations. However, leveraging the strong SDXL prior, our
method achieves competitive inpainting performance with
SVI, which employs a pixel-space diffusion model.

While baseline methods encounter various challenges
across different inverse problems, our approach demon-
strates stable, high-quality reconstructions, as evidenced by
the overall results. Further comparisons of total sampling
time and memory consumption are shown in Table 4, where
our method achieves the highest efficiency in both sampling
time and memory usage.

Further experimental results on real-world denoising and
blind video deconvolution are available in the supplemen-
tary material. Additional visualizations, including recon-
struction results for deblurring, inpainting, and other tasks,
are provided in video format for further evaluation: https:

//vision-x1l.github.io/supple/.

4.3. Ablation studies

In this section, we analyze the key components of our
method. To highlight their impact, we conduct an abla-
tion study on the SR+ task in the Pexels (landscape) dataset,
which involves significant spatio-temporal degradation.

Initialization Initialization Time [sec] Total Time [min] FVD| PSNR?T

Random noise 0 83 1047 29.43
Batch-consistent noise [13] 0 8.3 707.7 30.10
Pseudo-batch inversion (7: 0.157) 15 13 229.5 30.00
Pseudo-batch inversion (1: 0.30T) 30 25 1848  30.74
Pseudo-batch inversion (7: 0.45T") 45 3.8 288.7 30.70

Table 5. Comparison of initialization strategies by computational
cost and video quality for SR+ on the Pexels dataset.

Effect of initialization (in Step 1). In Table 5, we conduct
an ablation study to see the effect of pseudo-batch inversion
for initialization. From the table, we confirm that pseudo-
batch inversion effectively extracts informative latents to re-
construct video evidenced by about 0.6dB and 1.3dB PSNR
increase compared with batch-synchronized noise initial-
ization used in SVI [13] and random noise initialization,
respectively. Notably, pseudo-batch inversion achieves x3
lower FVD compared to the batch-synchronized noise ini-
tialization which indicates a significant improvement in
temporal consistency. It is also evident in the visualization
of the ablation study shown in Fig. 6. The reconstruction re-
sults from random noise and batch-synchronized noise ini-
tialization fail to reconstruct the color of the cloud and are
temporally inconsistent. In contrast, our method success-
fully reconstructs the color of the cloud and temporally con-
sistent results. Furthermore, as shown in Table 5, pseudo-
batch inversion significantly improves sampling time effi-
ciency. This is because it reduces the total sampling steps,
and inversion does not require the measurement update pro-
cess, which involves encoding and decoding. As a result,
our method reconstructs high-definition video in under 6
seconds per frame on a single NVIDIA 4090 GPU.
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Time

Measurement
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Batch-consistent Random
noise noise

Ours

Ground Truth

Figure 6. Qualitative comparison of initialization strategies. Our
approach improves temporal consistency and precise restoration.

Update step! FVD| LPIPS| PSNRf SSIM?T
1 1150 0.281 27.55 0.799

5 2410  0.197 30.69 0.839
10 184.8  0.236 30.74  0.826
20 486.1 0.470 28.16 0.690

Table 6. Ablation study on the effect of optimization step /. Ten
update steps yield the best temporal consistency.

Effect of optimization step [ (in Step 3). In Table 6, we
present an ablation study on the effect of the CG update
step . The table confirms that the CG update is essential
for enhancing data consistency. We found that at least 5
iterations of CG updates yield satisfactory results, and 10
iterations produce the best results.

LPFA FVD] LPIPS| PSNRT SSIMt
NoLPF 209.7 0273 29.92 0.797

1 1863 0239 3059  0.819
V2 1848 0236  30.74  0.826
2 1793 0245 3081  0.832
2v/2 1914 0262 3089  0.837

Table 7. Ablation study on the effect of low-pass filtering parame-
ter A. A=2 yields the best temporal consistency.

Effect of LPF ) (in Step 4). Table 7 presents an ablation
study on the effect of low-pass filtering. The results confirm
that low-pass filtering enhances the reconstruction quality
as evidenced by all metrics. Specifically, low-pass filter-
ing results in approximately a 30-point decrease in FVD
and a 1.0dB increase in PSNR compared to the absence of
low-pass filtering. This improvement is also evident in the
visualizations in Fig. 7. In the second row of the figure,
undesired artifacts appear when low-pass filtering is not ap-
plied. In contrast, as shown in the third and fourth rows,

Measurement

No LPF

=1)

LPF (A

=2)

LPF (N

Ground Truth

Figure 7. Qualitative comparison of low-pass filtering parameter
. A=2 effectively removes artifacts from VAE errors.

these artifacts are effectively removed as the parameter A
increases. From a frequency-based perspective, we believe
that low-pass filtering effectively guides the updated latents
to remain within the desired denoised manifold, M, and
helps to mitigate error accumulation from the VAE.

5. Conclusion

In this paper, we proposed a novel framework for ad-
dressing high-definition video inverse problems using la-
tent diffusion models that introduce two new strategies.
First, a pseudo-batch consistent sampling strategy to man-
age intensive batch memory consumption with advanced
latent diffusion models (e.g., SDXL). To acquire a de-
noised batch, we conduct sequential sampling of each la-
tents rather than batch sampling to efficiently manage the
high memory consumption of advanced latent diffusion
models. Second, a pseudo-batch inversion for leveraging
informative latent as initialization is proposed. We con-
firmed that pseudo-batch inversion significantly improves
reconstruction performance in both traditional and percep-
tual quality metrics. Leveraging the powerful SDXL, our
method achieves state-of-the-art performance across diverse
spatio-temporal inverse problems, including challenging
tasks such as the combination of frame averaging with de-
blurring, super-resolution, and inpainting. Importantly, our
method supports multiple aspect ratios (landscape, vertical,
and square), making it versatile for different video formats
and delivering HD reconstructions in under 6 seconds per
frame on a single NVIDIA 4090 GPU. Overall, our frame-
work not only enhances video reconstruction quality but
also sets new standards for efficiency and flexibility in solv-
ing high-definition video inverse problems.
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