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Abstract

Diffusion models have demonstrated promising performance in real-world video
super-resolution (VSR). However, the dozens of sampling steps they require, make
inference extremely slow. Sampling acceleration techniques, particularly single-
step, provide a potential solution. Nonetheless, achieving one step in VSR re-
mains challenging, due to the high training overhead on video data and strin-
gent fidelity demands. To tackle the above issues, we propose DOVE, an effi-
cient one-step diffusion model for real-world VSR. DOVE is obtained by fine-
tuning a pretrained video diffusion model (i.e., CogVideoX). To effectively train
DOVE, we introduce the latent-pixel training strategy. The strategy employs a
two-stage scheme to gradually adapt the model to the video super-resolution task.
Meanwhile, we design a video processing pipeline to construct a high-quality
dataset tailored for VSR, termed HQ-VSR. Fine-tuning on this dataset further
enhances the restoration capability of DOVE. Extensive experiments show that
DOVE exhibits comparable or superior performance to multi-step diffusion-based
VSR methods. It also offers outstanding inference efficiency, achieving up to
a 28× speed-up over existing methods such as MGLD-VSR. Code is available
at: https://github.com/zhengchen1999/DOVE.

1 Introduction

Video super-resolution (VSR) is a long-standing task that aims to reconstruct high-resolution (HR)
videos from low-resolution (LR) inputs [11, 16]. With the rapid growth of smartphone photography
and streaming media, real-world VSR has become increasingly critical. Unlike the synthetic degrada-
tions (e.g., bicubic), real-world videos often suffer from complex and unknown degradation. This
makes high-quality video restoration difficult. To tackle this issue, numerous methods have been
proposed [51, 26, 37, 47, 60]. Among them, generative models, e.g., generative adversarial networks
(GANs), are widely adopted for their ability to synthesize fine details [8, 23, 5].

Recently, a new generative model, the diffusion model (DM), has rapidly gained popularity [10].
Compared with GANs, diffusion models exhibit stronger generative capabilities, especially those
pretrained on large-scale datasets [28, 27, 2, 59, 52]. Therefore, leveraging pretrained diffusion
models for VSR has become an increasingly popular direction. For instance, some methods adopt
pretrained text-to-image (T2I) models [50, 63] and incorporate temporal layers and optical flow
constraints to ensure consistency across frames. Meanwhile, some approaches directly employ the
text-to-video (T2V) model [9, 48], and use ControlNet to constrain video generation. By exploiting
the natural priors in pretrained models, these methods can realize more realistic restorations.
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Figure 1: Efficiency and performance comparisons on the real-world benchmark (i.e., VideoLQ [5]).
We provide qualitative (left) and quantitative (right) results. The running time (Time) is measured on
one A100 GPU using a 33-frame 720×1280 video. Our method achieves impressive performance
and excellent efficiency. Compared with MGLD-VSR [50], DOVE is approximately 28× faster.

However, existing diffusion-based VSR methods face several critical challenges: (1) Multi-step
sampling restricts efficiency. To generate high-quality HR videos, these models typically require
dozens of sampling steps. This seriously hinders the running efficiency. Moreover, for some
methods [50, 48], long videos are processed in time segments, which further amplifies this inefficiency.
(2) Additional modules increase overhead. Whether based on T2I or T2V models, many methods
often introduce auxiliary components [63, 9], e.g., ControlNet [57] or temporal layers, to realize
VSR. These additional modules further slow down inference. For example, when processing a 33-
frame 720p (720×1280) video on an NVIDIA A100 GPU, MGLD-VSR [50] takes 425.23 seconds,
while STAR [48] requires 173.07 seconds. Such high latency severely hinders the application of
diffusion-based video super-resolution methods in the real world.

One common approach to accelerating the diffusion model is to reduce the number of inference
steps [33, 22]. In this context, single-step inference has attracted widespread attention as an extreme
acceleration form. Prior studies have demonstrated that single-step diffusion models achieve impres-
sive results in image/video generation [30, 54, 61, 18] and image restoration [39, 45, 13] (e.g., image
super-resolution) tasks. However, in VSR, single-step diffusion models have rarely been studied.
There are two critical difficulties in realizing one-step inference in VSR: (1) Excessive video-training
cost. To enhance single-step models performance, some methods (e.g., DMD [55] and VSD [41, 45])
jointly optimize multiple networks. While manageable in the image domain, such overhead becomes
burdensome and unacceptable in video due to the multi-frame setting. (2) High-fidelity demands in
VSR. Some single-step video generation models improve generation quality via adversarial training
rather than multi-network distillation [61, 18]. However, the inherent instability of adversarial training
may introduce undesired details in results, hindering VSR performance [45].

To address these challenges, we propose DOVE, an efficient one-step diffusion model for real-world
video super-resolution. It is built by fine-tuning an advanced pretrained video generation model (i.e.,
CogVideoX [52]). Considering the strong representation and prior knowledge of the pretrained model,
we do not introduce additional components (e.g., optical flow module [50, 63] or ControlNet [48]).
This design can further improve the inference efficiency.

For effective DOVE training, we introduce the latent-pixel training strategy. Based on the above
analysis, we opt for the regression loss instead of distillation or adversarial losses to enhance training
efficiency. The strategy consists of two stages: Stage-1: Adaptation. In the latent space, we
minimize the gap between the predicted and HR latent representation. This enables the model to
learn one-step LR-to-HR mapping. Stage-2: Refinement. In the pixel space, we perform mixed
training using both images and short video clips. This stage enhances model restoration performance.
With the proposed training strategy, we can complete model fine-tuning within only 10K iterations.

Moreover, fine-tuning pretrained models on high-quality datasets is crucial for achieving strong
performance. However, in the field of VSR, suitable public datasets [63, 25] remain scarce. To
address this issue, we design a systematic video processing pipeline. Using the pipeling, we curate a
high-quality dataset of 2,055 videos, HQ-VSR, from existing large-scale sources. Equipped with the
latent-pixel training strategy and the HQ-VSR dataset, our DOVE achieves impressive performance.

As shown in Fig. 1, DOVE outperforms state-of-the-art multi-step diffusion-based VSR methods.
Simultaneously, due to one-step inference, our DOVE is up to 28× faster over previous diffusion-
based VSR methods, e.g., MGLD-VSR [50]. In summary, our contributions include:
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• We propose a novel one-step diffusion model, DOVE, for real-world VSR. To our knowledge,
this is the first diffusion-based VSR model with one-step inference.

• We design a latent-pixel training strategy and develop a video processing pipeline to construct
a high-quality dataset tailored for VSR, enabling effective fine-tuning of DOVE.

• Extensive experiments demonstrate that DOVE achieves state-of-the-art performance across
multiple benchmarks with remarkable efficiency.

2 Related Work

2.1 Video Super-Resolution

With the advancement of deep learning, numerous video super-resolution (VSR) methods have
emerged [11, 24, 16, 4]. These approaches (e.g., BasicVSR [4] and Vrt [16]) utilize a variety of
architectures, including recurrent-based [17, 32] and sliding-window-based [14, 53] models, and
have demonstrated promising results. However, these methods typically assume a fixed degradation
process [49, 53], which limits their performance when confronted with real-world degradation, which
is often more complex. To better address such scenarios, some methods, such as RealVSR [51] and
MVSR4x [37], have utilized HR-LR paired data from real environments. In contrast, others (e.g.,
RealBasicVSR [5]) have proposed variable degradation pipelines to enhance the model’s adaptability
to the complex degradations in real-world VSR. In addition, real-world VSR methods [60, 26, 47]
incorporate structural modifications to tackle these challenges. Despite the considerable development
in these domains, these methods still face persistent challenges in generating delicate textures.

2.2 Diffusion Model

Diffusion models [10] have demonstrated strong performance in visual tasks, driving the development
of both image generation models [28, 27, 29] and video generation models [2, 59]. These pretrained
models (e.g., Stable Diffusion [29] and I2VGen-XL [59]) offer rich generative priors, significantly
advancing downstream tasks such as video restoration. By leveraging pretrained diffusion models,
many video restoration methods [50, 63, 9, 48, 36, 15] can recover more realistic video textures.
Some approaches [50, 63, 15] adapt pretrained image generation models for VSR tasks, enhancing
them to address temporal inconsistencies between frames. For example, Upscale-A-Video [63]
employs temporal layers to train on a frozen pretrained model, thereby enhancing the temporal
consistency of the video. Meanwhile, other approaches [9, 48] utilize video generation models [59]
and incorporate ControlNet [57] to constrain video generation. However, these methods remain
limited by multi-step sampling, which hampers efficiency, and by the added modules, which increase
computational overhead, thereby impacting inference speeds.

2.3 One-Step Acceleration

A common method to accelerate diffusion models is reducing the number of inference steps, with
one-step acceleration gaining significant attention as an extreme approach. This technique leverages
methods such as rectified flow [19, 20], adversarial training [18, 61], and score distillation [55, 41].
Building on these methods, recent image super-resolution (ISR) studies [40, 13, 45, 7] have integrated
one-step diffusion. For instance, OSEDiff [45] applies variational score distillation [41] to improve
inference efficiency. However, directly applying these methods to VSR is impractical due to the high
computational cost associated with processing multiple video frames. Additionally, some methods
(e.g., SF-V [61] and Adversarial Post-Training [18]) have employed adversarial training to explore
one-step diffusion in video generation. However, adversarial training methods are inherently unstable.
Applying them in VSR, instead of multi-network distillation [55, 41], may introduce unwanted
artifacts that degrade the VSR performance [45]. In this paper, we introduce a novel and effective
one-step diffusion model that successfully accelerates the inference process of video super-resolution.

3 Method

In this section, we introduce the proposed efficient one-step diffusion model, DOVE. First, we present
the overall framework of DOVE, which is developed based on CogVideoX to achieve one-step video
super-resolution (VSR). Then, we describe two key designs that facilitate high-quality fine-tuning:
the latent-pixel training strategy and the video processing pipeline.
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Figure 2: Overview of the framework and training strategy of DOVE. Our method performs one-step
sampling to reconstruct HR videos (xsr) from LR inputs (xlr). To enable effective training, we adopt
the two-stage latent-pixel training strategy. Stage-1 (latent-space): Minimize the difference between
the predicted and HR latents. Stage-2 (pixel-space): Improve detail generation using mixed image /
video training, where the data branch at each iteration is controlled by image ratio (φ). To reduce
memory cost, video is processed frame-by-frame in the encoder and decoder.

3.1 Overall Framework
We construct our one-step diffusion network, DOVE, based on a powerful pretrained text-to-video
model (i.e., CogVideoX [52]). CogVideoX employs a 3D causal VAE to compress videos into
the latent space and uses a Transformer denoiser vθ for diffusion. Leveraging its strong priors,
our method can better handle the complexities of real-world scenarios. Meanwhile, to enhance
inference efficiency, we do not introduce any auxiliary modules like previous methods [50, 63, 9],
such as temporal layers or ControlNet. Instead, we design a two-stage training strategy and curate a
high-quality dataset specifically for the VSR task, enabling strong performance with high efficiency.

The overall architecture of DOVE is illustrated in Fig. 2. Specifically, given a low-resolution (LR)
video xlr, we first upscale it to the target high resolution using bilinear interpolation. The upscaled
video is then encoded into a latent representation zlr by the VAE encoder E . Following previous
works [46, 45], we take zlr as the starting point of the diffusion process. That is, we treat zlr as the
noised latent zt at a specific timestep t, which is originally formulated as:

zt =
√
ᾱtz+

√
1− ᾱtϵ, ᾱt =

t∏
s=1

(αt), αt = 1− βs, (1)

where ϵ is the Gaussian noise, z is the “clean” latent sample, and β is the noise factor. Afterwards, a
single denoising step is performed through Transformer vθ, yielding the “clean” latent zsr (i.e., z in
Eq. (1)). Since CogVideoX adopts the v-prediction formulation, the denoising process is defined as:

zsr =
√
ᾱtzlr −

√
1− ᾱtvθ (zlr, c, t) . (2)

Unlike the previous approach [45] that set t to the total diffusion step (i.e., 999 in CogVideoX), we
choose a smaller value. This is based on the observation that early diffusion steps focus on global
structure while later steps refine fine details. Since the LR video already contains sufficient structural
information, starting from the beginning is not needed. Conversely, a tiny t (i.e., late step) would
hinder the removal of degradation. Therefore, we empirically set t=399. Finally, the latent zsr is
decoded by the VAE decoder D to obtain the output video xsr, as the restoration results.

3.2 Latent-Pixel Training Strategy
The framework described above enables us to adapt a generative model for the VSR task. However,
since the model is designed for multi-step sampling and the distribution of zlr and zt are not
consistent, the pretrained model cannot be directly applied. Thus, fine-tuning is required to ensure
that the reconstructed output xsr, closely matches the high-resolution (HR) ground truth xhr.

Nevertheless, many one-step fine-tuning strategies developed for images (e.g., DMD [55] and
VSD [41] are not available in the video domain, as the video data volume is larger (due to multiple
frames). Besides, adversarial training, which is commonly applied in single-step video generation [61,
18], is less suitable for VSR. This is because the inherent instability of adversarial training may lead
to undesired details in the results, which are misaligned with the high-fidelity requirements of VSR.
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To enable effective training for DOVE, we design a novel latent-pixel training strategy. We adopt
the regression loss, instead of distillation or adversarial learning, to improve training efficiency. In
addition, we only fine-tune the Transformer component, preserving the priors in the pretrained VAE.
The strategy is illustrated in Fig. 2, which consists of a two-stage training process.

Stage-1: Adaptation. With the VAE decoder D fix, making the predicted xsr close to the high-quality
xhr, corresponds to minimizing the difference between zsr and the HR video latent zhr.

Due to the high compression ratio of the VAE, training in latent space is more efficient than in pixel
space. Therefore, we first minimize the difference between zsr and zhr. As illustrated in Fig. 2, both
the LR and HR videos are first encoded into latent representations via the VAE encoder E . We then
train the Transformer vθ using the MSE loss (denoted as Ls1). The process is denoted as:

Ls1 = Lmse(zsr, zhr) =
1

|zhr|
∥∥zsr − zhr

∥∥2
2
. (3)

Benefiting from the high computational efficiency in the latent space, we can train the model on
videos with longer frame sequences. This enables the model to better handle long-duration video
inputs, which are common but challenging in video super-resolution tasks.

Stage-2: Refinement. After the first training stage, the model can achieve LR to HR video mapping
to a certain extent. However, we observe that the output xsr exhibits noticeable gaps from the
ground-truth xhr. This may be because in the latent space, although zsr is close to zhr, the slight
gap will be further amplified after passing through the VAE decoder D. Therefore, further fine-tuning
in pixel space is necessary to reduce reconstruction errors. However, the large volume of video data
makes the training overhead in pixel space unacceptable.

To address this issue, we introduce image data for the second stage fine-tuning. An image can
be treated as a single-frame video, whose data volume is much smaller than that of multi-frame
sequences, making pixel-domain training feasible. As illustrated in Fig. 2, we minimize the MSE
loss between the output image x̂sr and the HR image x̂hr. Meanwhile, we additionally adopt the
perceptual DISTS [6] loss, Ldists, to better preserve texture details. The total image loss is defined as:

Ls2-image = Lmse(x̂sr, x̂hr) + λ1 Ldists(x̂sr, x̂hr), (4)
where λ1 is the perceptual loss scaler. After fine-tuning on images in pixel space, the restoration
detail is greatly improved. However, since the model is trained only on single-frame data, it exhibits
instability when handling multi-frame videos, which adversely affects overall performance. To
resolve this issue, we reintroduce video data and adopt a mixed image/video training strategy.

Specifically, we revisited the memory bottlenecks during video training. We find that the VAE is the
primary constraint. Inspired by the success of image-only training, we process videos frame-by-frame
through the VAE encoder E and decoder D. This avoids multi-frame memory spikes. Meanwhile, the
Transformer continues to operate on the complete latent. The process (as in Fig. 2) is defined as:

z
(t)
lr = E

(
x
(t)
lr

)
, t = 1, . . . , n, zlr =

[
z
(1)
lr , z

(2)
lr , . . . , z

(n)
lr

]
, zsr = Φθ

(
zlr

)
,

x(t)
sr = D

(
z(t)sr

)
, t = 1, . . . , n, xsr =

[
x(1)
sr , x

(2)
sr , . . . , x

(n)
sr

]
,

(5)

where x
(t)
lr and x

(t)
sr mean the t-th frame of LR and SR video, respectively; n is the frame number;

Φθ(·) denotes the one-step denoising process based on Transformer vθ defined in Eq. (2). As with
the image-level training, we apply MSE loss and the perceptual DISTS loss. Additionally, to enforce
frame consistency, we introduce a frame difference loss:

Lframe(xsr,xhr) =
1

n− 1

n∑
t=2

∥∥∆x(t)
sr −∆x

(t)
hr

∥∥
1
, ∆x(t) := x(t) − x(t−1), (6)

where ∆x(t) captures the frame-to-frame change. The total loss for video training is computed as:
Ls2-video = Lmse(xsr,xhr) + λ1 Ldists(xsr,xhr) + λ2 Lframe(xsr,xhr), (7)

where λ2 is the frame loss scaler. By including video data in training, the stability of video processing
is improved, further enhancing video restoration performance.

In summary, our mixed training strategy (combining image and video) in the pixel domain, effectively
enhances restoration performance and robustness on videos. Besides, we introduce a hyperparameter
φ to control the ratio between image and video samples. We study the effect of φ in Sec. 4.2.
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Figure 3: The illustration of the video processing pipeline (four steps). Based on this pipeline, we
construct HQ-VSR, a high-quality dataset tailored for the VSR task.

3.3 Video Processing Pipeline

Motivation. Fine-tuning on high-quality datasets can significantly improve the performance of
pretrained models on downstream tasks. However, in the domain of video super-resolution (VSR),
suitable public datasets remain scarce. Current VSR methods typically apply the following data: (1)
conventional video datasets, e.g., REDS [24]; (2) self-collected videos, e.g., YouHQ [63]; and (3)
publicly text-video datasets, e.g., WebVid-10M [1] and OpenVid-1M [25].

Nevertheless, these datasets have some limitations: (1) some contain relatively few data and scenarios;
(2) some lack proper curation or filtering specifically for VSR. As a result, fine-tuning on these
datasets cannot fully realize the potential of pretrained models in the VSR task.

Pipeline. To address the aforementioned limitations, we propose a systematic video processing
pipeline to construct a high-quality dataset tailored for VSR. As shown in Fig. 3, the pipeline is:

Step 1: Metadata Filtering. We begin with a coarse filtering process based on metadata, i.e., video
resolution and frame count. We extract all videos with a shorter side that exceeds 720 pixels and over
50 frames. As VSR often targets large-sized videos, the matching training data is required.

Step 2: Scene Filtering. Following prior work [2], we perform scene detection, segmenting videos
into distinct scenes. We discard short clips with fewer than 50 frames. This step reduces cuts and
transitions, which are unsuitable for the model to learn coherent video semantics.

Step 3: Quality Filtering. Next, we score each video with multiple quality metrics. While previous
works [62, 25] have used metrics like the LAION aesthetic model [31], these are insufficient, since
VSR pays more attention to detail quality. Therefore, we incorporate more metrics: CLIP-IQA [35],
FasterVQA [43], and DOVER [44]. With more metrics, we achieve stricter filtering.

Step 4: Motion Processing. Finally, we eliminate videos with insufficient motion. We first estimate
optical flow to calculate the motion score, following prior methods [62, 2]. Although the score can
filter some still videos, the global score is suboptimal for VSR. In VSR, training data is typically
generated via cropping rather than resizing from HR video to preserve fine details. However, high-
motion videos may contain static regions (e.g., speech backgrounds in Fig. 3), yielding static crops.

To address this, we introduce the motion area detection algorithm for localized processing (see Fig. 3).
We generate a motion intensity map M from the optical flow F, and apply a threshold τ to produce a
motion mask. Then, we determine the motion areas based on the mask. To ensure sufficient context,
we expand the bounding box by a fixed padding p. The procedure is defined as:

Mij = ∥Fij∥2, S = { (i, j) ∈ Ω | Mij > τ},
B =

(
min

(i,j)∈S
i− p, min

(i,j)∈S
j − p, max

(i,j)∈S
i+ p, max

(i,j)∈S
j + p

)
, (8)

where Ω⊂Z2 is the set of all pixel indices; Fij denotes the optical-flow vector at pixel (i, j); S is the
motion mask; and B is the bounding box corresponding to motion areas. Finally, we crop the video
according to the bounding box B, and discard the cropped region with resolution lower than 720p.

HQ-VSR. We apply the proposed pipeline to the public dataset OpenVid-1M [25], which contains
diverse scenes. Based on this, we extract 2,055 high-quality video samples suitable for VSR, forming
a new dataset, HQ-VSR. The detailed pipeline configuration is provided in the supplementary material.
Fine-tuning our DOVE on the HQ-VSR yields superior performance compared to other datasets.
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Training Stage S1 S1+S2-I S1+S2-I/V

PSNR ↑ 27.20 26.39 26.48
LPIPS ↓ 0.3037 0.2784 0.2696
CLIP-IQA ↑ 0.3236 0.5085 0.5107
DOVER ↑ 0.6154 0.7694 0.7809

(a) Ablation on training strategy.

Image Ratio 0% (video) 20% 50% 80% 100% (image)

PSNR ↑ 26.41 26.41 26.44 26.48 26.39
LPIPS ↓ 0.2624 0.2617 0.2686 0.2696 0.2784
CLIP-IQA ↑ 0.4800 0.5012 0.5027 0.5107 0.5085
DOVER ↑ 0.7647 0.7701 0.7751 0.7809 0.7694

(b) Ablation on image ratio (φ) in stage-2.

Dataset PSNR ↑ LPIPS ↓ CLIP-IQA ↑ DOVER ↑

YouHQ 26.88 0.3383 0.2496 0.3965
OpenVid-1M 27.04 0.3376 0.2683 0.4363
HQ-VSR 27.20 0.3037 0.3236 0.6154

(c) Ablation on training dataset.

Pipeline PSNR ↑ LPIPS ↓ CLIP-IQA ↑ DOVER ↑

OpenVid-1M 27.04 0.3376 0.2683 0.4363
+Filter 27.09 0.3236 0.2894 0.5357
+Motion 27.20 0.3037 0.3236 0.6154

(d) Ablation on processing pipeline.

Table 1: Ablation study. Evaluation is conducted on UDM10. (a) S1/S2: stage-1/2; I: image-only
training; I/V: image-video mixed training. (b) 0%: video-only; 100%: image-only. (c): Experiments
on stage-1. (d) +Filter: apply steps 1~3; +Motion: further apply step 4 (motion processing).

4 Experiments

4.1 Experimental Settings

Datasets. The training dataset comprises video and image datasets. The video dataset, HQ-VSR,
includes 2,055 high-quality videos, and adopts the RealBasicVSR [5] degradation pipeline to syn-
thesize LQ-HQ pairs. The image dataset is DIV2K [3], with 900 images, which follows the Real-
ESRGAN [38] degradation process. For evaluation, we apply both synthetic and real-world datasets.
The synthetic datasets include UDM10 [34], SPMCS [53], and YouHQ40 [63], using the same degra-
dations as training. For real-world datasets, we apply RealVSR [51], MVSR4x [37], and VideoLQ [5].
RealVSR and MVSR4x contain real-world LQ-HQ pairs captured via mobile phones, while VideoLQ
is Internet-sourced without HQ references. All experiments are conducted with a scaling factor ×4.

Evaluation Metrics. We adopt multiple evaluation metrics to assess model performance, which
are categorized into two types: image quality assessment (IQA) and video quality assessment
(VQA). The IQA metrics include two fidelity measures: PSNR and SSIM [42]. We also use some
perceptual quality IQA metrics: LPIPS [58], DISTS [6], and CLIP-IQA [35]. For VQA, we employ
FasterVQA [43] and DOVER [44] to evaluate overall video quality. Meanwhile, we adopt the flow
warping error E∗

warp, refers to Ewarp (×10−3) [12], to assess temporal consistency. Through these
metrics, we conduct a comprehensive evaluation of video quality.

Implementation Details. Our DOVE is based on the text-to-video model, CogVideoX1.5 [52]. We
use an empty text as the prompt, which is pre-encoded in advance to reduce inference overhead.
The proposed two-stage training strategy is then applied for fine-tuning. Both stages are trained on
4 NVIDIA A800-80G GPUs with the total batch size 8. We use the AdamW optimizer [21] with
β1=0.9, β2=0.95, and β3=0.98. In stage-1, training is conducted on video data. The videos have a
resolution of 320×640 and a frame length of 25. The model is trained for 10,000 iterations with a
learning rate of 2×10−5. In stage-2, both video and image data are used, with φ=0.8 (i.e., images
comprising 80% of the input). All inputs have a resolution of 320×640. The model is trained for 500
iterations with a learning rate of 5×10−6. The loss weights λ1 and λ2 are set to 1.

4.2 Ablation Study

We investigate the effectiveness of the proposed latent-pixel training strategy and video processing
pipeline. All training configurations are kept consistent with settings described in Sec. 4.1. We
evaluate all models on UDM10 [34]. Results are presented in Tab. 1.

Training Strategy. We study the effects of the latent-pixel training strategy, as shown in Tab. 1a.
In the stage-1 (S1), where training is conducted in latent space with MSE loss, the results tend
to be overly smooth, leading to lower perceptual performance. After fine-tuning in pixel space
during stage-2 (S2), perceptual metrics (i.e., LPIPS, CLIP-IQA, and DOVER), improve significantly.
Furthermore, using a mixed training scheme with both images and videos in stage-2 (S2-I/V) leads to
further performance gains, demonstrating the effectiveness of hybrid training.

7



RealESRGAN ResShift RealBasicVSR Upscale-A-Video MGLD-VSR VEnhancer STAR DOVEDataset Metric [38] [56] [5] [63] [50] [9] [48] (ours)

UDM10

PSNR ↑ 24.04 23.65 24.13 21.72 24.23 21.32 23.47 26.48
SSIM ↑ 0.7107 0.6016 0.6801 0.5913 0.6957 0.6811 0.6804 0.7827
LPIPS ↓ 0.3877 0.5537 0.3908 0.4116 0.3272 0.4344 0.4242 0.2696
DISTS ↓ 0.2184 0.2898 0.2067 0.2230 0.1677 0.2310 0.2156 0.1492
CLIP-IQA ↑ 0.4189 0.4344 0.3494 0.4697 0.4557 0.2852 0.2417 0.5107
FasterVQA ↑ 0.7386 0.4772 0.7744 0.6969 0.7489 0.5493 0.7042 0.8064
DOVER ↑ 0.7060 0.3290 0.7564 0.7291 0.7264 0.4576 0.4830 0.7809
E∗

warp ↓ 4.83 6.12 3.10 3.97 3.59 1.03 2.08 1.77

SPMCS

PSNR ↑ 21.22 21.68 22.17 18.81 22.39 18.58 21.24 23.11
SSIM ↑ 0.5613 0.5153 0.5638 0.4113 0.5896 0.4850 0.5441 0.6210
LPIPS ↓ 0.3721 0.4467 0.3662 0.4468 0.3263 0.5358 0.5257 0.2888
DISTS ↓ 0.2220 0.2697 0.2164 0.2452 0.1960 0.2669 0.2872 0.1713
CLIP-IQA ↑ 0.5238 0.5442 0.3513 0.5248 0.4348 0.3188 0.2646 0.5690
FasterVQA ↑ 0.7213 0.5463 0.7307 0.6556 0.6745 0.4658 0.4076 0.7245
DOVER ↑ 0.7490 0.4930 0.6753 0.7171 0.6754 0.4284 0.3204 0.7828
E∗

warp ↓ 5.61 8.07 1.88 4.22 1.68 1.19 1.01 1.04

YouHQ40

PSNR ↑ 22.82 23.32 22.39 19.62 23.17 19.78 22.64 24.30
SSIM ↑ 0.6337 0.6273 0.5895 0.4824 0.6194 0.5911 0.6323 0.6740
LPIPS ↓ 0.3571 0.4211 0.4091 0.4268 0.3608 0.4742 0.4600 0.2997
DISTS ↓ 0.1790 0.2159 0.1933 0.2012 0.1685 0.2140 0.2287 0.1477
CLIP-IQA ↑ 0.4704 0.4633 0.3964 0.5258 0.4657 0.3309 0.2739 0.4985
FasterVQA ↑ 0.8401 0.7024 0.8423 0.8460 0.8363 0.7022 0.5586 0.8494
DOVER ↑ 0.8572 0.6855 0.8596 0.8596 0.8446 0.6957 0.5594 0.8574
E∗

warp ↓ 5.91 5.75 3.08 6.84 3.45 0.95 2.21 2.05

RealVSR

PSNR ↑ 20.85 20.81 22.12 20.29 22.02 15.75 17.43 22.32
SSIM ↑ 0.7105 0.6277 0.7163 0.5945 0.6774 0.4002 0.5215 0.7301
LPIPS ↓ 0.2016 0.2312 0.1870 0.2671 0.2182 0.3784 0.2943 0.1851
DISTS ↓ 0.1279 0.1435 0.0983 0.1425 0.1169 0.1688 0.1599 0.0978
CLIP-IQA ↑ 0.7472 0.5553 0.2905 0.4855 0.4510 0.3880 0.3641 0.5207
FasterVQA ↑ 0.7436 0.6988 0.7789 0.7403 0.7707 0.8018 0.7338 0.7959
DOVER ↑ 0.7542 0.7099 0.7636 0.7114 0.7508 0.7637 0.7051 0.7867
E∗

warp ↓ 6.32 9.55 4.45 6.25 3.16 5.15 9.88 3.52

MVSR4x

PSNR ↑ 22.47 21.58 21.80 20.42 22.77 20.50 22.42 22.42
SSIM ↑ 0.7412 0.6473 0.7045 0.6117 0.7418 0.7117 0.7421 0.7523
LPIPS ↓ 0.4534 0.5945 0.4235 0.4717 0.3568 0.4471 0.4311 0.3476
DISTS ↓ 0.3021 0.3351 0.2498 0.2673 0.2245 0.2800 0.2714 0.2363
CLIP-IQA ↑ 0.4396 0.5003 0.4118 0.6106 0.3769 0.3104 0.2674 0.5453
FasterVQA ↑ 0.3371 0.4723 0.7497 0.7663 0.6764 0.3584 0.2840 0.7742
DOVER ↑ 0.2111 0.3255 0.6846 0.7221 0.6214 0.3164 0.2137 0.6984
E∗

warp ↓ 1.64 3.89 1.69 5.10 1.55 0.62 0.61 0.78

VideoLQ

CLIP-IQA ↑ 0.3617 0.4049 0.3433 0.4132 0.3465 0.3031 0.2652 0.3484
FasterVQA ↑ 0.7381 0.5909 0.7586 0.7501 0.7412 0.6769 0.7028 0.7764
DOVER ↑ 0.7310 0.6160 0.7388 0.7370 0.7421 0.6912 0.7080 0.7435
E∗

warp ↓ 7.58 7.79 5.97 13.47 6.79 6.495 5.96 5.85

Table 2: Quantitative comparison with state-of-the-art methods. The best and second best results are
colored with red and blue. Our method outperforms on various datasets and metrics.

Image Ratio (φ). We further investigate the impact of the image data ratio in stage-2. The results are
presented in Tab. 1b. Specifically, ratio-0% denotes training with video data only, while 100% uses
only image data. Neither alone yields optimal results, since videos suffer from lower quality due to
hardware limitations; while with higher quality are limited by the single-frame nature. Conversely,
mixing both offers complementary strengths and improves overall performance. Based on the
experiments, we finally set the image ratio to 80% (i.e., φ=0.8).
Training Dataset. We compare different training datasets. To eliminate the influence of image data,
we conduct training only in stage-1. The results are listed in Tab. 1c. For OpenVid-1M [25], we
select videos with a resolution higher than 1080p (1080×1920), resulting in approximately 0.4M
videos. The YouHQ dataset [63] contains 38,576 1080p videos. We observe substantial performance
variation across datasets. Notably, our proposed HQ-VSR dataset achieves superior performance
despite containing 2,055 videos, which is significantly fewer than the other datasets.
Video Processing Pipeline. We also performed an ablation on the proposed video processing
pipeline. The results are presented in Tab. 1d. First, we apply the filtering steps (i.e., +Filter),
including metadata, scene, and quality filtering) to the raw dataset (i.e., OpenVid-1M [25]). Although
OpenVid has undergone some preprocessing, applying more filtering tailored to VSR further improves
data quality. Then, we apply motion processing on the filtered data to exclude static videos and
regions. This leads to further performance gains, confirming the benefit of motion detection cropping.

4.3 Comparison with State-of-the-Art Methods
We compare our efficient one-step diffusion model, DOVE, with recent state-of-the-art image and
video super-resolution methods: RealESRGAN [38], ResShift [56], RealBasicVSR [5], Upscale-A-
Video [63], MGLD-VSR [50], VEnhancer [9], and STAR [48].
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YouHQ40: 036

HR LR ResShift [56] Upscale-A-Video [63]

MGLD-VSR [50] VEnhancer [9] STAR [48] DOVE (ours)

VideoLQ: 041

LR ResShift [56] RealBasicVSR [5] Upscale-A-Video [63]

MGLD-VSR [50] VEnhancer [9] STAR [48] DOVE (ours)

Figure 4: Visual comparison on synthetic (YouHQ40 [63]) and real-world (VideoLQ [5]) datasets.
The videos in VideoLQ are sourced from the Internet without high-resolution (HQ) references.

LR

GT

Upscale-A-Video

STAR

DOVE (ours)

MGLD-VSR

t x
LR

GT

Upscale-A-Video

STAR

DOVE (ours)

MGLD-VSR

t x

Figure 5: Comparison of temporal consistency
(stacking the red line across frames).

Method Step Time (s) Performance

Upscale-A-Video [63] 30 279.32 0.7370
MGLD-VSR [50] 50 425.23 0.7421
VEnhancer [9] 15 121.27 0.6912
STAR [48] 15 173.07 0.7080
DOVE (ours) 1 14.90 0.7435

Table 3: Comparison of inference step (Step), run-
ning time (Time), and DOVER on VideoLQ (Per-
formance) of different diffusion-based methods.

Quantitative Results. We present quantitative comparisons in Tab. 2. Our DOVE achieves out-
standing performance across diverse datasets. For fidelity metrics (i.e., PSNR and SSIM), our model
achieves the best performance on most datasets. For perceptual metrics (i.e., LPIPS, DISTS, and
CLIP-IQA), the DOVE ranks first or second on five datasets. Furthermore, for video-specific metrics
regarding quality (i.e., FasterVQA and DOVER) and consistency (e.g., E∗

warp), the DOVE also
performs strongly. Besides, we provide more comparison results in the supplementary material.

Qualitative Results. We provide visual comparisons on both synthetic (i.e., YouHQ40) and real-
world (i.e., VideoLQ) videos in Fig. 4. Our DOVE produces more realistic results. For instance, in the
first case, DOVE successfully reconstructs the brick pattern, while other methods yield overly smooth
or inaccurate results. Similarly, in the second example, our method delivers sharper restoration. More
visual results are provided in the supplementary material.

Temporal Consistency. We also visualize the temporal profile in Fig. 5. We can observe that existing
methods struggle under complex degradations, exhibiting misalignment (e.g., Upscale-A-Video [63]
and STAR [48]) or blurring (e.g., MGLD-VSR [50]). In contrast, our method achieves excellent
temporal consistency, with smooth transitions and rich details across frames. This is due to the strong
prior of the pretrained model and our effective latent-space training strategy.

Running Time Comparisons. We compare the inference step (Step), running time (Time), and
performance (DOVER on VideoLQ [5]) of different diffusion-based video super-resolution methods
in Tab. 3. For fairness, all methods are measured running time on the same A100 GPU, generating a
33-frame 720×1280 video. Our method is approximately 28× faster than MGLD-VSR [50]. Even
compared with the fastest compared method, VEnhancer [9], the DOVE is 8 times faster. More
comprehensive analyses are provided in the supplementary material.

5 Conclusion
In this paper, we propose an efficient one-step diffusion model, DOVE, for real-world video super-
resolution (VSR). DOVE is constructed based on the pretrained video generation model, CogVideoX.
To enable effective fine-tuning, we introduce the latent-pixel training strategy. It is a two-stage
scheme that gradually adapts the pretrained video model to the VSR task. Moreover, we construct
a high-quality dataset, HQ-VSR, to further enhance performance. The dataset is generated by our
proposed video processing pipeline, which is tailored for VSR. Extensive experiments demonstrate
that our DOVE outperforms state-of-the-art methods with high efficiency.
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reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: The paper does not include theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We have provided implementation details in the experiments section. We will
also release all the code and models.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [No]
Justification: Firstly, we provide very detailed instructions (e.g., method descriptions and
implementation details) to reproduce our dataset and results. Secondly, we promise to
release the code, dataset, and all models.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We have provided implementation details, which cover the above questions.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: Please refer to the experiment part.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Please refer to experiment part.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Please refer to the supplementary file.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: This work poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We have credited most previous works in the paper. The license and terms are
respected properly
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We will release code and models. In the paper, we have provided implementa-
tion details and other content to reproduce our results.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: LLMs were not used as part of the core methodology or experimental pipeline.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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