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Figure 1. Visualization comparisons on both real-world and synthetic low-resolution videos. Compared to the state-of-the-art VSR
methods Real ViFormer (Zhang & Yao, 2024), STAR (Xie et al., 2025b), SeedVR2 (Wang et al., 2025a), our results demonstrate more
natural facial details and better structure of the plants. (Zoom-in for best view)

Abstract

Recent advances in video diffusion models have
demonstrated remarkable generative capability,
yet adapting these large pretrained text-to-video
(T2V) models to video super-resolution (VSR)
typically encounters challenges, such as arti-
facts introduced by complex degradations in real-
world scenarios and compromised fidelity due
to the strong generative capacity of the power-
ful T2V models. We present WEVSR, a novel
approach that adapts a pretrained flow-matching
video diffusion transformer to VSR. First, we
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design a task-oriented adaptation strategy that
leverages timestep sampling and noise augmenta-
tion to enhance detail restoration while preserv-
ing structural stability. Second, we propose a
lightweight multi-level discrete wavelet transform
(DWT) front-end for the VAE encoder, inject-
ing explicit frequency priors into the latent space
without modifying the pretrained decoder. Ex-
tensive experiments across multiple VSR bench-
marks demonstrate that WEVSR achieves state-of-
the-art performance against existing approaches.
Code and models will be released here.

1. Introduction

Real-world video super-resolution (RealVSR) aims to re-
construct high-resolution (HR) and temporally stable videos
from low-resolution (LR) inputs suffering from complex
degradations such as compression artifacts, motion blur,
noise, and aliasing (Wang et al., 2021; Yang et al., 2021;
Chan et al., 2022b; Zhang & Yao, 2024; Zhou et al., 2024a).
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Despite the rapid progress of synthetic VSR benchmarks,
Real VSR remains fundamentally challenging because the
complex degradation process is unknown, spatial-temporal
correlations are easily disrupted, and high-frequency details
are often irreversibly lost. Recent diffusion- and transformer-
based approaches attempt to address these issues by enhanc-
ing temporal modeling or introducing generative priors, yet
their performance is still constrained by limited data di-
versity, insufficient generative capacity, or weak frequency
modeling under real-world scenarios.

In parallel, large-scale video generative models, especially
diffusion transformers (Peebles & Xie, 2023; Esser et al.,
2024b) trained with flow-matching objectives (Lipman
et al., 2022; Liu et al., 2022), have demonstrated remark-
able ability to synthesize high-quality, temporally coherent
videos (HaCohen et al., 2024; Wan et al., 2025). These mod-
els learn rich spatial-temporal priors from massive video
corpora, capturing natural motion patterns, structural regu-
larities, and fine-grained textures far beyond what conven-
tional VSR models can access. This raises an intriguing
question: How to adapt a powerful video generative model
to Real VSR, without retraining it from scratch or compro-
mising its generative priors? The generative training ob-
jective differs fundamentally from the restoration objective,
since the VAE encoder—decoder is optimized for synthe-
sis rather than reconstruction, and real-world degradations
often break the assumptions embedded in generative priors.

To address these challenges, we propose a wavelet-enhanced
video super-resolution (WEVSR) approach, adapting a pre-
trained flow-based video diffusion transformer (DiT) for
Real VSR. Our approach is built upon two key insights. First,
the flow-matching process can be guided toward restoration-
friendly behavior by modifying the noise—timestep dynam-
ics. We design a task-oriented adaptation strategy that in-
corporates detail-oriented timestep sampling strategy and
flow-based noise augmentation, enabling the model to better
preserve global structures while enhancing robustness to
real-world degradations. These mechanisms reshape the
flow trajectory in a way that improves detail recovery with-
out destabilizing temporal consistency.

Furthermore, the VAE encoder used in video generative
models is inherently limited in capturing high-frequency in-
formation (Lai et al., 2025), as it is optimized for perceptual
synthesis rather than precise reconstruction. To compen-
sate for this limitation, we introduce a multi-level discrete
wavelet transform (DWT) front-end before the VAE encoder.
This module injects explicit frequency decomposition into
the latent representation while maintaining full compatibil-
ity with the pretrained decoder. By exposing the encoder to
multi-scale frequency cues, the diffusion transformer back-
bone gains a stronger ability to reconstruct textures, edges,
and aliasing patterns under complex degradations.

Extensive experiments on various benchmarks verify that
WEVSR achieves the state-of-the-art performance in both
perceptual and fidelity quality. The qualitative comparison
in Figure 1 show that our method produces sharper details,
fewer artifacts, and more consistent motion across frames.

Our contributions are summarized as follows:

* We introduce the multi-level DWT for pixel-to-latent
transfer and propose a wavelet-enhanced VAE encoder
architecture, injecting frequency priors while keeping
the latent space unchanged.

* We adapt a pretrained flow-based video DiT to Re-
alVSR with a fidelity-aware condition controller to
enhance detail recovery and structural stability.

» Extensive experiment demonstrate the state-of-the-art
performance of our proposed approach on multiple
Real VSR benchmarks.

2. Related Works

Video super-resolution (VSR). Video super-resolution has
evolved from early CNN- and RNN-based architectures to
more advanced transformer-based frameworks. Classical
VSR methods (Caballero et al., 2017; Jo et al., 2018; Wang
etal., 2019; Li et al., 2020; Chan et al., 2021; 2022a) focused
on motion compensation, optical-flow—based alignment,
and multi-frame fusion, but their performance drops signifi-
cantly under real-world degradations where blur, noise, com-
pression, and aliasing interact unpredictably. Transformer-
based VSR (Liang et al., 2022; Zhao et al., 2022; Zhou et al.,
2024b; Xu et al., 2024) improves long-range temporal mod-
eling and motion reasoning, yet still struggles with unstable
temporal correlations. Recent Real VSR works attempt to
address these issues through degradation-aware modeling,
temporal consistency constraints, or large-scale data aug-
mentation, but their generative capacity remains limited
by the scale and diversity of available training data. As
highlighted by TurboVSR (Wang et al., 2025c), even strong
architectures often fail to generalize when facing complex,
mixed degradations, motivating the need for stronger priors
and more robust restoration paradigms.

Video Synthesis. Large-scale video generative models have
recently achieved remarkable progress, particularly diffu-
sion transformers trained with flow-matching objectives.
These models learn powerful spatial-temporal priors from
massive video corpora, capturing natural motion dynamics,
structural regularities, and fine-grained textures. Frame-
works like WAN (Wan et al., 2025) and LTX-Video (Ha-
Cohen et al., 2024) demonstrate strong capabilities in syn-
thesizing high-quality, temporally coherent videos. Their
learned priors offer a promising direction for video restora-
tion, as they encode rich distributions of natural motion and
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Figure 2. Overview of the proposed WEVSR framework. The input video frames are transferred to the latent variables by the multi-level
wavelet-enhanced VAE encoder. The fidelity-aware condition controller then augments the latents via adding flow-based noise with
fidelity-aware timestep sampling. At last, the VAE decoder reconstructs the denoise latents to high-quality videos.

texture. However, directly applying video generative models
to VSR is challenging due to mismatched training objec-
tives, limited reconstruction ability of VAE encoders, and
the difficulty of handling real-world degradations without
destabilizing temporal consistency.

Diffusion-based VSR. Existing diffusion-based VSR meth-
ods introduce temporal consistency modules, degradation-
aware noise modeling, or multi-stage refinement strategies
to stabilize the denoising trajectory (Zhou et al., 2024a; Xie
et al., 2025b; Wang et al., 2025b; Li et al., 2025; Sun et al.,
2025; Chen et al., 2025). While these approaches demon-
strate promising results, they often require heavy retraining,
rely on synthetic degradation assumptions, or operate on
limited-scale VSR datasets, restricting their generative pri-
ors. Recent works (Zhuang et al., 2025; Xie et al., 2025a;
Wang et al., 2025a) explore streaming-friendly diffusion,
latent-cascaded restoration, or adversarial post-training, yet
the gap between video generation and VSR remains sub-
stantial. In particular, current diffusion-based VSR methods
rarely exploit the full potential of pretrained video DiTs.

3. Method

Our goal is to adapt a pretrained flow-based video diffusion
transformer (DiT) to Real VSR in a training-efficient and
degradation-robust manner. The proposed WEVSR frame-
work consists of three key components: (1) a multi-level
wavelet-enhanced VAE encoder that exploits frequency pri-
ors for pixel-to-latent compression, (2) a fidelity-aware con-
dition controller that enables task-oriented adaptation, and
(3) a video restoration pipeline that leverages the pretrained
video DiT while keeping most of its generative priors. The
overall architecture is illustrated in Figure 2. We use WAN-
2.1 as the pretrained video generator.

Multi-level Wavelet-Enhanced VAE Encoder

Prior work such as FreqWarm (Lai et al., 2025) shows that
decoders rely heavily on high-frequency latent signals to
reconstruct fine details, while encoders tend to suppress

these high-frequency components, leading to limited expo-
sure and systematic underfitting of high-frequency bands.
To mitigate this mismatch without altering the pretrained
decoder, we apply the multi-level discrete wavelet transform
(DWT) only to the VAE encoder.

Given input video frames X, we apply DWT to each frame,
producing multi-scale subbands:

Xrr, Xn, Xn, Xun = DWT(X). 1)

Among these subbands, X1, mainly captures structural
content while X1, X1, Xugu (jointly denoted by Xyr)
maintain most high-frequency information from the input.
As shown in Figure 3, the Xij subband will enter the
next level DWT for further high-frequency information ex-
traction, and the remaining subbands are injected into the
original encoder branch to improve the exposure of high-
frequency components. Note that each downsample layer
of the encoder halves the height and width of the features,
which naturally aligns with the inherent size reduction of
the wavelet transform. Hence, we can direct concatenate
the high-frequency subbands and the downsampled features
channel-wisely, and apply a 1 x 1 convolution to projecting
the concatenated representation back to original channels:

@

where X is the downsampled features and X} is the fused
features. This design ensures that the pretrained VAE en-
coder receives an input with enriched frequency cues while
mostly preserving its original architecture. The encoder
then produces a latent representation z that contains both
structural and frequency-aware information.

X!, = Convyx1(Concat(Xq, Xru, XuL, Xun)),

Fidelity-Aware Condition Controller

We build upon a large-scale video diffusion transformer
pretrained by a flow-matching paradigm. The VAE encoder
first transfers the input frames into the latent representation,
then the pretrained DiT models the probability flow between
clean and noisy latent variables, and finally the VAE encoder
restore the latents back to the pixel space.
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Figure 3. Architecture of the multi-level wavelet-enhanced VAE
encoder. After each DWT, the high-frequency subbands are fused
with downsampled features while the low-frequency subband en-
ters the next level DWT for further high-frequency extractions. The
usage of CasualConv3D (Yu et al., 2024) and RMSNorm (Zhang
& Sennrich, 2019) follows WAN-2.1 (Wan et al., 2025).

Specifically, given the input low-resolution video frames
X1.r and the target high-resolution video frames Xyr, we
first derive the corresponding latent variables z;,g and zyR.
Subsequently, we apply flow-matching-based noise injec-
tion to obtain the noisy HR latent variable Zpyr and the
degraded LR latent variable Z1 r:

Zur = (1 — tur)2HR + tHR - €HR, 3)
Zir = (1 —tLr)2LR + LR - €LR, @

where tyr and R are timesteps, epr and ep,r are standard
Gaussian noises for HR and LR, respectively. Then, we
concatenate Zggr and Zp,r on channel dimension to feed into
the DiT blocks to exploit the pretrained generative prior.

To stabilize the flow matching trajectory under real-world
degradations, we introduce two mechanisms: flow-based
noise augmentation and fidelity-aware timestep sampling.
Flow-based noise augmentation injects degradation-aware
perturbations into the latent space, encouraging the model
to learn robust mappings that recover fine details even when
the LR input contains severe aliasing or compression arti-
facts. Instead of uniformly sampling timestep as in common
generative training, we bias the timestep sampling distribu-
tion toward the normal distribution for zyg, selecting the
timestep in the central region with greater probability, which
empirically improves structural preservation, reduces over-
smoothing, and concentrates on the detail restoration (Esser
et al., 2024a). We further find the trade-off between fi-
delity and generation ability can be adjusted by the noising
timestep of LR, as shown in Figure 4. For 21, the timestep
is sampled uniformly from a chosen interval, determined by
finding the intersection ¢y, between the PSNR and CLIP-
IQA curve drawn on a subset of the training dataset, with
the half width 6 = 0.1. These mechanisms reshape the flow-
matching dynamics to better suit the restoration objective.
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Figure 4. Tllustration of fidelity-aware condition controller. To
stabilize the restoration trajectory, flow-based noise augmentation
and fidelity-aware timestep sampling are applied. The timestep t
can control the trade-off between realism and fidelity.

Training Objective

During training, the wavelet-enhanced encoder first transfer
input frames X into latent variable z. Noise augmentation
produces a perturbed latent Z;, and the DiT predicts the clean
latent Z; under the flow-matching objective. The overall loss
combines a rectified flow term and a reconstruction term
through the frozen decoder:

L= )\ﬂow||U9(2t7t) - (6 - XHR)”%
+ )‘rCCHD(ét) - XHR”%a

where € is randomly sampled from standard normal distri-
bution, and D is the frozen decoder. The combination of
flow-matching supervision and decoder-based reconstruc-
tion encourages the model to leverage both generative priors
and frequency-enhanced latent cues.

&)

At inference time, the model starts from a random noise
from standard normal distribution, progressively refining
it toward a clean latent Z;. The frozen decoder D then
reconstructs the HR video.

Two-Stage Training Strategy

To ensure stable adaptation, we adopt a two-stage train-
ing strategy. In the first stage, we freeze the entire DiT
and decoder, training only the wavelet-enhanced encoder to
match the latent distribution of the original encoder. This
step prevents the decoder from receiving out-of-distribution
latents. In the second stage, we finetune the DiT while freez-
ing the VAE encoder and decoder, enabling the model to
learn restoration-specific flow dynamics without disrupting
the pretrained generative prior. This strategy significantly
reduces training cost while preserving the strong spatial-
temporal priors learned from large-scale video data. Fur-
thermore, we employ a progressive training strategy and an
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Table 1. Quantitative comparisons on both synthetic (SPMCS, UDM10, YouHQ40) and real-world (VideoLQ, Real VSR, AIGC30) VSR
benchmarks. The best and second-best results are marked in red and blue, respectively.

Dataset [ Metric [ RealViFormer Upscale-A-Video MGLD-VSR  STAR  SeedVR-7B  SeedVR2-7B Ours
PSNRT 24.185 22.12 2341 22.58 20.78 22.90 23.82
SPMCS SSIM? 0.663 0.562 0.633 0.609 0.575 0.638 0.673
LPIPS] 0.378 0.405 0.369 0.420 0.395 0.322 0.294
DISTS] 0.186 0.198 0.166 0.229 0.166 0.134 0.127
PSNRT 26.70 23.29 26.11 24.66 24.29 26.26 28.10
UDMI0 SSIMT 0.796 0.717 0.772 0.747 0.731 0.798 0.845
LPIPS| 0.285 0.301 0.273 0.359 0.264 0.203 0.130
DISTS| 0.166 0.175 0.144 0.195 0.124 0.101 0.070
PSNRT 23.26 22.41 22.62 22.15 20.60 22.46 23.67
YouHQ40 SSIMT 0.606 0.565 0.576 0.575 0.546 0.600 0.612
LPIPS| 0.362 0.375 0.356 0.451 0.323 0.274 0.237
DISTS] 0.193 0.186 0.166 0.213 0.134 0.110 0.104
NIQE| 4.153 3.676 3.864 5915 4.933 4.948 4.412
VideoLQ MUSIQT 54.65 51.45 53.49 40.50 48.35 45.76 54.13
CLIP-IQAT 0411 0.327 0.333 0.243 0.258 0.257 0.356
DOVER? 7.035 6.935 8.109 6.891 7.416 7.236 8.234
NIQE| 4.056 3.849 3.627 3.927 3.851 3.877 3.792
Real VSR MUSIQT 47.542 72.858 73.241 73.912 73.825 73.540 75.690
CLIP-IQAT 0.458 0.540 0.553 0.537 0.566 0.562 0.568
DOVER? 10.39 12.58 12.23 12.46 13.29 12.34 14.07
NIQE| 4.618 3.924 3917 4.449 3.809 4.554 3.325
AIGC30 MUSIQT 49.890 54.318 53.863 52.170 56.921 50.055 60.092
CLIP-IQAT 0.298 0.382 0.377 0.326 0411 0.300 0414
DOVER?Y 7.318 8.176 8.128 7.492 8.202 7.485 8.731

image-video mixed training strategy to facilitate the training
of the diffusion transformer. Specifically, we begin training
with small patches and short clips to adapt the video diffu-
sion transformer to the VSR task. Then, we fine-tune the
base model on larger patches and longer clips. Additionally,
we train on joint image-video data to mitigate the issue of
insufficient video data quality.

4. Experiments
4.1. Implementation Details

We train WEVSR in two stages to ensure stable adaptation
of the pretrained video generative model. In the first stage,
we freeze the entire decoder and DiT and train only the
multi-level DWT front-end for 50k iterations. This step
aligns the wavelet-enhanced encoder output with the latent
distribution expected by the pretrained decoder, preventing
out-of-distribution artifacts. In the second stage, we un-
freeze the DiT while keeping the VAE frozen, and train the
full restoration pipeline for 300k iterations.

We use AdamW with a learning rate of 1 x 10~* for the
wavelet front-end and 5 x 10~° for the DiT. A cosine decay
scheduler is applied. The batch size is 16, each containing 8
consecutive frames. In the first stage, random cropping to
256 x 256 is used during training. In the second stage, we
random crop patches from 512 x 512 resolution to 768 x 768
resolution and employ from 13 to 37 frames for training.

4.2. Datasets

The training dataset consists of the subset of OpenVid-
IM (Nan et al., 2024) and YouHQ (Zhou et al., 2024a).
LR data are synthesized following the degradation pipeline
in Real-ESRGAN (Wang et al., 2021). To train the VAE
encoder, we mix HR and LR images and crop to the same
size, forming a customized dataset.

We evaluate the VSR performance on both synthetic and
real-world benchmarks. The synthetic LR videos are gen-
erated using the same degradation settings as training, on
three datasets: SPMCS (Tao et al., 2017), UDM10 (Yi et al.,
2019), and YouHQ40 (Zhou et al., 2024a). We select Vide-
oLQ (Chan et al., 2022b), Real VSR (Yang et al., 2021),
and AIGC30 (self-collected 30 Al-generated videos) as the
real-world testing data.

4.3. Evaluation Metrics

We employ a representative set of quality metrics to
evaluate our method. For distortion-oriented fidelity,
we report PSNR (Huynh-Thu & Ghanbari, 2008) and
SSIM (Wang et al., 2004). For perceptual realism, we
include LPIPS (Zhang et al., 2018) and DISTS (Ding et al.,
2020). No-reference measures such as NIQE (Mittal et al.,
2012) and MUSIQ (Ke et al., 2021) assess naturalness and
overall perceptual quality. To capture semantic and tempo-
ral consistency, we adopt CLIP-IQA (Wang et al., 2023),
DOVER (Wu et al., 2023), and rFVD (Unterthiner et al.,
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Figure 5. Quantitative comparisons on super-resolved video frames from synthetic datasets. Compared to the state-of-the-art VSR models
(Zhang & Yao, 2024; Zhou et al., 2024a; Xie et al., 2025b; Wang et al., 2025a), our results demonstrate more natural facial details and
better structure of the text. (Zoom-in for best view)
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Figure 6. Quantitative comparisons on super-resolved video frames from real-world datasets. Compared to the state-of-the-art VSR
models (Zhang & Yao, 2024; Zhou et al., 2024a; Xie et al., 2025b; Wang et al., 2025a), our results demonstrate more natural facial details

and better structure of the text. (Zoom-in for best view)

2018). Together, these metrics provide a balanced evaluation
across fidelity, perceptual quality, and temporal coherence.

4.4. VSR Comparisons with State-of-the-Art

Quantitative comparisons. We compare our approach
with recent state-of-the-art RealVSR methods, including
Transformer-based method RealViFormer (Zhang & Yao,
2024), and Diffusion-based approaches such as Upscale-
A-Video (Zhou et al., 2024a), MGLD-VSR (Yang et al.,
2024a), STAR (Xie et al., 2025b), SeedVR (Wang et al.,
2025b), and SeedVR2 (Wang et al., 2025a).

On synthetic datasets such as SPMCS, UDMI0, and
YouHQ40, our approach delivers competitive PSNR while
significantly outperforming all baselines in SSIM, LPIPS,

and DISTS. For instance, our model achieves the best SSIM,
LPIPS and DISTS on all three datasets, indicating more
faithful texture reconstruction compared to Real ViFormer,
Upscale-A-Video, MGLD-VSR, STAR, and SeedVR. For
PSNR, our method also attains the best performance on
UDMI10 and YouHQ40, second best for SPMCS, demon-
strating strong fidelity under various circumstance.

The improvements become less pronounced on VideoLQ,
which contains more challenging real-world degradations
that are hard to handle for diffusion models. While tradi-
tional transformer-based method Real ViFormer achieves the
best MUSIQ and CLIP-IQA, our model achieves the best
MUSIQ and CLIP-IQA among all diffusion-based methods,
indicating superior semantic alignment. Furthermore, our
model achieves the best DOVER, demonstrating its excel-
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Table 2. Quantitative comparisons of different VAE methods on video reconstruction benchmark. The best and second-best results are

marked in red and blue, respectively.

Methods (VAE) | Params (M) | Compression | Spatial | Latent | PSNR 1 | SSIM 1 | LPIPS | | rfFVD |
OpenSora 393 4 8 4 26.32 0.8448 | 0.1578 44.69
OpenSoraPlan 180 4 8 16 28.89 0.8816 | 0.0927 26.32
Cosmos 90 4 8 16 30.72 0.9010 | 0.0805 12.37
CV-VAE (SD3) 182 4 8 16 31.55 0.9131 | 0.0560 6.18
CogVideoX 217 4 8 16 32.59 0.9168 | 0.0592 5.76
SeedVR 251 4 8 16 32.14 09161 | 0.0491 1.76
WAN 127 4 8 16 33.40 0.9189 | 0.0514 3.38
Ours 127 4 8 16 33.65 0.9203 | 0.0497 2.96

lent temporal consistency.

On the other real-world benchmarks, our approach estab-
lishes a clear margin over all competing methods. It achieves
the second best NIQE, reflecting its ability to recover sharper
and more natural textures. Moreover, our method maintains
best performance in MUSIQ, CLIP-IQA, and DOVER, fur-
ther validating its robustness and temporal consistency under
real-world degradations where handcrafted degradations fail
to approximate the true distribution.

Overall, the quantitative results demonstrate that our
method consistently surpasses both regression-based and
diffusion-based baselines across all datasets. The substantial
gains in perceptual metrics highlight the effectiveness of our
wavelet-enhanced latent modeling and diffusion refinement
strategy, enabling high-fidelity and temporally stable video
super-resolution in real-world scenarios.

Qualitative comparisons. To further evaluate the percep-
tual quality of our method, we present visual comparisons
against recent state-of-the-art approaches, including Real V-
iFormer (Zhang & Yao, 2024), Upscale-A-Video (Zhou
et al., 2024a), STAR (Xie et al., 2025b), and
SeedVR/SeedVR2 (Wang et al., 2025a), on representa-
tive samples from the YouHQ (Zhou et al., 2024a) and
VideoLQ (Chan et al., 2022b) datasets. As shown in Fig-
ure 6, existing methods struggle to simultaneously recover
fine-grained textures and maintain structural fidelity under
real-world degradations. Approaches such as STAR and
Upscale-A-Video tend to oversmooth high-frequency re-
gions, leading to blurry edges and loss of material details.
RealViFormer and SeedVR preserve sharper boundaries but
often introduce ringing artifacts or inconsistent textures,
especially in challenging regions such as thin structures,
repetitive patterns, and low-light areas.

In contrast, our method reconstructs significantly more
faithful details while avoiding hallucinated patterns. The
wavelet-enhanced encoder provides stronger frequency de-
composition, enabling accurate recovery of subtle tex-
tures that other methods fail to preserve. Meanwhile, the
noise-guided diffusion refinement effectively suppresses

noise and artifacts, producing cleaner and more stable out-
puts. Across all examples, our results exhibit sharper con-
tours, more natural textures, and fewer flickering artifacts,
closely matching the realistic appearance.

4.5. VAE Comparisons with State-of-the-Art

We compare our VAE with a wide range of state-of-
the-art latent video VAEs, including OpenSora (Zheng
et al.,, 2024), OpenSoraPlan (Lab & etc., 2024), Cos-
mos (Reda et al., 2024), CV-VAE (SD3) (Zhao et al., 2024),
CogVideoX (Yang et al., 2024b), SeedVR (Wang et al.,
2025b), and WAN (Wan et al., 2025). As shown in Table 2,
our model achieves the best overall performance across both
distortion-oriented and perceptual metrics while maintain-
ing the same latent configuration (temporal compression 4 X,
spatial compression 8, and 16 latent channels) as recent
high-capacity VAEs.

In terms of reconstruction fidelity, our VAE attains the high-
est PSNR and SSIM, surpassing WAN and significantly
outperforming CogVideoX and SD3-VAE. These improve-
ments indicate that our wavelet-enhanced latent represen-
tation preserves fine-grained spatial structures more effec-
tively than existing diffusion-oriented VAEs.

Our method also demonstrates strong perceptual advantages.
It achieves a second best LPIPS, reflecting more faithful
texture reconstruction and reduced perceptual distortion.
Notably, our VAE delivers competitive performance relative
to SeedVR, despite using substantially fewer parameters
(127M vs. 251M), highlighting the efficiency of our design.
The improvements are even more pronounced in temporal
perceptual quality. Our model achieves a second best rFVD,
outperforming WAN and approaching SeedVR, which ben-
efits from adversarial post-training and a significantly larger
model size. This demonstrates that our latent modeling strat-
egy effectively captures temporal dynamics without relying
on heavy adversarial tuning.

Overall, the quantitative results show that our VAE estab-
lishes a new balance between reconstruction fidelity, per-
ceptual realism, and model efficiency. It consistently out-
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Table 3. Ablation study on various techniques. The best and
second-best results are marked in red and blue, respectively.

Timestep Noise Wavelet | PSNRT SSIM1 LPIPS| DISTS|
22.54 0718 0.233  0.111

v 23.82  0.754 0.194  0.097

v 24.65 0.783 0.175  0.087

v 2543 0.837 0.168  0.092

v v 2596 0.812 0.163  0.075

v v 26.74 0.828 0.152  0.083

v v 27.57 0.839 0.143  0.079

v v v 28.10  0.845 0.130  0.070

Table 4. Efficiency comparison on different VSR models. The best
and second-best results are marked in red and blue, respectively.

Metrics \ UAV MGLD STAR SeedVR SeedVR2 Ours
Parameters (M) | 691 1431 2041 8240 8240 1546
VRAM (GB) 64 36 64 72 72 24

Infer time (s) |[1213 1276 2145 1362 286 757

performs prior VAEs across all key metrics, confirming the
effectiveness of our wavelet-enhanced latent encoding and
its suitability as a foundation for high-quality video super-
resolution and generation.

4.6. Ablation Studies

To assess the contribution of each proposed component, we
conduct a systematic ablation study in Table 3. Starting
from the baseline without any modules, we progressively
introduce Timestep Sampling, Noise Augmentation, and the
Wavelet Encoder. Each technique yields consistent improve-
ments across all metrics, confirming their effectiveness in
enhancing fidelity and perceptual quality.

Individually, all three techniques improve both the fidelity
and perception metrics compared to the baseline. The
wavelet-enhanced encoder provides the most significant
single-component improvement. When combined, these
modules exhibit strong complementarity. Pairing timestep
sampling with either noise augmentation or the wavelet en-
coder further boosts reconstruction quality, and the joint
use of noise augmentation and wavelet priors achieves the
second best performance on PSNR, SSIM, and LPIPS. Ul-
timately, integrating all three techniques delivers the best
overall performance, demonstrating that the synergy is cru-
cial for achieving state-of-the-art performance.

Visual results in Figure 7 further illustrate that as the noise
level increases, the generative capacity is enhanced but the
fidelity is compromised, highlighting the importance of con-
trolling perturbations by giving more weight to intermediate
timesteps via sampling them more frequently.

4.7. Efficiency Analysis

Table 4 summarizes the efficiency of recent VSR models.
While large-scale generative baselines such as SeedVR and

Train Noise 0.7

Train Noise 0.2

Train Noise 0.5

)

Tesf Noise 0.65

Test Noise 0.45

Test Noise 0.15

-)

Test Noise 0.75

Test Noise 0.55

Test Noise 0.25

Figure 7. Visual results of WEVSR trained and tested under vary-
ing noise levels. Training with a high noise level demonstrates
generative capacity but low fidelity. Additionally, introducing high-
level noise increases training difficulty and leads to suboptimal
outcomes. (Zoom in for best view)

SeedVR2 produce great results, they require massive param-
eters and extensive VRAM usage. In contrast, our model
achieves a balanced design: with only 1.5B parameters
and 24 GB memory consumption. Moreover, SeedVR2
achieves the fastest inference time at the cost of 72GB mem-
ory. Our approach delivers a favorable trade-off, offering
substantially lower memory requirements and competitive
inference speed, thereby demonstrating practical scalability
for real-world deployment.

5. Limitation

Despite strong performance on various benchmarks, our
approach still faces challenges under extreme degradations
and highly dynamic scenes. The reliance on synthetic train-
ing data may limit adaptability to unseen distortions, and
real-time performance remains constrained compared to
specialized streaming models.

6. Conclusion

We introduced a VSR framework building upon a pretrained
video generation diffusion transformer. Integrating timestep
sampling, noise augmentation, and frequency priors, our
method reshapes the flow-matching dynamics to better pre-
serve structural stability while maintaining fine-detail re-
covery. Ablation studies demonstrate that each compo-
nent contributes meaningfully, and their synergy yields
state-of-the-art performance. Quantitative and qualitative
evaluation on multiple synthetic and real-world benchmarks
demonstrate the generalization ability of our approach,
which establishes a strong foundation for future research.
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