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ABSTRACT

Recent advances in diffusion-based video restoration (VR) demonstrate significant
improvement in visual quality, yet yield a prohibitive computational cost during
inference. While several distillation-based approaches have exhibited the poten-
tial of one-step image restoration, extending existing approaches to VR remains
challenging and underexplored, particularly when dealing with high-resolution
video in real-world settings. In this work, we propose a one-step diffusion-based
VR model, termed as SeedVR2, which performs adversarial VR training against
real data. To handle the challenging high-resolution VR within a single step, we
introduce several enhancements to both model architecture and training procedures.
Specifically, an adaptive window attention mechanism is proposed, where the
window size is dynamically adjusted to fit the output resolutions, avoiding window
inconsistency observed under high-resolution VR using window attention with a
predefined window size. To stabilize and improve the adversarial post-training
towards VR, we further verify the effectiveness of a series of losses, including a
proposed feature matching loss without significantly sacrificing training efficiency.
Extensive experiments show that SeedVR2 can achieve comparable or even better
performance compared with existing VR approaches in a single step.

1 INTRODUCTION

Diffusion models ( s ; ; ; s ) are

becoming the the de-facto model for real- world 1mage restoration (IR) ( s ; s

; s ; s ; ; ) and video restoration (VR) ( ;

s ; ; s ). Though these approaches

show promise in generating reahstlc details, they typlcally require tens of steps to generate a video

sample, leading to considerably high computational cost and latency. Such significant cost is further
amplified when processing long videos at high resolutions.

Inspired by recent advances in diffusion acceleration ( s ; s ;
s ; ), several one-step diffusion IR approaches ( R ; R ;
) have been proposed showrng potential in generatlng promlslng results comparable to that of
multi- step approaches. The majority of these methods ( , ,
, ) rely on drstrllatron from a pre -trained
teacher model, sufferlng from an unde51red upper bound constrained by the teacher model. The high
computational cost of the teacher model further makes it less practical to apply these methods to
VR. The closest to our work are recent distillation-free one-step IR methods that either learn from a

discriminator prior ( R ) or a generative prior ( s ). These
methods save computational cost by training on an implicit teacher model i.e., diffusion prior (
s ; s ) with LoRA ( , ). Given the limited capability of
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Figure 1: Speed and performance comparisons. Our SeedVR2 demonstrates impressive restoration
capabilities, offering ne details and enhanced visual realism. While achieving comparable perfor-
mance with SeedVR ( , ), our SeedVRZ is éveliaster than existing diffusion-based

video restoration approaches (

(We use 50 sampling steps for these basellnes to maintain stable performance) even with at Ieast four
times the parameter cougtoome-in for best view).

existing video diffusion as prior, our work turns to explore one-step video restoration via adversarial
training without frozen priors, making it possible to alleviate the bias learned by these models.

Achieving one-step VR, especially under high resolutions, is challenging, yet underexplored. In this
paper, we introduce a new method, SeedVR2, for one-step VR towards real-world scenarios. Our
method follows Adversarial Post-Training (APT) ( , ) to adopt a pre-trained diffusion
transformerj.e., SeedVR ( , ) as initialization, and continues to fully tune the whole
network using the adversarial training objective against real data. Compared with previous one-step IR
methods, SeedVR2 eliminates the substantial cost associated with pre-computing video samples from
the diffusion teacher during distillation. Moreover, without the constraint from a diffusion teacher or
prior, SeedVR2 presents the potential to surpass the initial model, demonstrating comparable or even
superior performance to multi-step VR diffusion models.

While it is applicable to directly adopt APT for VR, we empirically observe several key aspects that
can be improved based on the nature of VRst, given the low-quality input as a condition, we
observe a more stable training process of VR compared with text-to-video generation (

),i.e.,, no obvious mode collapse is observed with only a single stage of adversarial tralnlng
However, we notice a performance drop when handling heavy degradations. We hereby adopt a
progressive distillation ( , ) before the adversarial training to maintain the
restoration capability under one-step generat®econd when applying window attention with a
prede ned window size on high-resolution VB.g, over 2K resolution, we observe visible boundary
artifacts between window patches. We conjecture this is due to the improper settings of the window
size and training resolutions,g, too large window sizes compared with relatively small training
resolutions, making the model insuf ciently trained on handling window shifting. Such a prede ned
window manner may further limit the robustness of 3D Rotary Positional Embedding (RoPE) (

, ) inside each window when dealing with inputs with various resolutions. To tackle this
problem, we propose an adaptive window attention mechanism to dynamically adjust the window
size within a certain range, signi cantly improving the robustness of the model when handling
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arbitrary-resolution inputsThird , adversarial training with the exceptionally large generator and
discriminator can be unstable even with AR€, a performance deterioration can be observed after

long training,e.g, 20k iterations. We follow ( ) to enhance the training stability by

introducing RpGAN ( , ) and an additional approximated R2 regularization
loss. While L1 loss and LPIPS loss ( , ) are commonly used in VR training for better
perception-distortion tradeoff ( . ), the necessity to calculate LPIPS in pixel

space makes it unaffordable for high-resolution video training. Training a latent LPIPS model (

, ) is also not applicable due to the lack of video-speci c data. We instead propose a
feature matching loss to replace the LPIPS loss for ef cient adversarial training. Speci cally, we
directly extract multiple features from different layers of the discriminator and measure the feature
distance between the prediction and ground-truth. We empirically show that such a feature matching
loss is an effective alternative in our case.

To our knowledge, SeedVR2 is among the early attempts to demonstrate the feasibility of one-step
video restoration or super-resolution using a diffusion transformer. Bene ting from the adversarial
training with speci c designs for VR, we are able to train the largest-ever VR GANsE for the
generator and discriminator in total), which can achieve high-quality restoration in a single sampling
step with high ef ciency. The main contributions of our work are as follows:

« We present an effective adaptive window attention mechanism, enabling ef cient high-resolution
(e.g, 1080p) restoration in a single forward step with faithful details, as shown in Figure 1.

» With the adversarial post-training framework, we explore effective design improvements speci ¢
to video restoration, focusing on the loss function and progressive distillation.

Extensive experiments validate the effectiveness of our design, and demonstrate the superiority of our
method over existing methods, both quantitatively and qualitatively.

2 RELATED WORK

Video Restoratlon Traditional V|deo restoration (VR) methods ( . ;

, ) prrmarrly
concentrate on synthetlc datasets suffering from Ilmlted effectlveness in real-world scenarios. More
recent efforts ( , ) have shifted focus towards

real-world scenarios, but st|II struggle with generatrng realistic textures due to constrarned generative
capabllltles Inspired by the rapld progress in d|foS|on models ( , ; ,

1 1 L] 1 1 )!
several diffusion-based VR methods ( ; ;
; , ) have emerged, demonstratlng remarkable performance Whrle ne tunrng

ona dlffu5|on prior ( , ) improves ef ciency, these methods
still inherit the inherent limitations of the drffu5|on priare., inef cient autoencoder and in exible
resolution scalability as discussed by ( ). The most recent work ( )

proposes to fully train a large diffusion transformer model with a shifted window attention and a
casual video autoencoder, achieving impressive performance with relatively high ef ciency. However,
the need for tens of steps to sample a video still leads to unfriendly latency in real-world applications.
By introducing APT ( , ) into diffusion-based VR, our approach is capable of achieving
one-step VR with high quality, which, to the best of our knowledge, is among the earliest explorations
of one-step diffusion-based VR.

Diffusion Acceleration. As discussed by ( ), most of the existing approaches either
distill the deterministic probability ow learned by a diffusion teacher model using fewer steps
(i.e,, deterministic methods) or approximate the same distribution of a diffusion teacher medel (
drstnbutronal methods). Speci cally, deterministic methods mclude progressive d|st|IIat|on (
, ), conS|stency distillation ( , ; ,
), and recti ed ow ( :
) Though these methods can be easily trained with simple regressron Ioss blurry results can be
commonly observed with very few steps., less than 8 steps (
, ). In addition to directly predicting the outputs of the teacher model dlstnbutlonal
methods turn to adversarial training ( ; , ; ,
; , ) score distillation ( , ), both ( ,
; , ; , ), and comblnlng with deterministic methods (
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; ; , ) to resemble the distribution of a teacher model. Most
recent approaches ( , ; , ) instead drrectly ne-tune a pre-trained diffusion
model on real data with adversarial tra|n|ng, leading to supenor performance with one-step sampllng
While several acceleration approaches ( :

, ) have been extended to video generatron the one- step acceleratlon for vrdeo drffusron
restoration is still underexplored, inspiring us to make an early attempt in this direction.

One-step Restoration.WhiIe conventional GAN-based reaI-worId restoration approaches (

can achreve one step restoratron therr poor generatron abrlrty usually Ieads to suboptrmal results.
To |mprove the sampling ef ciency of diffusion-based approaches (

, ), ResShift ( ; ) shrfts the |n|t|al
samplrng drstnbutron from a standard Gaussian distribution to the drstnbutron of low-quality images,
achieving a fast sampling of up to 4 steps. Recent advances further achieve one step samplrng via
distillation ( , ; , ; , ;

; ; , ), adversanal trarnrng ( , ), or
tuning on a prior wrth additional tramable Iayers ( ;
). However, all these methods focus on image restoratlon and may not be surtable for VR due to
the lack of temporal design and unsatisfactory generation quality. Compared with these methods,
our method achieves one-step VR with substantially better quality, especially under high-resolution
real-world scenarios.

3 METHODOLOGY

The objective of SeedVR?2 is to perform one-step Video Restoration (VR) by upscaling an |nput video
into a high-resolution output. SeedVR2 builds upon previous works ( , ; ,
), with preliminary concepts introduced in Sec.3.1.

The remainder of this section discusses VR-speci ¢ design improvements. Speci cally, Sec.3.2
proposes an adaptive window attention mechanism to enhance test-time robustness for high-resolution
videos. Sec. 3.3 explores one-step distillation within the adversarial post-training, and presents loss
enhancements to improve training stability and model generalization.

3.1 PRELIMINARIES: DIFFUSION ADVERSARIAL POSTTRAINING

Diffusion Adversarial Post-Training (APT) ( , ) is a diffusion acceleration approach that
converts a multi-step diffusion model to a one-step generator. There are mainly two training stages
in APT, i.e., deterministic distillation and Adversarial APT. During the deterministic drstrllatron
a distilled model is rsttrained following discrete-time consistency distillation (
, ) with mean squared error loss. The teacher model generates drstlllatron

supervision with a constant classi er-free guidance ( , ) scale of 7.5 and a
prede ned negative prompt. As for adversarial training, the discriminator is rst initialized by the pre-
trained diffusion network, and then additional cross-attention-only transformer blocks are introduced
to generate logits for loss calculation. To stabilize the adversarial training while avoiding higher-order
gradient computation, APT proposes an approximated R1 loss ( , ) to regularize the
discriminator, and the nal loss for the discriminator is a non-saturating GAN loss (

) combined with the approximated R1 loss. Our method employs a similar network archrtecture
to APT, where both the generator and discriminator are diffusion transformers, as shown in Figure 2.

3.2 ADAPTIVE WINDOW ATTENTION

To improve the robustness of window attention for high-resolution inputs with arbitrary sizes, we
propose an adaptive window attention mechanism that allows the window size to be dynamically
adjusted to t the input resolution, as shown in Figure 2. During training, given a video feature
X 2 R4 dn dw de \whered, dy =45 80(i.e, the feature resolution under 720p), the window
size of our attention is calculated accordingly as follows:

min(d; 30 d d
po= MNE30) L s e @)

Ny nn Ny
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Figure 2:  Model architecture and the adaptive attention window. We improve the Swin-
MMDIT ( , ) with an adaptive window partitiare., the window size is ensured via a

3 3partition on the resized LQ inpubgight Width =960 960). The features for calculating

the feature matching loss are extracted before the cross-attention layers used in APT ( , ).

whereng, np andn,, decide the number of windows along dimensipnd, andd,,, respectively.

The ceiling function is represented @& and the ternmin(d; ; 30) sets an upper bound ¢ to avoid

the gap of sequence length between training and inference. Note that although the resolutions of our
training data are around 720p, the aspect ratio of width and height can vary a lot, leading to various
window sizes during training. Such a design ensures a better generalization ability toward inputs of
different resolutions with diverse window sizes.

To further improve test-time robustness on high-resolution inputs, we introduce a resolution-consistent
windowing strategy. Given a test-time video featre? Ré d du d e rstderive a spatial

proxy resolutiondy, &y, that is consistent with the training resolution while maintaining the aspect
ratio of the test input as follows:

s s
di a.
dh= dn 5; Gv= dn 6—:; ©)
whered, dy, = 45 80is the training resolution. This ensur§$ Soandd, o =

d» dy. The nal window size for test-time attention is then obtained by substltL(kdagdh dw) in

Eq. (1) with (d; dr; d;,). This adaptive partition strategy enhances consistency between training and
testing con gurations and substantially alleviates boundary artifacts in high-resolution predictions, as
illustrated in Figure 4.

3.3 TRAINING PROCEDURES

Large-scale adversarial training is challenging. Bene ting from the low-quality condition in VR,
we do not observe mode collapse ( ) when starting from adversarial training.
However, undesired artifacts can be observed after tralnlng for thousands of iterations, indicating
that the unstable training issue still exists. Our approach improves the training stability from the
following two aspectsi.e., distillation and loss.

Progressive Distillation. Directly adopting adversarial training to obtain a one-step model from
an initial multi-step one may undermine the restoration ability of the model due to the large gap
between the initial model and the target model. We conduct progressive distillation (

, ) to alleviate such a problem. To be speci ¢, we start with the teacher model initialized from
SeedVR ( , ) witid sampling steps and progressively distill the student model to
one step with a distillation stride @ Each distillation procedure takes abd0K iterations with a
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simple mean squared error loss. We also progressively increase the temporal length of the training
data from images to video clips with a diverse number of frames during adversarial training, leading
to robust VR performance toward videos with various lengths, including images. Bene ting from
such a training strategy, we further obtain a 3B model distilled from the original 7B one, achieving
comparable performance with only half of the model size.

Loss Improvement. Inspired by R3GAN ( , ), we rst replace the non-saturating
GAN loss ( , ) used in APT by a RpGAN loss ( , )to
avoid the potential mode dropping problem. We further introduce an approximate R2 regularization
to penalize the gradient norm Bf on fake data while supporting modern deep learning software
stacks:

Lar2 = kD(R;0) D(N(®R; 1);0)k3; ®3)

whereX denotes the sample prediction converted from the velocity eld output from the nmodel,

is the text condition, controls the variance of the perturbing Gaussian noise| aepresents the
identity matrix. We observe that the above loss improvements ensure a more stable training without
mode collapse after training for thousands of iterations.

Besides GAN loss, L1 loss and LPIPS loss are commonly used in VR for perception-distortion
tradeoff ( , ). However, to compute LPIPS loss, we have to rst decode the
prediction from the latent space to pixel space, leading to an unaffordable computational cost in our
scenario. Instead of LPIPS loss, we propose to adopt a feature matching loss via directly extracting
features from the discriminator for ef cient loss calculation. Speci cally, we extract the features of
predictions and ground-truths before the attention-only transformer bloekdHe 16th, 26th, and

36th blocks of the transformer backbone) of the discriminator. Then, our feature matchihg loss

can be written as:

X
Lg = = kDF (®;¢) DF (x;0)ky; 4)
i=16 ;26;36

whereD[ (') denotes the feature from the i-th block of the discriminator. By default, we set the loss
weight asl:0 for L1 loss, feature matching loss, and GAN loss when updating the generator. When
updating the discriminator, we apply a weightlo for GAN loss and the weights of the approximate
R1 and R2 regularization are botld0Q Note that the discriminator is xed when updating the
generator. In this way, the discriminator in our feature matching loss acts in a similar way to the VGG
network ( , ) in LPIPS loss. Besides the feature matching loss should
also work with other GAN losses ( ; ;

, ) to further stabilize adversarlal trammg for restoratlon tasks

4 EXPERIMENTS

Implementation Details. We train SeedVR2 on 72 NVIDIA H100-80G GPUs with around 100
frames of 720p per batch with sequence parallel ( , ) and data parallel (

, ). Each stage of training takes about one day. We rst train a 7B SeedVR model (

, ) from scratch following the new attention design in this paper. Then, we initialize the
model parameters from 7B SeedVR model and follow the training strategies discussed in Sec. 3.3
for our SeedVR2 models. We mostly follow the training settings in APT ( , ) for
adversarial training. We follow UAV ( , ) to synthesize about 10M image pairs and 5M
video pairs for training. During the distillation, loss is calculated on the vector eld following Flow
matching ( , ). Both teacher and student models adopt the linear noise schedule
with a timestep between 0 and 999. The teacher model uses the Euler sampler during training with a
CFG scale of 7.5 for 64 timesteps and 1.0 for others. We adopt AdamW ( , ) with
a weight decay of 0.01 as optimizer, and the learning rate is det 0 6.

Experimental Settings.Following previous work ( , ), we evaluate synthetic bench-
marks, including SPMCS ( , ), UDM10 ( , ), REDS30 ( , ),
and YouHQ40 ( , ), applying the same degradation settings as in training. The test res-
olution is 720p with an upscaling factor 4f Furthermore, we assess performance on the commonly
used real-world dataset (VideoLQ ( , )) and a self-collected AIGC dataset (AIGC28),
which comprises 28 Al-generated videos with diverse resolutions and scenes. We employ a range of
metrics to assess both frame-level and overall video quality. For synthetic pair datasets, we adopt
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Table 1: Quantitative comparisons on VSR benchmarks from diverse souegesynthetic (SPMCS,
UDM10, REDS30, YouHQ40), real (VideoLQ), and AIGC (AIGC28) data. The best and second
performances are marked/red and orange , respectively.

Datasets | Metrics | RealViformer| MGLD-VSR | UAV | VEnhancer| STAR [ SeedVR-7B] Ours-3B | Ours-7B

PSNR" 24.19 23.41 2169 1820 | 2258 2078 2297 | 22.90
SPMCS SsIM” 0.663 0.633 0519 | 0507 | 0.609| 0.575 0.646 | 0.638
LPIPS# 0.378 0.369 0508 | 0.455 | 0.420| 0.395 0.306 | 0.322
DISTS# 0.186 0.166 0.229| 0.194 |0229| 0.166 0.131 | 0.134
PSNR" 26.70 26.11 2462 | 2148 | 2466 2429 25.61 | 26.26
UDM10 SsIM” 0.796 0.772 0712 | 0691 |0.747| 0.731 0.784 | [0.798
LPIPS# 0.285 0.273 0.323| 0.349 | 0.359| 0.264 0.218 | |0.203
DISTS# 0.166 0.144 0.178| 0.175 |0.195| 0.124 0.106 | |0.101
PSNR" 23.34 22.74 2144 | 1983 | 2204 2174 2190 | 22.27
REDS30 | SSIM" 0.615 0.578 0514 | 0545 | 0593| 0.596 0.598 | 0.606
LPIPSH# 0.328 0.271 0.397 | 0508 | 0.487| 0.340 0.350 | 0.337
DISTS# 0.154 0.097 0.181| 0229 |0229| 0.122 0.135 | 0.127
PSNR" 23.26 22.62 2132 | 1868 | 22.15| 20.60 2210 | 2246
Youroao| SSIM” 0.606 0.576 0503 | 0509 | 0575| 0.546 0.595 | 0.600
LPIPS# 0.362 0.356 0.404 | 0449 | 0451| 0.323 0.284 | [0.274
DISTS# 0.193 0.166 0.196 | 0.175 | 0.213| 0.134 0.122 | 0.110
NIQE # 4.153 3.864 | 4079 5122 |5915| 4.933 4687 | 4.948
VideoLg | MUSIQ” 54.65 53.49 5290 | 42.66 | 40.50| 48.35 51.09 | 45.76
CLIP-IQA ™ 0.411 0.333 0.386| 0.269 |0.243| 0.258 0.295 | 0.257
DOVER" 7.035 8.109 6.975| 7.985 | 6.891| 7.416 8176 | 7.236
NIQE # 3.994 4049 | 4541 | 4176 |5004| 4.294 3.801 | 4.015
AlGC2s | MUSIQ" 62.82 60.98 6279 | 60.99 |5559| 56.90 62.99 | 59.97
CLIP-IQA ™ 0.647 0570 |[0:658 | 0461 | 0.435| 0.453 0.561 | 0.497
DOVER" 11.66 14.27 13.09 | 1531 | 14.82| 14.77 15.77 | 1555
full-reference metrics, including PSNR, SSIM, LPIPS ( ), and DISTS (
). For real-world and Al-generated content (AIGC) test data, where ground truth is unavallable
we rely exclusively on no-reference metrics,, NIQE ( , ), CLIP-IQA ( ,
), MUSIQ ( , ), and DOVER ( , 2023Jo ensure test ef ciency, the

maximum output resolution is constrained to 1080p, with duration unchanged.

4.1 COMPARISON WITHEXISTING METHODS

Quantitative Comparisons. We compare our approach with all state-of-the-art real-world video

restoration approaches. For diffusion-based methods, MGLD-VSR ( , ),
UAV ( , ), VEnhancer ( , ), STAR ( , ), SeedVR-7B (
, ), we adopt 50 sampling steps with a wavelet color x post-processing ( , ),

and keep other of cial settings unchanged. As shown in Table 1, our approach demonstrates superior
performance in terms of perceptual metrics such as LPIPS and DISTS on synthetic benchmarks
including SPMCS, UDM10 and YouHQ40. Note that RealViformer ( , ) and
MGLD-VSR involve REDS in the train data, leading to high performance on the corresponding
test set. As for real-world benchmarks, our method achieves comparable performance compared
with other diffusion-based methods on VideoLQ and further obtains the highest NIQE, MUSIQ and
DOVER scores on AIGC28, demonstrating our effectiveness.

Qualitative Compansons As observed in several previous studies (

, ), existing image and video quallty assessment
metrics do not perfectly ahgn with human perception. For example, non-reference metrics such as
MUSIQ and CLIP-IQA prefer sharp results but may ignore the quality of details. We notice that such
a phenomenon becomes more evident under high resolugans1080p. As shown in Figure 3,
while our method does not show dominant metric performance on VideoLQ, the results generated by
our approach are comparable to SeedVR and outperform other baselines by a large margin.

User Study. To further validation, we follow APT ( , ) to conduct a GSB test, the
preference score is calculated S+ 5 » Where G is the number of good samples preferred by the
subjects, B is the bad samples not preferred, and S denotes the number of similar samples without
preference. Thus, the score ranges frot00%to 100% and 0% indicates equal performance.

We adopt the technical score ranging from 0 to 100 following the of cial code.
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Figure 3: Qualitative comparisons on both real-world ( , ) and AIGC videos. With a
single sampling step, our method achieves comparable performance to SeedVR, further excelling
other baselines with superior restoration capabilifies,successfully removing the degradations
while maintaining the textures of the bird, text, building, and the dog's fZoem-in for best view).

We randomly select 25 samples from Vidé&able 2: Our one-step video restoration compared

oLQ ( , ) and AIGC28, respetn existing methods.
tively, resulting in 50 LQ videos for test in total. Visual Visual Overall
We set our approach (7B) as the datum and corifethods-{Steps} Fidelity Quality Quality
are it with existing methods , :
e g ( . RealViformer-1 +2%| -38% -32%
. ! ’ : ’ ’ VEnhancer-50
. ) . ’ ’ AV-50 0% -26% -26%
Given the LQ videos as reference, three experi§s| p.vsr-50 00/2 _120/2 _120/2
are asked to evaluate the generated video quali§far-50 +4% 220 -24%
from the following three criteriavisual delity, SeedVR-7B-50 +20 +10% +10%
visual qualityandoverall quality The visual
. PRI Ours-3B-1 0% +16% +16%
delity measures the content similarity betweeny | - 55 7 0% 0% 0%

the LQ reference and the output. The visua
quality focuses on the realism of the generated results. The overall quality indicates the nal prefer-
ence after taking the above two factors as well as temporal consistency into account. The subjects are
given a pair of videos generated by different methods each time and asked to make their preferences
for each criterion.

As shown in Table 2, our approach is comparable to the multi-step SeedVR and clearly excels other
approaches with better visual quality, aligning with the visual results shown in Figure 3. Particularly,
VEnhancer focuses on generative restoration, thus showing poor delity in real-world VR scenarios.



