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Figure 1. Examples of generated high-quality videos by our proposed PS-SR. Input videos are sampled from synthetic datasets UDM10
[52] and YouHQ40 [60], real-world dataset VideoLQ [7], and downloaded 240p videos from YouTube website.

Abstract

Video Super-Resolution (VSR) fundamentally struggles with
a critical trade-off: single-step models offer unmatched ef-
ficiency but often lack the high-frequency detail, creativity,
and visual quality of their multi-step diffusion counterparts,
which are computationally prohibitive for practical use. In
this paper, we propose PS-SR, a novel “pseudo” single-
step VSR framework that transcends this trade-off through a
computationally asymmetric sampling pipeline. The key to
PS-SR lies in its speculative diffusion mechanism: a power-
ful base model performs only a single, comprehensive sam-
pling step, establishing the global structure and content fi-
delity, after which a lightweight draft model, directly aug-
mented by the base model’s features, speculatively performs

*This work was performed at HiDream.ai.

subsequent refinements. Crucially, we further enforce a
frequency-domain update rule that constrains these refine-
ments to exclusively inject high-frequency details, preserv-
ing the foundational low-frequency content and preventing
semantic drift across sampling steps. By doing so, PS-SR
creates the “illusion” of a single-step model—delivering
the similar inference speeds and input-output content con-
sistency—while achieving the visual richness and creativity
typically reserved for costly multi-step generative models.
We demonstrate that our “pseudo-single-step” paradigm
achieves state-of-the-art quality with a comparable speed
to single-step models, paving the way for real-time, high-
fidelity video enhancement. Please refer to our project page
for more results: https://waq2001.github.io/
PS-SR-page/.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Video Super-Resolution (VSR) is fundamentally challenged
by a critical trade-off between efficiency and quality.
Single-step models, typically based on CNNs or lightweight
transformers [3, 19, 20, 24, 27, 47], offer high inference
speeds suitable for real-time applications, but often fail to
produce the high-frequency details and visual richness re-
quired for a compelling high-resolution experience. In con-
trast, multi-step diffusion models [10, 12, 15, 41, 46, 49,
60] excel at generating photorealistic and detailed videos,
yet their iterative nature makes them computationally pro-
hibitive for practical use in real life.

A recently emerged strategy to bridge this gap is model
distillation, where a large, multi-step diffusion model is
distilled into a single-step student model [28, 33, 45, 54].
While this approach can preserve a significant degree of the
teacher model’s perceptual quality, the distilled single-step
model inherently lacks the creative capacity of its multi-step
counterpart. The complex, iterative reasoning process that
allows diffusion models to “hallucinate” plausible and di-
verse high-frequency details is difficult to fully capture in a
single, deterministic forward pass. Consequently, distilled
models often converge to safer, more averaged predictions,
resulting in a noticeable drop in visual creativity and texture
richness compared to the original multi-step sampling.

In this paper, we propose PS-SR, a novel framework that
transcends this trade-off by introducing a Speculative Dif-
fusion process. Instead of a full multi-step cascade or a
single function call, our method distills a pre-trained diffu-
sion model into an asymmetric, collaborative system. The
core generative process of PS-SR is defined as:

x̂H =

(
T−1∏

(I+H ◦ ϕdraft)

)
◦ ϕbase(xL). (1)

Here, xL is the low-resolution input and x̂H is the high-
resolution output. This formulation encapsulates our two
key innovations:

(1) Computational Asymmetry: A powerful base
model ϕbase performs only the first and most critical de-
noising step, establishing the global structure and seman-
tic content. Subsequently, a lightweight draft model ϕdraft,
augmented with features from the base model, speculatively
executes the subsequent T − 1 refinement steps.

(2) Frequency-Domain Constraint: A high-pass filter
H is applied to the draft model’s output. This frequency-
domain update rule ensures that all refinements after the
first step exclusively inject high-frequency details, while
the identity operator (I) preserves the foundational low-
frequency content. This prevents semantic drift and guar-
antees strong input-output consistency.

By materializing this asymmetric multi-step process, PS-
SR creates a “pseudo-single-step” experience. It deliv-

ers inference speeds and content consistency comparable
to a single-step model, while achieving the visual richness
and high-frequency creativity previously reserved for costly
multi-step models. We demonstrate that our paradigm
achieves state-of-the-art quality, effectively bridging the
efficiency-quality gap and paving the way for high-fidelity
video enhancement.

Our main contributions are summarized as follows: (1)
We propose PS-SR and its core Speculative Diffusion pro-
cess, a novel VSR framework that uses a computationally
asymmetric pipeline to break the efficiency-quality trade-
off. (2) A frequency-domain update rule is introduced to
confine iterative refinements to high-frequency details, en-
suring strong content consistency. (3) We demonstrate that
our method achieves state-of-the-art performance, match-
ing the speed of single-step models while rivaling the visual
quality of multi-step diffusion models.

2. Related Work
Early methods for video super-resolution fall into two
main categories: sliding-window and recurrent approaches.
Sliding-window methods [3, 24, 27, 47, 48, 52] use CNNs
or Transformers to fuse a local frame sequence for recon-
structing the target high-resolution frame. Recurrent meth-
ods [5, 6, 19, 26, 34, 53], by contrast, leverage hidden
states to propagate temporal information sequentially across
frames, enabling effective long-range modeling. While
achieving an efficiency-fidelity trade-off, these methods
typically lack the ability to generate the rich high-frequency
details found in real high-resolution videos.

Diffusion models have recently achieved significant suc-
cess [4, 30, 38, 50, 51, 54, 56, 58, 59], which has promoted
their adoption in VSR tasks [11, 15, 41, 46, 49, 60]. For
example, Upscale-A-Video [60] adapts an image diffusion
model with temporal modules to boost inter-frame consis-
tency and texture detail. Similarly, STAR [46] fine-tunes a
video foundation model with specialized losses to enhance
both spatial and temporal quality. SeedVR [41] trains a ded-
icated video diffusion model from scratch, showing strong
visual fidelity. However, these approaches inherently rely
on iterative denoising, making them computationally pro-
hibitive for practical use.

To mitigate the inefficiency of iterative sampling, a
prominent line of research focuses on distilling multi-step
diffusion models into single-step generators. In the image
domain, OSEDiff [45] leverages variational score distilla-
tion [44, 54] to align its single-step output with the distri-
bution of a multi-step teacher model. This paradigm has
been extended to video: SeedVR2 [40] employs adversarial
fine-tuning [28] and progressive distillation [32] to trans-
fer knowledge from its multi-step predecessor, SeedVR,
enabling high-quality video generation in a single pass.
DOVE [13] further fine-tunes a pre-trained video generation
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model for single-step inference and introduces a refinement
stage trained on mixed video and image data to enhance
perceptual sharpness. While these methods achieve signif-
icant speed-up, the complex, iterative reasoning process of
the original diffusion model is difficult to fully encapsulate
in a single step, often leading to a noticeable drop in visual
creativity and texture richness.

In summary, existing diffusion-based VSR methods are
caught in a dichotomy: they either rely on slow, multi-step
sampling to achieve high visual quality or sacrifice genera-
tive richness for the sake of efficiency via single-step distil-
lation. Our work, PS-SR, departs from this trade-off by in-
troducing a pseudo-single-step framework. Through a com-
putationally asymmetric sampling pipeline and a frequency-
domain constrained refinement process, our method pre-
serves the visual richness associated with multi-step diffu-
sion models while attaining an inference efficiency compa-
rable to single-step models.

3. PS-SR
3.1. Preliminary
Video diffusion models. Video Diffusion Models [2, 9, 16,
17, 29, 38, 50] learn to transform a noise distribution into
a video distribution through iterative refinement. A typical
framework uses a 3D VAE for video compression, where an
encoder E maps input video x0 to latent z0 = E(x0), and
a decoder reconstructs the video. Denoising is handled by
a 3D U-Net or Diffusion Transformer (DiT). In the forward
process, Gaussian noise ε ∼ N (0, I) is added to z0 over
steps t ∈ [1, T ], yielding:

zt = (1− σt)z0 + σtε, (2)

where σt ∈ [0, 1] is a noise schedule. The reverse process
iteratively denoises zt to recover z0:

zt−1 = zt − (σt − σt−1)ϕ(zt; t), (3)

with ϕ(zt; t) as the velocity field estimated by the denois-
ing network ϕ. Through this iterative refinement, the model
reconstructs a clean video latent z0 from noise ε.
Flow Matching with Paired Data. For the paired data
(xL,xH), where xL is a low-quality source and xH the
high-quality target, diffusion can be reformulated as condi-
tional flow matching for improved quality and stability [1].
Given latents (zL, zH), the intermediate state is:

zt = (1− σt)zH + σtzL, (4)

forming a straight-line flow from zL to zH . The model
ϕ(zt; t) is trained to regress the vector field driving zL to-
ward zH . This objective is simpler than denoising from
Gaussian noise, as it learns a deterministic mapping for each
pair, often leading to faster convergence and higher fidelity
in reconstruction tasks like super-resolution.

3.2. Speculative Diffusion
Based on the flow matching formulation for paired data
(xL,xH), our proposed Speculative Diffusion framework
elegantly extends this paradigm into an asymmetric, multi-
stage refinement process. Given a paired instance (zL, zH),
our method decomposes the flow from zL to zH into a col-
laborative multi-model sequence. In this flow sequence, zt
denotes the intermediate latent in conventional flow match-
ing, representing the gradual transition from zL to zH over
T steps. Meanwhile, xt represents the estimate of the target
high-quality video at each step, which is updated through a
frequency-domain update rule based on the intermediate zt.
By synchronously updating both sequences, the final x0 is
selected as the high-quality video output.

The process is initiated by the powerful base model,
which performs a comprehensive initial step. This can be
viewed as making a major stride along the flow, transform-
ing the source latent significantly towards the target:{

zT−1 = zL − (1− σT−1)ϕbase(zL;T ),

xT−1 = E−1(zT−1 − σT−1ϕbase(zL;T )),
(5)

where the base model ϕbase predicts the velocity field that
drives zL towards zH for this critical first step.

Subsequently, the lightweight draft model takes over to
perform T−1 speculative refinement steps. The draft model
ϕdraft updates both the intermediate latent and target high-
quality video as:{

zt−1 = zt − (σt − σt−1)ϕdraft(zt; t),

xt−1 = xt +H ◦ E−1(zt−1 − σt−1ϕdraft(zt; t)),
(6)

where E−1 is VAE decoder, and H is a high-pass filter to
ensure that only high-frequency details are added while pre-
serving the foundational low-frequency content established
by the base model.

The remainder of this section is structured as follows: we
first detail the architectural designs and training objectives
for both the base model (Sec. 3.3) and draft model (Sec.
3.4), then introduce the specific frequency-domain update
rule to refine the high-frequency content (Sec. 3.5).

3.3. Base Model in PS-SR
Our base model ϕbase is designed to restore the global struc-
ture and semantic content of a high-quality video from a
low-quality input in a single diffusion step, as shown in Fig-
ure 2. To inherit rich generative and motion priors, we ini-
tialize the model from the Wan2.1 [38] foundation model
and adapt it to the VSR task via Low-Rank Adaptation
(LoRA) [18] fine-tuning of all DiT blocks. The model is
trained on video pairs using a two-stage strategy that first
optimizes the model in the latent space, followed by a fine
grain stage in the pixel space to ensure high-fidelity output.
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Figure 2. An overview of our proposed PS-SR framework. Given a low-quality video input xL, it is first encoded into a latent representation
zL. Our computationally asymmetric sampling pipeline concludes: (1) Base Model Execution: A powerful base model ϕbase performs a
single, comprehensive denoising step, transforming zL into an intermediate latent zT−1 that establishes the global structure and content.
(2) Draft Model Refinement: The latent zT−1 is then iteratively refined over multiple steps by a lightweight draft model ϕdraft. Crucially,
each draft model prediction is guided by features inherited from the base model. (3) Frequency-Domain Update: After each draft step, the
prediction is converted to pixel space, and our frequency-domain update rule is applied: it preserves the low-frequency content from the
previous step while adaptively blending only the high-frequency components from the new prediction.

Latent-Space Training. In the first training phase, we
optimize the base model ϕbase directly in the latent space.
Given paired latents (zL, zH), the model is supervised us-
ing an L2 loss on the predicted velocity:

LL2 = E ∥ϕbase(zL)− (zL − zH)∥2 . (7)

While minimizing L2 loss provides stable training, it of-
ten leads to over-smoothed results that lack perceptual qual-
ity. To overcome this limitation, we incorporate Variational
Score Distillation (VSD) [44, 45, 54] as a regularization
term. This aligns the distribution of our single-step out-
put with that of a multi-step teacher model by harmonizing
predictions between a LoRA-fine-tuned version ϕ′

reg and a
fixed pre-trained DiT regularizer ϕreg:

∇θLvsd = Et,ε

[
ω(t)

(
ϕreg(ẑt; t)− ϕ′

reg(ẑt; t)
) ∂ẑH

∂θ

]
,

(8)
where ẑH is the predicted high-quality latents, ẑt = σtẑH+
(1 − σt)ε, ε ∼ N (0, I), t ∼ U(Tmin, Tmax), and ω(t) is a
time-dependent weighting factor.

Additionally, we introduce a latent-space adversarial loss
to enhance visual realism. A VGG-16-based discrimina-
tor D is trained to distinguish between generated ẑH and
ground-truth zH latents via:

Ladv = E [logD(zH)] + E [log(1−D(ẑH))] , (9)

while the base model is simultaneously optimized to fool
the discriminator, thereby improving output quality.

The overall training objective function of base model in
latent-space training is comprised of the L2 loss in Eq. (7),
VSD loss in Eq. (8) and adversarial loss in Eq. (9):

Llatent = λL2LL2 + λvsdLvsd + λadvLadv, (10)

where λL2, λvsd and λadv are tradeoff parameters.
Pixel-Space Training. Following latent-space conver-

gence, we refine the base model in the pixel space to en-
hance visual fidelity. To maintain memory efficiency, we re-
move the VSD and adversarial objectives, adopting instead
a patch-wise training strategy [57]. Specifically, we spa-
tially crop the predicted high-quality latent ẑH into patches
ẑcrop
H , decode them to pixel patches x̂crop

H = E−1(ẑcrop
H ), and

align them with corresponding ground-truth patches xcrop
H .

The model is optimized using a composite objective com-
bining pixel-wise L2 and perceptual LPIPS loss [55]:

Lpixel = λL2E
∥∥x̂crop

H − xcrop
H

∥∥2 + λlpipsLlpips(x̂
crop
H ,xcrop

H ).
(11)

This focused refinement significantly improves the visual
quality while keeping manageable memory consumption.

3.4. Draft Model in PS-SR
While multi-step sampling in diffusion models effectively
refines details, its computational demands hinder practical
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deployment. Inspired by speculative sampling [8, 23, 25]
in large language models, we introduce a lightweight draft
model ϕdraft that leverages informative features from base
model to enable efficient multi-step refinement. As shown
in Figure 2, the draft model adopts a simplified version
of the base model architecture—initialized from ϕbase and
pruned by uniformly removing DiT blocks. To enhance rep-
resentation capacity, features from corresponding blocks in
ϕbase are concatenated channel-wise with those in ϕdraft, fol-
lowed by a fully-connected layer to restore the original hid-
den dimension. Unlike the base model, the draft model is
fully fine-tuned to adapt to its more complex target.

During training, the draft model takes as input an inter-
polated latent zt = σtzL + (1 − σt)zH and predicts the
velocity ϕdraft(zt; t). It is supervised using a combined ob-
jective of L2 loss and pixel loss:

Ldraft = λL2LL2 + λpixelLpixel. (12)

where LL2 and Lpixel are defined in Eq. (7) and Eq. (11),
respectively. Notably, we omit VSD and adversarial losses
to focus the draft model on recovering high-frequency de-
tails rather than distribution-level alignment, ensuring both
efficiency and enhanced detail synthesis.

3.5. Frequency-Domain Update Rule
To effectively integrate the powerful base model with the
lightweight draft model, we design a frequency-domain up-
date rule that preserves global structure and low-frequency
content from the base model while progressively enhanc-
ing high-frequency details through subsequent refinement
steps. This approach maintains content consistency while
leveraging the creative potential of multi-step diffusion.

Given the refined video xt from step t and the current
step’s predicted high-quality video x̃t−1 = E−1(zt−1 −
σt−1ϕdraft(zt; t)), we first convert both to YUV color
space and extract their luminance channels Yt and Ỹt−1.
High-frequency components are obtained via a high-pass
filter H: YH = H(Y). An adaptive weighting scheme bal-
ances contributions from previous and current refinements:

wt =
|Ỹt−1

H |
|Yt

H |+ |Ỹt−1
H |

. (13)

The updated high-frequency component is computed as:

Yt−1
H = α

(
wtỸ

t−1
H + (1− wt)Y

t
H

)
, (14)

where α controls the refinement strength. The final result
xt−1 is obtained by combining this high-frequency lumi-
nance with the low-frequency components and chrominance
channels from xt, then converting back to RGB space. This
iterative process ensures both structural preservation and
enhanced visual detail through multi-step refinement.

4. Experiments

4.1. Experimental Settings
Datasets. We train our PS-SR on the YouHQ [60] dataset,
which contains approximately 37K high-quality video clips.
The corresponding low-quality input videos are synthesized
using the RealESRGAN degradation pipeline [42]. For
evaluation, we use both synthetic and real-world datasets.
The synthetic datasets include UDM10 [52] (10 clips, 32
frames each), SPMCS [37] (30 clips, 31 frames each), and
YouHQ40 [60] (40 clips, around 30 frames each). Low-
quality versions of these videos are generated with the same
degradation pipeline as in training. For real-world evalua-
tion, we use the VideoLQ [7] dataset, which consists of 50
low-quality Internet-sourced clips with 100 frames each.

Implementation Details. We implement PS-SR on the
PyTorch platform. The VAE and base model are initial-
ized from the pre-trained Wan2.1-T2V-1.3B video diffusion
model [38], while the draft model is obtained by pruning
20 out of 30 DiT blocks from the fine-tuned base model.
The speculative diffusion step T is set to 4, with a refine-
ment strength factor α = 0.6. We adopt the following loss
weights from prior work [42, 45]: λL2 = 1, λvsd = 1,
λadv = 0.1, λpixel = 1, and λlpips = 2. For pixel loss
computation, we randomly crop 160 × 160 patches to bal-
ance memory and performance. The model is trained on
8 NVIDIA A800 GPUs with a total batch size of 8, using
AdamW optimizer with a learning rate of 5 × 10−5, and
LoRA rank set to 32.

Evaluation Metrics. We employ a range of quantitative
metrics to evaluate video quality comprehensively. PSNR
and SSIM [43] assess pixel-wise similarity with ground-
truth video. LPIPS [55] and DISTS [14] measure per-
ceptual similarity using VGG-based features [35]. Addi-
tionally, we include no-reference metrics: CLIP-IQA [39],
MUSIQ [21], and NIQE [31], which predict quality scores
without ground-truth reference videos.

4.2. Comparisons with State-of-the-Art Methods
We compare PS-SR against state-of-the-art VSR
approaches, including multi-step diffusion models
(STAR [46], SeedVR [41]) and single-step diffusion-based
methods (DLoRAL [36], SeedVR2 [40], DOVE [13]).

Quantitative Comparisons. As summarized in Ta-
ble 1, PS-SR consistently achieves top-tier performance
across four datasets under diverse evaluation metrics. No-
tably, on UDM10, PS-SR attains an SSIM of 0.7547,
an LPIPS of 0.2444 and a DISTS of 0.1277—the best
among all competitors—reflecting its superior ability to
reconstruct ground-truth videos. This advantage stems
from our integrated training strategy: the powerful base
model is optimized using VSD loss to align the output
distribution with that of multi-step teacher, complemented
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Table 1. Performance comparisons with state-of-the-art methods on UDM10, SPMCS, YouHQ40 and VideoLQ datasets. The best and
second best results are bolded and underlined, respectively.

Datasets Metric STAR [46] SeedVR [41] DLoRAL [36] SeedVR2 [40] DOVE [13] PS-SR (Ours)

UDM10

PSNR ↑ 23.635 22.860 23.559 22.871 24.039 23.913
SSIM ↑ 0.7334 0.7211 0.7323 0.7349 0.7434 0.7547
LPIPS ↓ 0.3433 0.2796 0.2839 0.2587 0.2672 0.2444
DISTS ↓ 0.1730 0.1301 0.1620 0.1340 0.1569 0.1277
CLIP-IQA ↑ 0.2557 0.3086 0.4618 0.2907 0.5259 0.3716
MUSIQ ↑ 45.848 52.309 61.605 50.594 63.140 57.373
NIQE ↓ 5.7470 5.2708 5.1255 5.2579 5.2837 4.9902

SPMCS

PSNR ↑ 21.437 20.738 21.175 20.378 21.281 22.092
SSIM ↑ 0.5653 0.5901 0.5710 0.5950 0.5802 0.6287
LPIPS ↓ 0.4220 0.3313 0.3797 0.3232 0.3727 0.2940
DISTS ↓ 0.2179 0.1461 0.1965 0.1526 0.1856 0.1454
CLIP-IQA ↑ 0.2749 0.3121 0.4747 0.3431 0.5762 0.3686
MUSIQ ↑ 45.549 52.864 65.451 58.613 69.634 61.004
NIQE ↓ 5.2590 4.7232 3.9897 4.3218 4.7511 3.9542

YouHQ40

PSNR ↑ 21.076 20.508 21.440 20.250 21.589 21.772
SSIM ↑ 0.5525 0.5596 0.5598 0.5706 0.5741 0.5873
LPIPS ↓ 0.4149 0.3542 0.3156 0.3100 0.3192 0.3011
DISTS ↓ 0.1852 0.1435 0.1641 0.1379 0.1707 0.1390
CLIP-IQA ↑ 0.2871 0.3665 0.4764 0.4007 0.5314 0.4189
MUSIQ ↑ 49.418 57.863 66.302 61.462 68.324 63.001
NIQE ↓ 5.1299 4.2937 3.9482 4.2196 5.1521 3.7508

VideoLQ
CLIP-IQA ↑ 0.2919 0.2470 0.3910 0.3711 0.2446 0.3155
MUSIQ ↑ 60.411 49.451 65.119 59.407 51.213 62.091
NIQE ↓ 4.8153 4.7222 4.2362 4.9334 5.0053 4.6975

No GT Reference

STAR SeedVR

SeedVR2 DOVE PS-SR (Ours)

Input Video: VideoLQ-035

Input Video: YouHQ40-027

STAR SeedVR DLoRAL

SeedVR2 DOVE PS-SR (Ours) GT

Input

Input DLoRAL

Figure 3. Two visual examples of VSR results by different approaches on the low-quality videos from synthetic (YouHQ40) and real-world
(VideoLQ) datasets. The videos in VideoLQ are low-quality videos crawled from the Internet without high-quality ground-truth references.

by pixel-level supervision on randomly cropped local re-
gions to enforce fine-grained spatial accuracy. In terms of
no-reference sharpness metrics—which assess perceptual
quality without ground-truth references—PS-SR achieves
competitively low NIQE values. While some competing
methods obtain higher values on CLIP-IQA and MUSIQ,
their pursuit of extreme sharpness often comes at the
cost of excessive deviation from the low-resolution input,

leading to semantic drift and degraded performance on
reconstruction-oriented metrics. In contrast, our frequency-
constrained refinement mechanism enhances visual creativ-
ity through multi-step detail generation while preventing
over-modification of low-frequency content. This enables
PS-SR to maintain an optimal balance between input-output
consistency and visual richness, outperforming other ap-
proaches in overall video reconstruction quality.
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xt x
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Figure 4. Comparison of temporal profile that tracks variation of the pixels in a spatial row (highlighted by the yellow line). The width of
the temporal profile equals to the video width, and the height is the number of frames of generated high-quality video.

Table 2. Temporal consistency comparisons in terms of flow warp-
ing error (E∗

warp ↓) on different datasets.
Datasets STAR SeedVR DLoRAL SeedVR2 DOVE Ours
UDM10 1.66 4.19 3.72 4.78 1.79 1.43
SPMCS 1.41 2.00 2.82 2.60 1.16 0.82

YouHQ40 2.98 4.22 4.79 4.55 1.84 1.56
VideoLQ 9.28 9.96 7.14 11.09 6.74 6.46
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Ours

Ours

Ours

Ours

Figure 5. Human evaluation of different methods on sampled 20
input low-quality videos. Each pair is evaluated by 20 people.

Qualitative Comparisons. Figure 3 presents qualitative
comparisons on representative samples from the synthetic
YouHQ40 and real-world VideoLQ datasets. PS-SR con-
sistently produces visually plausible details, particularly in
semantically sensitive regions such as human faces and ve-
hicle structures. Unlike DOVE, which generates oversharp-
ened color patches lacking structural accuracy, or SeedVR2,
which tends to yield oversmoothed results with missing tex-
tures, our method achieves an optimal balance: it preserves
low-frequency content alignment with the input video while
fully leveraging the creativity of multi-step refinement to re-
construct semantically faithful and detailed visual elements.

Evaluation on Temporal Consistency. We evalu-
ate temporal consistency using the flow warping error
E∗

warp [22]. As shown in Table 2, our method achieves the
lowest warping error, confirming superior temporal coher-
ence. Visualizations of pixel intensity transitions in Figure 4
further reveal that PS-SR maintains smoother and more con-
tinuous inter-frame evolution, while competing methods ex-
hibit noticeable jitter. These results validate that PS-SR ef-
fectively preserves the motion priors from the initial video
diffusion model, ensuring high temporal stability.

Human Evaluation. We conducted a user study with
20 participants evaluating VSR results on 20 input videos
randomly sampled from four datasets. As shown in Fig-

Table 3. Performance comparisons between different variants of
PS-SR on the SPMCS dataset.

Metric w/o Lvsd w/o Ladv w/o Lpixel w/o FDU Ours
PSNR ↑ 22.097 22.165 22.266 18.661 22.092
SSIM ↑ 0.6333 0.6355 0.6340 0.5299 0.6287
LPIPS ↓ 0.3361 0.3448 0.3046 0.3293 0.2940
DISTS ↓ 0.1718 0.1745 0.1483 0.1665 0.1454
CLIP-IQA ↑ 0.3300 0.3318 0.3508 0.4196 0.3686
MUSIQ ↑ 56.369 56.573 56.820 67.066 61.004
NIQE ↓ 4.6710 4.5826 4.2561 3.9313 3.9542

Table 4. Inference speed evaluations (29 frames, 720× 1280).
STAR SeedVR DLoRAL SeedVR2 DOVE Ours

Step 15 50 1 1 1 1+3
Time (s/sample) 98.61 188.93 45.48 22.36 20.43 21.11

ure 5, PS-SR is consistently preferred in pairwise compar-
isons for its superior visual quality and temporal smooth-
ness. This results support the quantitative and qualitative
findings, confirming that our method performs well in both
objective evaluation and subjective perception.

4.3. Model Analysis
Ablation Study. Ablation results on the SPMCS dataset
(Table 3) validate the contribution of each component.
Removing VSD loss (Lvsd) degrades perceptual metrics
(e.g., CLIP-IQA, MUSIQ), underscoring its role in aligning
single-step outputs with the teacher distribution. Omitting
adversarial loss (Ladv) or pixel-space supervision (Lpixel)
also reduces visual realism. Disabling the frequency-
domain update rule (FDU) improves no-reference percep-
tual scores but lowers PSNR/SSIM, confirming its effective-
ness in preserving structural fidelity during refinement.

Inference Efficiency. As shown in Table 4, PS-SR
achieves a favorable balance between quality and speed.
Evaluated on an NVIDIA A800 GPU for 29-frame 720 ×
1280 videos, our method introduces only minimal overhead
over single-step models—thanks to the lightweight draft
model—while significantly enhancing visual detail through
speculative refinements.

Impact of Sampling Steps. We analyze the effect of
varying speculative steps T in Table 5. While T = 1 yields
the highest PSNR/SSIM, perceptual quality improves with
more steps. We empirically set T = 4 for an optimal trade-

38224



Table 5. Performance comparisons with different diffusion steps.

Metric Speculative Diffusion (Ours) Baseline
T = 1 T = 2 T = 4 T = 8 T = 50

PSNR ↑ 22.337 22.201 22.092 21.983 20.572
SSIM ↑ 0.6418 0.6352 0.6287 0.6210 0.5332
LPIPS ↓ 0.2798 0.2783 0.2940 0.3111 0.3909
DISTS ↓ 0.1452 0.1430 0.1454 0.1510 0.1702
CLIP-IQA ↑ 0.2964 0.3319 0.3686 0.4005 0.4059
MUSIQ ↑ 50.632 56.927 61.004 63.716 71.088
NIQE ↓ 5.4465 4.6670 3.9542 3.7801 3.2668

Table 6. Performance comparisons between PS-SR variants with
different numbers of pruned blocks in draft model.

Metric Pruned Blocks / Total Blocks
0/30 10/30 20/30 25/30

CLIP-IQA ↑ 0.3767 0.3699 0.3686 0.3353
MUSIQ ↑ 61.484 61.347 61.004 56.936
NIQE ↓ 3.9023 3.8885 3.9542 4.2615

Table 7. Performance comparisons between PS-SR variants with
different refinement strengths.

Metric α = 0.2 α = 0.4 α = 0.6 α = 0.8 α = 1.0
PSNR ↑ 22.272 22.183 22.092 21.931 21.774
SSIM ↑ 0.6385 0.6335 0.6287 0.6197 0.6118
LPIPS ↓ 0.2759 0.2812 0.2940 0.3106 0.3266
DISTS ↓ 0.1427 0.1428 0.1454 0.1503 0.1546
CLIP-IQA ↑ 0.3125 0.3397 0.3686 0.4021 0.4208
MUSIQ ↑ 53.899 57.583 61.004 64.358 66.535
NIQE ↓ 4.9888 4.3543 3.9542 3.7524 3.6929

off. A 50-step baseline that built upon the same architecture
as base model achieves top no-reference metric scores, con-
firming the perceptual advantage of multi-step sampling.
In contrast, our approach preserves better reconstruction fi-
delity with far fewer steps.

Draft Model Efficiency. The number of pruned DiT
blocks critically determines the efficiency-quality trade-off
in our draft model. As validated in Table 6, removing 20 out
of 30 blocks yields the optimal balance: insufficient prun-
ing limits speed improvements, while excessive removal
(e.g., 25 blocks) severely compromises high-frequency de-
tail synthesis. This configuration ensures efficient refine-
ment while preserving essential enhancement capabilities.

Frequency-Domain Update Analysis. Figure 6 demon-
strates that while standard multi-step refinement leads to
progressive semantic drift, our frequency-domain update
rule (+FDU) effectively enhances textural details while pre-
serving global structural integrity. In addition, we system-
atically evaluate the refinement strength parameter α (Ta-
ble 7). As α increases from 0.2 to 1.0, we observe a sys-
tematic trade-off: perceptual metrics (CLIP-IQA, MUSIQ)
improve consistently, indicating enhanced visual richness,
while pixel-level similarity metrics (PSNR, SSIM) expe-
rience moderate degradation. Based on this analysis, we
select α = 0.6 as the balanced operating point that main-
tains strong reconstruction fidelity while achieving substan-
tial perceptual gains.

2 Steps1 StepInput

3 Steps 4 Steps 4 Steps+FDU
Figure 6. A visualization example of PS-SR variants by using dif-
ferent numbers of steps.

5. Discussion
Towards Long Video Super-Resolution. To process long
videos under memory constraints, we employ an overlap-
ping clip splitting and merging strategy. This approach di-
vides the input into overlapping segments, enhances each
independently with PS-SR, and then seamlessly integrates
them using temporal position-aware averaging. More de-
tails are given in the supplementary material.
Balance Reconstruction and Creativity. Achieving op-
timal VSR requires balancing reconstruction and creativity.
We explore this trade-off by adjusting key hyperparameters,
as improving one often affects the other. Since our ultimate
goal is to optimize the subjective viewing experience rather
than any single metric, we base our final configuration on
human-centric evaluation. Detailed parameter analyses are
provided in the supplementary material.

6. Conclusion
In this paper, we present PS-SR, a novel pseudo-single-step
framework that effectively bridges the efficiency-quality
gap in video super-resolution. Our approach introduces two
key innovations: a computationally asymmetric pipeline
where a powerful base model establishes global structure
in one step, followed by a lightweight draft model for effi-
cient refinements; and a frequency-domain update rule that
confines refinements to high-frequency details while pre-
serving semantic structure. This unique integration enables
PS-SR to deliver both the speed of single-step models and
the visual richness of multi-step diffusion. Extensive exper-
iments show that PS-SR achieves SOTA performance while
maintaining practical efficiency. The speculative diffusion
paradigm provides a new architectural blueprint for balanc-
ing computational demands with generative quality, with
promising implications for various video generation tasks.
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