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Figure 1. Inference Speed and Performance Comparison. The bubble chart on the left compares model parameter scale, inference time,
and DOVER score across methods, with inference speed measured on a single GPU using a 21-frame, 1920 × 1080 resolution video.
The right-side images show super-resolution results for different videos. Our method not only demonstrates remarkable detail generation
capabilities but also achieves superior inference efficiency, accelerating inference speed by approximately 50× compared to SeedVR-7B.

Abstract

Diffusion-based video super-resolution (VSR) has recently
achieved remarkable fidelity but still suffers from pro-
hibitive sampling costs. While distribution matching distil-
lation (DMD) can accelerate diffusion models toward one-
step generation, directly applying it to VSR often results in
training instability alongside degraded and insufficient su-
pervision. To address these issues, we propose DUO-VSR,
a three-stage framework built upon a DUal-Stream Distil-
lation strategy that unifies distribution matching and adver-
sarial supervision for One-step VSR. Firstly, a Progressive
Guided Distillation Initialization is employed to stabilize
subsequent training through trajectory-preserving distilla-
tion. Next, the Dual-Stream Distillation jointly optimizes
the DMD and Real–Fake Score Feature GAN (RFS-GAN)
streams, with the latter providing complementary adver-
sarial supervision leveraging discriminative features from
both real and fake score models. Finally, a Preference-
Guided Refinement stage further aligns the student with per-
ceptual quality preferences. Extensive experiments demon-
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strate that DUO-VSR achieves superior visual quality and
efficiency over previous one-step VSR approaches.

1. Introduction
Video super-resolution (VSR) aims to recover high-
resolution (HR) videos from low-resolution (LR) in-
puts [14, 63], serving as a fundamental technique for video
quality enhancement. Beyond reconstruction-based meth-
ods [2, 3, 63], recent studies have increasingly turned
to generative paradigms [64], particularly diffusion mod-
els [11, 52], which offer superior visual quality and real-
ism. By leveraging large-scale pretrained priors [46, 80],
these models achieve remarkable detail restoration even un-
der challenging degradations [67, 73]. Despite their impres-
sive performance, these methods rely on dozens of iterative
sampling steps [61, 96], which incur substantial inference
computational overhead and latency, making them imprac-
tical for real-world deployment.

A common strategy to accelerate diffusion models is to
reduce the number of sampling steps [53, 83], which has
been widely explored in image super-resolution (ISR) [7,
69, 87]. One line of work extends this idea to VSR by adapt-
ing one-step ISR models with temporal alignment mod-
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ules [30, 54], which requires additional fine-tuning to main-
tain temporal consistency. Another line of research distills
pretrained multi-step text-to-video (T2V) [80] or VSR [61]
models into one-step generators for VSR. DOVE [6] sta-
bilizes training with a regression loss, but it tends to com-
promise fine details. SeedVR2 [60] improves perceptual fi-
delity via adversarial post-training [26], but it often suffers
from instability due to the large discriminator which may
dominate the optimization dynamics and introduce unnatu-
ral artifacts. Despite these advances, one-step VSR methods
still face trade-offs among stability, temporal consistency,
and perceptual quality, thereby motivating the exploration
of alternative distillation strategies.

Recently, Distribution Matching Distillation (DMD) [83,
84] has proven effective for accelerating video diffusion
models, outperforming GAN-based counterparts [12]. It
trains a student model to directly match the distribution of
a pretrained teacher, thereby enabling one-step generation.
However, applying DMD to VSR reveals three key limi-
tations. (1) Training instability. Directly initializing the
student from a pretrained multi-step VSR model produces
one-step outputs whose distribution deviates substantially
from real HR videos, leading to instability in subsequent
training. (2) Degraded supervision. The frozen real score
model (i.e., the teacher model), never exposed to the noised
versions of the student outputs, may produce biased or spa-
tially shifted guidance relative to the given LR anchor, caus-
ing artifacts or temporal inconsistencies. (3) Insufficient
supervision. Although the real score model generates visu-
ally high-quality results, it still falls short of real HR videos,
which fundamentally limits the achievable performance of
the student when relying solely on DMD.

To address these issues, we introduce a three-stage dis-
tillation framework, featuring a novel DUal-Stream Distil-
lation strategy that unifies distribution matching and adver-
sarial supervision for One-step VSR, termed DUO-VSR.
We first perform Progressive Guided Distillation to obtain
a one-step initialization that stabilizes subsequent training.
In the second stage, we introduce the Dual-Stream Distil-
lation, where the distribution matching distillation stream
ensures stable alignment with the teacher distribution, while
the Real–Fake Score Feature GAN (RFS-GAN) stream pro-
vides supervision from high-quality real videos. Unlike
DMD2 [82], which applies GAN loss only during a late
fine-tuning stage and computes it solely from features of
the fake score model, we jointly optimize both streams and
incorporate features from both real and fake score models.
The adversarial supervision from real videos serves as a
regularizing signal, mitigating the adverse influence of de-
graded supervision from the real score model and enabling
the student to achieve higher visual quality. Finally, we ap-
ply Preference-Guided Refinement to further boost percep-
tual quality through preference alignment optimization.

Extensive experiments demonstrate that DUO-VSR
achieves superior perceptual quality over prior one-step
VSR methods. Our main contributions are as follows:
• We identify the optimization challenges in applying DMD

alone to one-step VSR training, namely instability and
inherent degraded and insufficient supervision.

• We propose a Dual-Stream Distillation Strategy that
jointly optimizes DMD and RFS-GAN losses, alleviating
the adverse effects of degraded supervision and breaking
the quality bound of the teacher model.

• We develop a three-stage pipeline with Progres-
sive Guided Distillation, Dual-Stream Distillation, and
Preference-Guided Refinement, enabling stable optimiza-
tion and high-quality one-step video super-resolution.

2. Related Work
2.1. Video Super-Resolution
Video Super-Resolution (VSR) aims to recover high-quality
videos from degraded inputs by leveraging spatial and tem-
poral information. Early sliding-window-based [22, 81],
recurrent-based [2, 3, 13, 24, 51], as well as other VSR
methods [5, 14, 20, 25, 32, 56, 63, 75, 76, 86], mainly rely
on synthetic degradation, which limits their applicability in
real-world scenarios. More recent efforts [62, 71, 78, 92]
have increasingly focused on addressing VSR in real-world
scenarios. These works have explored various architectural
designs [43, 70] and degradation pipelines [4, 64], yet they
still struggle to synthesize realistic textures and fine details.

With the rapid advancement of diffusion models [11,
44, 52], several diffusion-based VSR methods [9, 23] have
demonstrated remarkable performance. Some methods in-
corporate additional temporal modules into pretrained T2I
models [46, 91] to leverage their rich priors while ensur-
ing temporal consistency. Upscale-A-Video [96] enhances
a pretrained diffusion model by integrating temporal lay-
ers and a flow-guided recurrent latent propagation module.
MGLD-VSR [79] employs a motion-guided loss to guide
the diffusion process and embeds a temporal module in the
decoder for temporal modeling. Several other works di-
rectly leverage pretrained T2V models [1, 57, 80] for VSR.
In STAR [73], fine details are recovered through a local
enhancement module integrated into the model. Besides,
SeedVR [61] adopts a sliding-window strategy to process
long video sequences. However, the considerable parame-
ter scale and iterative denoising of diffusion models lead to
substantial latency, hindering real-world deployment.

2.2. Diffusion Model Acceleration
Acceleration methods for diffusion models typically in-
clude caching-based strategies [37, 94], efficient atten-
tion [88, 89], and distillation. Existing distillation meth-
ods for accelerating diffusion models generally fall into
two main categories, namely trajectory-preserving and
distribution-matching. Trajectory-preserving distillation
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Figure 2. (a) Effect of initialization on the stability of the second-stage training. The proposed progressive guided distillation initialization
leads to more stable loss and gradient norm trends during the second-stage distillation. (b) Compared with the fake score model, the real
score model occasionally produces outputs that are spatially shifted relative to the inputs (highlighted in green boxes in the first two cases)
or contain artifacts (blue boxes in the third case), leading to degraded supervision propagated to the student model.

exploits the ODE trajectory of diffusion models to match
teacher outputs with fewer steps, as exemplified by methods
such as progressive distillation [40, 47], consistency distil-
lation [18, 31, 33, 38, 45, 53, 58], and rectified flow [17,
28, 29, 77]. Distribution-matching distillation bypasses the
ODE trajectory and trains the student to align with the dis-
tribution of the teacher model. This can be achieved either
through adversarial training [15, 36, 49, 50, 74] or through
score distillation [34, 35, 82, 83, 95]. Due to the inherent
difficulty of preserving diffusion trajectories in few-step set-
tings, trajectory-preserving methods often produce blurry
results, whereas distribution-matching approaches tend to
yield better video quality under few-step sampling. Despite
their effectiveness, GAN-based distribution matching [26]
often suffers from training instability caused by heavy dis-
criminators, whereas DMD [83] has been widely adopted in
autoregressive video generation [12, 84] for its efficiency.

2.3. One-Step Video Super-Resolution
Based on these acceleration methods, recent image super-
resolution (ISR) studies [7, 10, 21, 42, 48, 65, 69, 72, 85,
87, 97] have investigated efficient few-step diffusion sam-
pling. In VSR, SEEDVR2 [60] explores applying Adver-
sarial Post-Training (APT) [26] to VSR, enabling one-step
diffusion. DOVE [6] introduces a latent-pixel training strat-
egy that employs a two-stage scheme to adapt pretrained
T2V model to one-step VSR. UltraVSR [30] introduces a
degradation-aware reconstruction scheduling that reformu-
lates multi-step denoising into a single-step process. DLo-
raL [54] extends ISR-based one-step models with temporal
alignment. Nevertheless, existing one-step methods still ex-
hibit limited realism and temporal consistency.

3. Methodology
3.1. Preliminary
Base VSR Model. Given a low-resolution video xLR, we
first upscale it to the target resolution and then encode

it into the latent space using a VAE E to obtain its la-
tent representation zLR. We train a video diffusion trans-
former (DiT) [44] conditioned on zLR and text embedding
c, to predict clean HR latents from noisy samples obtained
by perturbing HR latents zHR with random noise ϵ

zHR
t = (1− t)zHR

0 + tϵ, ϵ ∼ N (0, I) (1)
where t ∈ [0, 1]. The VSR denoiser vθ with parameter θ is
trained to predict the target velocity v = ϵ− zHR

0

L(θ) = Et,zHR
0

||vθ(z
HR
t , t,zLR, c)− v||2. (2)

Following previous works [61], we concatenate the noisy
HR latents zHR

t and the LR latents zLR as the input to the
DiT. Similar to recent advanced video DiT models [57, 80],
our DiT layers incorporate a cross-attention module to in-
tegrate textual conditioning, as well as 3D full attention
to capture long-range spatial and temporal dependencies.
Our base VSR model, containing about one billion parame-
ters, requires 50 sampling steps by default to generate clean
high-resolution videos.
Distribution Matching Distillation (DMD). DMD [82,
83] distills a multi-step diffusion model into a one-step
student generator by minimizing the expected approximate
Kullback-Leibler (KL) divergence DKL between the dif-
fused target and student distributions over timesteps t.

Given a pretrained diffusion model, the distribution score
can be formulated as s = −zHR

t +(1−t)vθ

t [52], allowing the
student parameters θS to be optimized by directly comput-
ing the gradient of the KL divergence

∇θDKL = Eϵ[−(sreal(z
HR
t )− sfake(z

HR
t ))

dv

dθS
], (3)

where sreal and sfake are computed by the real and fake score
models, respectively. Both models are initialized with the
same architecture and weights as the teacher model. The
real score model is frozen during training to capture the
teacher distribution, while the fake score model is contin-
uously updated to track the student distribution.
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Figure 3. Overview of our three-stage distillation framework. (a) We initialize the student model with trajectory-preserving Progressive
Guided Distillation, which consists of CFG Distillation and Progressive Distillation steps. (b) The core of our method, Dual-Stream
Distillation, jointly optimizes the DMD and RFS-GAN streams through alternating Student Update and Auxiliary Update, providing
reliable and sufficient supervision. (c) In the final stage, we construct a generated preference dataset and apply DPO-based Preference-
Guided Refinement to enhance perceptual quality.

3.2. DMD in VSR: On Stability and Supervision
Despite the impressive performance of DMD in image and
video generation, we observe that directly applying it to
one-step VSR training faces several challenges. First, DMD
initializes the student, real score, and fake score models
from the pretrained multi-step VSR model. Since the pre-
trained model yields low-quality results under the one-step
setting, its distribution differs notably from that of the real
score model, causing unstable optimization and degraded
results. As shown in Fig. 2 (a), directly initializing from
the teacher model results in unstable gradients and training
dynamics. Second, the real score model has never been ex-
posed to the noisy outputs of the student model. Compared
with the fake score model that continuously tracks the out-
puts of the student model, the real score model generates
results with richer high-frequency details and textures, but
often exhibit undesired spatial shifts relative to the inputs.
Moreover, it occasionally produces artifact-contaminated
outputs, which can be further propagated to the student
through gradient updates, as illustrated in Fig. 2 (b). These
issues are particularly evident in VSR, where the LR video
serves as a strong spatial–temporal anchor, making the sys-
tem more sensitive to degraded supervision than in text-
conditioned image or video generation. Finally, while the
real score model represents a high-quality distribution, it
remains inferior to real HR videos. Consequently, relying
solely on the DMD loss restricts the student to limited rep-

resentational capacity of the teacher model.
To mitigate instability during training, we propose the

Progressive Guided Distillation Initialization in Sec. 3.3.
To alleviate the adverse effects of degraded and insuffi-
cient supervision, we introduce the Dual-Stream Distilla-
tion Strategy in Sec. 3.4. Finally, to further enhance the
perceptual quality of the generated videos, we incorporate a
Preference-Guided Refinement stage in Sec. 3.5.
3.3. Progressive Guided Distillation Initialization
Having identified the instability caused by direct one-step
distillation, we adopt a trajectory-preserving Progressive
Guided Distillation Initialization to provide a stable foun-
dation for subsequent dual-stream optimization.

Specifically, following [40], we first train a single
model θS to match the combined output of the conditional
and unconditional diffusion branches (CFG-Distillation in
Fig. 3 (a)). This can be formulated as
vcfg = (1 + w)vθ(z

HR
t , t,zLR, c)− vθ(z

HR
t , t,zLR, ∅)

LCFG(θS) = Et,zHR
0

||vθS(z
HR
t , t,zLR, c)− vcfg||2. (4)

We then treat the CFG-Distilled vθS as the teacher model
and progressively distill it into a one-step student (Progres-
sive Distillation in Fig. 3 (a)):

LPD(θS) = Et,zHR
0

∥∥ zHR
t − (t− t′′)vθS(z

HR
t )︸ ︷︷ ︸

student

− z̃HR
t′′ (θ)︸ ︷︷ ︸
teacher

∥∥2,
(5)



where vθS(z
HR
t ) is the predicted velocity of student model

at timestep t, and z̃HR
t′′ (θ) denotes the two-step prediction at

timestep t′′ obtained by integrating the teacher model over
timesteps (t, t′, t′′). For simplicity, the conditions like text
embeddings and timesteps are omitted from the notations.

3.4. Dual-Stream Distillation Strategy
Building upon a stable initialization, we further address the
degraded and insufficient supervision in DMD by introduc-
ing a Dual-Stream Distillation Strategy that unifies distribu-
tion matching (DMD Stream) and adversarial supervision
(RFS-GAN Stream), as shown in Fig. 3 (b).
DMD Stream. For the distribution matching distillation
stream, we follow the setting in [83] and initialize both the
real score model θR and fake score model θF from the pre-
trained teacher model. The real score model remains frozen
to capture the distribution of high-quality videos, while the
fake score model is updated to track the evolving distribu-
tion of the one-step student. During training, we optimize
the fake score model θF with diffusion loss LDiff :

ẑS
0 = ϵ− vθS(ϵ, t,z

LR, c)

LDiff (θF) = Et,ẑS
0
||vθF(ẑ

S
t , t,z

LR, c)− v||2, (6)

where ẑS
0 represents the latent of the HR video predicted by

one-step student model, and ẑS
t is obtained by diffusing it.

Meanwhile, we alternately optimize the student model θS
using the DMD loss LDMD:

Grad =
ẑF
0 (ẑ

S
t ; θF)− ẑR

0 (ẑ
S
t ; θR)

mean(abs(ẑS
0 − ẑR

0 (ẑ
S
t ; θR)))

LDMD(θS) = Et,ẑS
0
||ẑS

0 − sg[ẑS
0 − Grad]||2, (7)

where ẑR
0 and ẑF

0 are the outputs of the real and fake score
models, corresponding to the real and fake scores respec-
tively, and sg(.) is the stop-gradient operator.
RFS-GAN Stream. In the Real–Fake Score Feature (RFS-
GAN) stream, we employ both the frozen Real Score and
the Fake Score models as discriminator backbone to extract
features. The backbone takes the diffused output of the one-
step student ẑS

t as fake samples and the diffused HR video
zHR
t as real samples, sharing the same conditioning inputs

as the DMD stream, including LR video and corresponding
timestep. The intermediate features from transformer layers
are concatenated and fed into additional convolutional dis-
criminator heads to compute the RFS-GAN loss, adopting a
hinge GAN objective for stable training:
LD = E[max(0, 1−D(zHR

t ))] + E[max(0, 1 +D(ẑS
t ))]

LG = −E[D(ẑS
t )]. (8)

To further stabilize training, we introduce a feature match-
ing loss LFM computed as the mean squared error between
intermediate features extracted from the score models.
Dual-Stream Joint Optimization. To exploit the comple-
mentary strengths of DMD and adversarial supervision, we

perform dual-stream joint optimization over the student,
fake score model, and convolutional discriminator heads,
as illustrated in Fig. 3 (b). We alternate between two in-
terleaved optimization phases: (a) Student update, where
the one-step student is updated jointly by the LDMD, LG,
and LFM losses; and (b) Auxiliary update, where the fake
score model and discriminator heads are separately updated
with diffusion loss LDiff and GAN objective LD. We ap-
ply a stop-gradient between backbone features and discrim-
inator heads to prevent GAN gradients from affecting the
score models during discriminator head updates. The de-
tailed algorithm is provided in the supplementary material.

This joint formulation constitutes the core of our frame-
work and delivers two interrelated benefits. (1) Reliable
and comprehensive supervision. The RFS-GAN stream
regularizes and complements the degraded and insufficient
DMD supervision. It suppresses the biased gradients in-
duced when the frozen real score model encounters un-
seen noisy student outputs, and introduces real-video ad-
versarial signals that enrich and extend the guidance be-
yond the teacher distribution. By leveraging features from
both real and fake score models, the adversarial supervision
becomes more complete and balanced. (2) Stability and
efficiency. Operating on diffused samples, RFS-GAN nat-
urally benefits from shared partial forward passes with the
DMD stream, improving computational efficiency while the
injected noise stabilizes adversarial dynamics. In addition,
the stop-gradient between the score-model backbones and
discriminator heads decouples their optimization, ensuring
that adversarial gradients do not interfere with the distribu-
tion tracking of score models. Together, it enables a steady,
efficient, and well-regularized joint training process that in-
tegrates the strengths of both streams.

3.5. Preference-Guided Refinement
To further enhance the perceptual quality of the one-step
VSR student, we introduce a Preference-Guided Refine-
ment, as illustrated in Fig. 3 (c). The second-stage student
model generates multiple HR candidates for each LR video,
which are ranked by video quality assessment models to
form a synthetic preference dataset D = {zLR, ẑSw

0 , ẑSl
0 },

with ẑSw
0 preferred over ẑSl

0 . The student model is then
fine-tuned with Direct Preference Optimization (DPO) [27]
loss LDPO to better align with perceptual preferences:

− E[logσ(−βt

2
(||vw − vθS(ẑ

Sw
t )||2 − ||vw − vθref(ẑ

Sw
t )||2

− (||vl − vθS(ẑ
Sl
t )||2 − ||vl − vθref(ẑ

Sl
t )||2)))], (9)

where βt is a hyperparameter and vθref is the reference
model. This loss encourages vθS to approach the target ve-
locity vw of the preferred data, while repelling it from vl

associated with the less preferred data. This refinement fur-
ther aligns the one-step generator with perceptual prefer-
ences, yielding high-fidelity video results.



LR VEnhancer UAV STAR

DLoRAL DOVE SEEDVR2 DUO-VSR (Ours)

LR VEnhancer UAV STAR

DLoRAL DOVE SEEDVR2 DUO-VSR (Ours)

LR VEnhancer UAV STAR

DLoRAL DOVE SEEDVR2 DUO-VSR (Ours)

Figure 4. Visual comparison on synthetic (YouHQ40), real-world (VideoLQ) and AIGC (AIGC60) datasets. Zoom in for details.

4. Experiments
4.1. Experimental Settings
Implementation Details. Our base VSR model is built
upon an internal 1.3B-parameter text-to-video model,
which is adapted through 10k iterations of training on 830k
paired samples synthesized by RealBasicVSR [4] degrada-
tion pipeline, with a batch size of 64. In the Progressive
Guided Distillation stage, we first perform CFG Distillation
for 500 iterations. Next, starting from a 64-step teacher, we
progressively halve number of denoising steps of student,
using a learning rate of 5 × 10−5 and a batch size of 32.
Meanwhile, teacher is updated with the latest student every
500 iterations, until obtaining a single-step model. In the
Dual-Stream Distillation stage, we perform one student up-
date after every three auxiliary updates, iterating for 2,000
steps in total. The DMD loss, RFS-GAN loss, and feature
matching loss are weighted by 1.0, 0.1, and 0.05 respec-
tively. The learning rate and batch size are set to 5 × 10−6

and 32 respectively. In the Preference-Guided Refinement
stage, we construct 2,000 preference pairs and fine-tune the
model for 1,000 iterations with a learning rate of 1× 10−6.
Evaluation Settings. Following previous work [61], we
conduct evaluations on synthetic benchmarks including
SPMCS [81], UDM10 [55], and YouHQ40 [96] under the
same degradation settings as in training. Furthermore, we
evaluate on a real-world dataset VideoLQ [4] and a self-
constructed AIGC60 dataset comprising 60 AI-generated
videos covering a wide range of visual scenes.

For synthetic datasets, we evaluate the fidelity using
full-reference metrics including PSNR, SSIM [66], and
LPIPS [90]. To further assess perceptual quality, we report
no-reference metrics such as NIQE [41], CLIP-IQA [59],
MUSIQ [16], and DOVER [68]. We also employ the
flow warping error E∗warp (scaled by 10−3) [19] to eval-
uate temporal consistency. For real-world (VideoLQ) and
AIGC (AIGC60) datasets, where ground-truth HR videos
are unavailable, we rely solely on no-reference metrics and
E∗warp for evaluation.
4.2. Comparison with Prior Works
We compare our DUO-VSR with several recent state-of-
the-art video super-resolution (VSR) models, including Re-
alViformer [92], VEnhancer [9], MGLD [79], UAV [96],
STAR [73], DLoRAL [54], DOVE [6], and SEEDVR2 [60].
Qualitative Comparison. Fig. 1 and Fig. 4 present quali-
tative comparisons with various methods on synthetic, real-
world, and AIGC video datasets. DUO-VSR demonstrates
strong capability in reconstructing realistic textures and
structures under diverse and challenging degradations. For
example, in Fig. 4, the first row shows that DUO-VSR suc-
cessfully restores a visually convincing brick-wall pattern;
in the second row, it reconstructs a clear human face even
under severe degradation; and in the last row, it produces
fine-grained, natural fur. The temporal profiles visualized
in Fig. 5 illustrate the comparison of temporal consistency.
Under severely degraded LR inputs, existing methods tend
to produce noticeable misalignment or blurring, whereas



Table 1. Quantitative comparisons on benchmarks, including synthetic (SPMCS [55], UDM10 [81], YouHQ40 [96]), real-world (Vide-
oLQ [4]), and AIGC (AIGC60) videos. The best and second performances are marked in red and blue respectively.

Datasets Metrics RealViformer VEnhancer MGLD UAV STAR DLoRAL DOVE SeedVR2-7B DUO-VSR

PSNR ↑ 21.34 19.92 21.89 19.67 21.56 22.87 22.69 23.08 22.90
SSIM ↑ 0.601 0.523 0.642 0.538 0.613 0.674 0.694 0.685 0.691
LPIPS ↓ 0.394 0.417 0.348 0.424 0.386 0.331 0.318 0.302 0.315
NIQE ↓ 4.67 4.36 3.79 3.87 6.17 3.96 4.79 4.68 3.59

MUSIQ ↑ 62.13 61.10 63.43 58.52 29.08 61.42 65.27 64.74 66.91
CLIP-IQA ↑ 0.3443 0.3398 0.4333 0.4582 0.3827 0.5218 0.4922 0.5073 0.5459
DOVER ↑ 61.32 58.25 75.54 69.84 35.17 72.30 79.94 75.40 81.47

SPMCS

E∗
warp ↓ 4.45 3.92 4.04 4.99 6.53 3.45 2.10 2.96 1.67

PSNR ↑ 23.75 23.38 23.89 23.16 23.97 24.83 24.32 24.56 24.94
SSIM ↑ 0.638 0.612 0.667 0.607 0.659 0.739 0.723 0.745 0.726
LPIPS ↓ 0.364 0.398 0.385 0.401 0.324 0.272 0.284 0.267 0.259
NIQE ↓ 5.17 4.99 4.93 4.64 5.79 4.65 4.51 4.46 4.07

MUSIQ ↑ 59.11 54.51 58.71 59.53 48.21 56.96 54.51 51.89 62.25
CLIP-IQA ↑ 0.4134 0.3859 0.4047 0.4002 0.2636 0.4163 0.4412 0.4346 0.4898
DOVER ↑ 70.51 73.48 71.35 65.72 56.72 62.03 74.87 69.09 75.32

UDM10

E∗
warp ↓ 3.43 3.65 3.81 3.76 2.96 3.89 2.89 3.12 2.44

PSNR ↑ 20.98 19.23 21.35 18.97 21.76 22.57 23.12 22.87 22.96
SSIM ↑ 0.621 0.543 0.661 0.564 0.642 0.658 0.682 0.691 0.674
LPIPS ↓ 0.379 0.426 0.355 0.433 0.364 0.311 0.299 0.291 0.289
NIQE ↓ 5.30 4.97 4.52 4.11 5.69 4.18 4.91 4.86 3.92

MUSIQ ↑ 54.86 56.83 57.30 57.52 49.19 59.64 61.36 58.44 65.24
CLIP-IQA ↑ 0.3185 0.3203 0.4106 0.4028 0.2871 0.4188 0.4167 0.3736 0.4222
DOVER ↑ 71.13 75.36 81.23 83.68 50.96 68.32 84.43 73.60 87.28

YouHQ40

E∗
warp ↓ 3.63 3.54 3.32 2.68 2.09 2.71 2.37 2.54 1.98

NIQE ↓ 5.52 5.38 4.78 4.77 5.16 5.17 4.43 4.63 4.08
MUSIQ ↑ 49.20 46.21 50.87 51.47 45.90 59.08 51.25 55.45 59.24

CLIP-IQA ↑ 0.3221 0.3106 0.3633 0.3460 0.2753 0.4068 0.3209 0.3387 0.3925
DOVER ↑ 61.09 58.87 65.36 62.57 63.43 69.29 69.36 59.56 69.71

VideoLQ

E∗
warp ↓ 5.03 4.93 4.10 4.82 4.29 4.46 3.91 4.08 3.67

NIQE ↓ 6.61 5.86 5.56 5.73 5.28 5.44 5.47 4.99 4.42
MUSIQ ↑ 50.99 50.85 53.82 52.34 57.52 58.65 57.89 62.30 63.68

CLIP-IQA ↑ 0.3464 0.3933 0.4203 0.4209 0.3509 0.4668 0.4061 0.4376 0.4886
DOVER ↑ 84.55 83.65 83.52 83.50 87.32 87.89 87.61 86.79 88.15

AIGC60

E∗
warp ↓ 3.89 3.76 3.40 4.17 1.22 1.67 0.95 1.48 1.08

LR
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Figure 5. Comparison of temporal consistency. Extracted and
stacked along the blue line in the width–temporal plane.

our DUO-VSR achieves a good balance between detail en-
hancement and temporal coherence. More results are pro-
vided in the supplementary materials.
Quantitative Comparison. We present quantitative com-
parisons in Tab. 1 and Tab. 2. As can be seen, DUO-VSR
consistently achieves the highest or near-highest scores on
non-reference perceptual metrics such as NIQE and MUSIQ
across all datasets, demonstrating its superior perceptual
quality. In terms of fidelity metrics, our method attains per-
formance comparable to competing approaches. Moreover,

DUO-VSR exhibits highly stable and consistent results in
temporal coherence (E∗warp). In terms of efficiency, Tab. 2
shows that DUO-VSR maintains low inference latency with
a relatively small parameter scale. Compared with previous
multi-step methods such as MGLD [79], it achieves near
90× faster inference, and even compared with recent one-
step approaches, its speed is generally more than 5× higher.
Overall, these comprehensive evaluations verify the effec-
tiveness and superiority of our approach.

Table 2. Inference efficiency comparison. Measured on a single
GPU using a 21-frame 1920× 1080 video. The model parameters
are counted only for the generator part.

Metric UAV MGLD VEnh. STAR DOVE DLoRAL SeedVR2 DUO-VSR

Step 30 50 15 15 1 1 1 1
Time (s) 382.1 956.7 404.5 200.4 66.7 76.6 89.7 11.3
Params (B) 0.7 1.4 2.0 2.0 5.6 0.9 8.2 1.3

4.3. Ablation Study
We conduct ablation studies to evaluate the contribution of
each component and design choice, following the training
configurations in Sec. 4.1 and using the AIGC60 dataset.
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Figure 6. Visual comparison of ablation on three stage distillation.
Experiment indices refer to Tab. 3. Zoom in for details.

Further analysis is provided in the supplementary material.
Ablation on Three Stage Distillation. We present the ab-
lation on the impact of our three-stage fine-tuning pipeline
in Tab. 3 and Fig. 6. We report the performance of the base
model with 50 inference steps (the first row highlighted
in gray) and compare it with variants equipped with dif-
ferent fine-tuning stages (Exps. (a)–(d), where ✓ indicates
the inclusion of that stage). Comparing (a) and (b) shows
that incorporating Dual-Stream Distillation (Stage II) no-
tably improves the distilled model, benefiting from the RFS-
GAN supervision derived from real-world videos and even
surpassing the base model on perceptual metrics such as
CLIPIQA and DOVER. Comparing (b) and (d) reveals that
the Preference-Guided Refinement (Stage III) further en-
hances perceptual quality, demonstrating the effectiveness
of preference-based alignment for human-perceived real-
ism. Finally, the comparison between (c) and (d) high-
lights that the Trajectory-Preserving Distillation (Stage I)
provides a strong initialization that stabilizes subsequent
training and contributes to consistent quality improvements.

Table 3. Ablation on Three Stage Distillation.

Exp. Variants Metrics
I II III NIQE MUSIQ CLIPIQA DOVER

Base 4.31 63.46 0.4712 87.98
(a) ✓ 5.45 58.97 0.408 86.49
(b) ✓ ✓ 4.64 63.36 0.487 88.01
(c) ✓ ✓ 5.11 60.22 0.423 87.63
(d) ✓ ✓ ✓ 4.42 63.68 0.489 88.15

Ablation on Dual-Stream Distillation Strategy. We fur-
ther analyze the Dual-Stream Distillation strategy in Tab. 4
and Fig. 7, where we separately examine its effectiveness
from the component and optimization perspectives. At the
component level, we compare the effects of using DMD or
RFS-GAN alone against their combination. While each in-
dividual branch provides moderate improvements compared
to using only Stage I, the Dual-Stream configuration enables
them to play complementary roles, achieving notably bet-
ter performance across all perceptual metrics. As shown
in Fig. 7, while RFS-GAN alone does not enhance textures
as effectively as DMD (e.g., plants in the red box), its in-
clusion mitigates quality degradation or insufficient super-

LR Base VSR model DMD only

RFS-GAN only Seq. DMD → GAN Joint optimizationLR

Figure 7. Visual comparison of ablation on Dual-Stream Distilla-
tion Strategy. The orange and red boxes show spatial comparison
in the LR. The blue box shows the temporal profile along the blue
line in the LR. Zoom in for details.

vision from DMD alone (e.g., tiles in the orange box, tem-
poral profile in the blue box), improving artifacts and tem-
poral consistency. At the optimization level, we compare
our joint optimization scheme with the sequential strategy
adopted in DMD2, which first distills with DMD and then
fine-tunes with GAN supervision. The results show that
joint optimization allows the two objectives to interact more
effectively during training, leading to stronger mutual rein-
forcement and the best overall performance.
Table 4. Ablation on Dual-Stream Distillation Strategy. “Joint”
and “Seq.” denote different optimization schemes.

Setting NIQE MUSIQ CLIPIQA DOVER

Component-level
DMD only 4.99 61.46 0.432 87.38
RFS-GAN only 5.32 62.64 0.427 87.53
Dual-Stream (Joint) 4.42 63.68 0.489 88.15

Optimization-level
Sequential DMD→GAN (Seq.) 5.17 62.76 0.419 87.67
Joint optimization (ours) 4.42 63.68 0.489 88.15

5. Conclusion
In this paper, we identified that directly applying distribu-
tion matching distillation (DMD) to one-step video super-
resolution suffers from training instability, degraded super-
vision from the real score model, and insufficient guid-
ance toward real HR videos. To address these issues, we
proposed DUO-VSR, a three-stage framework built upon a
Dual-Stream Distillation Strategy that integrates DMD with
Real–Fake Score Feature GAN for stable and comprehen-
sive supervision. Through Progressive Guided Distillation
Initialization, Dual-Stream Distillation, and Preference-
Guided Refinement, DUO-VSR effectively stabilizes opti-
mization, enhances supervision, and aligns perceptual qual-
ity preferences. Our findings reveal that combining distri-
bution matching and adversarial supervision provides an ef-
fective path toward efficient, high-fidelity one-step VSR.
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[82] Tianwei Yin, Michaël Gharbi, Taesung Park, Richard Zhang,
Eli Shechtman, Fredo Durand, and Bill Freeman. Im-
proved distribution matching distillation for fast image syn-
thesis. Advances in neural information processing systems,
37:47455–47487, 2024. 2, 3
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Figure 8. Examples of preferred and less-preferred samples in the
constructed preference dataset. Zoom in for details.

7. Further Implementation Details
7.1. Algorithm for Dual-Stream Distillation
The detailed procedure of the dual-stream distillation strat-
egy is outlined in Algorithm 1, comprising interleaved Aux-
iliary and Student updates. In our implementation, we set
the update interval N = 3 by default.

7.2. Construction of Preference Dataset
In the preference-guided refinement stage, we construct
a preference dataset for Direct Preference Optimization.
Specifically, for each LR video, we generate five candi-
date reconstructions using the second-stage model. We
then evaluate these candidates using the LPIPS [90],
MUSIQ [16] and DOVER [68] metrics and rank them ac-
cording to their combined quality scores. The highest-
scoring output is selected as the preferred sample, while the
lowest-scoring one serves as the less preferred sample. As
illustrated in Fig. 8, the preferred samples typically exhibit
richer, more natural, and aesthetically pleasing textures. In
total, we construct 2000 preference pairs for fine-tuning.

8. Further Discussions and Ablation Analyses.
In the ablation study presented in Sec. 4.3 of the main text,
we analyzed the effectiveness of the three-stage distillation

Algorithm 1: Dual-Stream Distillation Strategy
Input: Frozen Real Score model θR; trainable Fake

Score model θF; student θS; discriminator heads
Hϕ; loss weights λDMD, λGAN, λFM; interval N .

while not converged do
for i← 1 to N do

/* Auxiliary update */

Sample (zLR,zHR, c), t, ϵ;
ẑS
0 ← ϵ− vθS(ϵ, t, z

LR, c);
ẑS
t ← qt

(
ẑS
0

)
, zHR

t ← qt
(
zHR

)
;

// Diffusion loss for θF

Compute target v at
(
ẑS
t , t, z

LR, c
)
;

LDiff ←
∥∥vθF(ẑ

S
t , t, z

LR, c)− v
∥∥2;

// GAN discriminator loss for ϕ
with stop grad backbones

hS ← concat
(
FeatθR(ẑ

S
t ),FeatθF(ẑ

S
t )
)
;

hHR ← concat
(
FeatθR(z

HR
t ), FeatθF(z

HR
t )

)
;

DS ← Hϕ

(
sg[hS ]

)
;

DHR ← Hϕ

(
sg[hHR]

)
;

LD ← E[max(0, 1−DHR)] + E[max(0, 1 + DS)];
Update θF by descending∇θFLDiff ;
Update ϕ by descending∇ϕLD;

/* Student update (after every N
Auxiliary steps) */

Sample (zLR,zHR, c), t, ϵ;
ẑS
0 ← ϵ− vθS(ϵ, t, z

LR, c);
ẑS
t ← qt

(
ẑS
0

)
, zHR

t ← qt
(
zHR

)
;

// DMD loss

ẑR
0 ← ẑR

0 (ẑ
S
t ; θR), ẑF

0 ← ẑF
0 (ẑ

S
t ; θF);

Grad← ẑF
0 − ẑR

0

mean
(
abs(ẑS

0 − ẑR
0 )

) ;

LDMD ←
∥∥ẑS

0 − sg[ẑS
0 − Grad]

∥∥2;
// GAN generator loss

hS ← concat
(
FeatθR(ẑ

S
t ), FeatθF(ẑ

S
t )
)
;

D(ẑS
t )← Hϕ

(
sg[hS ]

)
;

LG ← −E
[
D(ẑS

t )
]
;

// Feature matching loss

hHR ← concat
(
FeatθR(z

HR
t ), FeatθF(z

HR
t )

)
;

LFM ←
∥∥hS − hHR

∥∥2;
LS ← λDMDLDMD + λGANLG + λFMLFM;
Update θS by descending∇θSLS;

framework and the two branches in the Dual-Stream Distil-
lation, namely the DMD stream and the RFS-GAN stream,
along with the exploration of different optimization strate-
gies. In this section, we provide additional discussions on
the design and training of the RFS-GAN.
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Figure 9. Noise-perturbed samples stabilize adversarial training
and suppress artifacts. Zoom in for details.

Noise-Perturbed Sample Input in RFS-GAN. Different
from SeedVR2 [60], which directly feeds the clean out-
puts of the student into the discriminator, we observe that
such a design often leads to training instability and occa-
sionally produces grid-like artifacts, as shown in Fig. 9. We
hypothesize that this instability stems from a discrimina-
tor–generator imbalance, where an overly strong discrim-
inator can easily distinguish real samples from fake ones.
Inspired by the perturbation strategy in DMD [83], which
intentionally blurs the boundary between real and fake data
distributions, we similarly add random noise with varying
intensity to both real and fake inputs of the discrimina-
tor. This modification effectively stabilizes the adversarial
learning while preserving its enhancement effect.

Furthermore, using noisy real and fake samples enables
sharing the intermediate features from real and fake score
computation for the GAN loss calculation, requiring only
an additional extraction of features from real samples and
thus reducing the number of forward passes.
Cross-Model and Multi-Layer Feature in RFS-GAN In
RFS-GAN, both the real score model and the fake score
model are employed as the backbones of the discrimina-
tor. As illustrated in Fig. 10, intermediate representations
are extracted from the 9th, 18th, and 27th layers of the DiT
architecture (consisting of 30 layers in total). RFS-GAN ef-
fectively integrates shallow features that capture structural
and semantic information with deeper representations that
encode richer and more fine-grained details. Furthermore,
the two score models are optimized over distinct data dis-
tributions: the real score model is intrinsically aligned with
the real (teacher) distribution, providing high-quality dis-
criminative guidance, whereas the fake score model dynam-
ically reflects the evolving distribution of the student. The
complementarity between these two models substantially
enhances the representational capacity of the discriminator,
thereby delivering stronger and more reliable gradient feed-
back to the student model.

Ablation studies are performed on the second-stage
model to assess the effectiveness of discriminator features
extracted from the real and fake score models. As shown
in Tab. 5, the discriminator that combines the real and fake
score models achieves the best performance in perceptual
metrics, demonstrating the effectiveness of RFS-GAN.
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Figure 10. Discriminator features from the real and fake score
models used for the RFS-GAN loss computation, reduced to three
dimensions via t-SNE [39] for visualization.
Table 5. Ablation study on the discriminator design of RFS-GAN.

Method NIQE↓ MUSIQ ↑ CLIPIQA ↑ DOVER ↑

Real Score Model only 4.71 62.79 0.456 87.95
Fake Score Model only 4.98 62.98 0.475 87.76
RFS-GAN 4.64 63.36 0.487 88.01

9. Additional Evaluation Results
9.1. Additional Visual Comparisons
Comparison with the base model. We first compare DUO-
VSR with its base model to examine the effectiveness of the
distillation framework, as shown in the Fig. 11. The results
indicate that our method achieves a comparable ability to
generate textures (first row), while producing more natural
and visually coherent details (third and fourth rows).
Comparison with other methods. We present additional
visual quality comparisons with VEnhancer [9], UAV [96],
STAR [73], DLoRAL [54], DOVE [6], and SEEDVR2 [60]
in Fig. 12. These results further demonstrate the advantages
of our method when dealing with challenging regions that
involve fine textures.

9.2. Discussion of Concurrent Works
We note that several concurrent works [8, 93, 98] have ex-
plored efficient video super-resolution, some of which also
employ DMD for one-step inference. Both InfVSR [93]
and FlashVSR [98] adopt DMD and causal DiT architec-
tures to achieve one-step streaming VSR, focusing primar-
ily on reformulating full-sequence diffusion into a causal
structure, where DMD mainly serves as a step-distillation
mechanism. Earlier, UltraVSR [30] also employs distri-
bution matching distillation to facilitate one-step VSR, but
focuses on degradation-aware scheduling and leverages an
image diffusion backbone (extended Stable Diffusion [46]
for VSR). In contrast, our DUO-VSR takes an orthogonal
perspective by revisiting the intrinsic limitations of DMD
in VSR and introducing an effective dual-stream distilla-
tion strategy to mitigate them. This design offers a comple-
mentary pathway that could potentially be integrated with
existing DMD-based frameworks to further enhance their
robustness and visual quality.

Recently, both FlashVSR [98] and UltraVSR [30] have
made their official implementations publicly available, and
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Figure 11. Visual comparison with base VSR model. Zoom in for details.

we include comparative results in this supplementary ma-
terial. To ensure a fair comparison in terms of perfor-
mance and quality, we use FlashVSR-Full for evaluation.
As shown in Fig. 12, our method produces more realistic
and natural details than FlashVSR and UltraVSR. Specif-
ically, in the first case, DUO-VSR reconstructs finer and
smoother fur textures on the fox; in the second case, the
woman’s eyebrows and eyes appear more natural; and in the
fourth case, the wheat spikes exhibit more faithful and vi-
sually convincing structures. Tab. 6 presents a quantitative
comparison between DUO-VSR and these two methods on
the AIGC60 dataset. It can be seen that DUO-VSR achieves
superior performance in perceptual metrics while exhibiting
comparable inference efficiency to FlashVSR-Full.

9.3. User Study
Following APT [26] and SeedVR2 [60], we conducted a
blind user study using the GSB test to more comprehen-
sively assess the subjective visual quality of our method.
Specifically, the preference score is computed as G−B

(G+B+S) ,
where G denotes the number of samples judged as good,
B as bad, and S as similar. The score ranges from -100%
to 100%, with 0% indicating equal performance. We ran-

Table 6. Quantitative comparison on the AIGC60 dataset.

Metric UltraVSR FlashVSR DUO-VSR

NIQE ↓ 5.58 4.67 4.42
MUSIQ ↑ 58.23 63.11 63.68
CLIP-IQA ↑ 0.4434 0.4690 0.4886
DOVER ↑ 86.45 87.49 88.15
E∗

warp ↓ 1.54 1.76 1.08
Time (s) 126.5 10.7 11.3
Params (B) 1.9 1.3 1.3

domly selected 30 samples from the VideoLQ and AIGC60
datasets. The evaluation primarily compared our approach
with recent one-step video super-resolution methods, in-
cluding SeedVR2-7B [60], DOVE [6], DLoRAL [54], Ul-
traVSR [30], and FlashVSR-Full [98]. Participants rated
three aspects: visual fidelity, visual quality, and overall
quality. Twenty researchers with computer vision back-
grounds took part in the evaluation. As shown in Tab. 7,
DUO-VSR achieves higher subjective preference scores
than previous methods.
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Figure 12. Visual comparison of different VSR methods. DUO-VSR consistently reconstructs finer textures. Zoom in for details.



Table 7. Blind user study results based on GSB test.

Method Overall Quality Visual Fidelity Visual Quality

DUO-VSR 0% 0% 0%
Our Base VSR model -1.3% -3.7% +2.3%
SeedVR2-7B -32.7% -13.3% -39.2%
DOVE -29.3% -8.0% -36.2%
DLoRAL -34.0% -10.8% -37.8%
UltraVSR -39.8% -16.7% -43.3%
FlashVSR-Full -25.5% -6.7% -28.2%

10. Limitations and Future Work
Limitations. Despite the strong efficiency and perceptual
quality achieved by our one-step framework, several limita-
tions remain. Since our method is trained in the latent space,
the underlying VAE applies an aggressive spatiotemporal
compression (8× spatial and 4× temporal), which can hin-
der the reconstruction of extremely fine-grained details such
as tiny text. In addition, the video VAE becomes the domi-
nant computational bottleneck during inference, accounting
for more than 90% of the total runtime.
Future Work. In future work, we plan to explore more ef-
ficient or task-specific video VAEs that not only preserve
high-frequency details and temporal coherence but also sig-
nificantly accelerate the decoding process, thereby reducing
the overall inference latency of our one-step framework.
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