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Abstract

Video diffusion generation suffers from critical sampling ef-
ficiency bottlenecks, particularly for large-scale models and
long contexts. Existing video acceleration methods, adapted
from image-based techniques, lack a single-step distillation
ability for large-scale video models and task generalization
for conditional downstream tasks. To bridge this gap, we pro-
pose the Video Phased Adversarial Equilibrium (V-PAE), a
distillation framework that enables high-quality, single-step
video generation from large-scale video models. Our ap-
proach employs a two-phase process. (i) Stability priming
is a warm-up process to align the distributions of real and
generated videos. It improves the stability of single-step ad-
versarial distillation in the following process. (ii) Unified ad-
versarial equilibrium is a flexible self-adversarial process that
reuses generator parameters for the discriminator backbone.
It achieves a co-evolutionary adversarial equilibrium in the
Gaussian noise space. For the conditional tasks, we primar-
ily preserve video-image subject consistency, which is caused
by semantic degradation and conditional frame collapse dur-
ing the distillation training in image-to-video (I2V) gener-
ation. Comprehensive experiments on VBench-I2V demon-
strate that V-PAE outperforms existing acceleration methods
by an average of 5.8% in the overall quality score, includ-
ing semantic alignment, temporal coherence, and frame qual-
ity. In addition, our approach reduces the diffusion latency of
the large-scale video model (e.g., Wan2.1-I2V-14B) by 100×,
while preserving competitive performance.

Project Page — https://v-pae.github.io/

1 Introduction
Diffusion models (Song et al. 2021; Ho, Jain, and Abbeel
2020; Song, Meng, and Ermon 2021) have witnessed a
paradigm shift, extending their remarkable success from im-
age synthesis (Rombach et al. 2022; Podell et al. 2024;
Cheng et al. 2025; Chen et al. 2024; Esser et al. 2024)
to video generation (Wang et al. 2023a; Guo et al. 2024;
Blattmann et al. 2023; Yang et al. 2024; Kong et al. 2024;
Wan et al. 2025). Contemporary video diffusion models at-
tain impressive fidelity through two factors: architectural
scaling and longer temporal context. Designs range from the
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Figure 1: Comparison between V-PAE and existing accel-
eration methods on VBench-I2V. It includes three distilla-
tion paradigms: (i) Consistency Distillation (CD), (ii) Vari-
ational Score Distillation (VSD) and (iii) Adversarial Dis-
tillation (AD). For fairness, all models are distilled from
Wan2.1-I2V-14B (Wan et al. 2025) using the same dataset
and training cost. Diffusion latency is measured for 5-second
720× 1280 videos on 8× H20 GPUs.

small-scale U-Net (Ronneberger, Fischer, and Brox 2015)
employing spatiotemporal decoupled attention to the large-
scale Diffusion Transformer (DiT) (Peebles and Xie 2023)
employing full attention, while temporal windows extend
to hundreds of frames. However, this fidelity comes at a
prohibitive computational cost. For instance, synthesizing a
5-second video with 50 diffusion steps using a large-scale
video model such as Wan2.1-I2V-14B1 (Wan et al. 2025)
requires approximately 15 minutes on advanced GPUs (e.g.,
8×H20). This substantial latency severely limits deployment
in real-time applications.

Existing video diffusion distillation methods (Wang et al.
2023b; Li et al. 2024; Zhang et al. 2025; Lin et al. 2025a;
Shao et al. 2025) primarily adapt image distillation tech-

1https://huggingface.co/Wan-AI/Wan2.1-I2V-14B-720P
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niques (Salimans and Ho 2022; Song et al. 2023; Luo
et al. 2023; Yin et al. 2024b; Sauer et al. 2024b,a; Yin
et al. 2024a), lacking critical spatiotemporal complexities
for video data. We identify two fundamental limitations: (i)
efficiency bottleneck, failing to distill large-scale video dif-
fusion models (>10B) into single-step generators; and (ii)
task generalization, lacking the ability to perform condi-
tional tasks (e.g., image-to-video generation (I2V)). It suf-
fers from poor video-image subject consistency caused by
semantic degradation and conditional frame collapse.

To address the efficiency bottleneck, our objective is to
distill a model capable of generating single-step videos that
closely match real videos. Adversarial distillation for single-
step sampling from Gaussian noise is the dominant strat-
egy. But it faces severe challenges: the significant quality
gap between real and generated videos makes discrimina-
tion trivial, yielding weak gradients and unstable training.
As a result, existing adversarial methods, such as Distribu-
tion Matching Distillation (DMD2) (Yin et al. 2024a) and
adversarial diffusion distillation (ADD) (Sauer et al. 2024a),
begin denoising from medium-to-high signal-to-noise ratio
(SNR) engines to ensure sufficient similarity between real
and generated samples, which provides informative discrim-
inator supervision. However, the mismatch between these
training distributions and low-SNR sampling fundamentally
limits the performance of the distilled model. To this end, we
propose Video Phased Adversarial Equilibrium (V-PAE),
which comprises two sequential processes: stability prim-
ing and unified adversarial equilibrium. (i) Stability priming
is a warm-up process to align the distributions of real and
generated videos, which improves the stability of single-step
adversarial distillation in the subsequent process. Guided by
Variational Score Distillation (VSD) (Poole et al. 2023), it
relies on score-gradient differences to reduce the distribu-
tional gap. (ii) Unified adversarial equilibrium is a flexible
self-adversarial process that reuses generator parameters for
the discriminator backbone. It achieves a co-evolutionary
adversarial equilibrium in the Gaussian noise space, improv-
ing the single-step adversarial stability.

To improve task generalization, we introduce the seman-
tic discriminator head and the conditional Score Distillation
Sampling (SDS) (Poole et al. 2023) loss. The semantic dis-
criminator head primarily enhances the semantic perception
of images and videos. It employs the multi-modal (e.g., im-
age, video, and text) attention module. By enabling cross-
modal interactions with learnable query tokens, it strength-
ens the semantic alignment ability of the distilled video
model. The conditional SDS is inspired by ADD (Sauer et al.
2024b), leveraging the continuous distribution of the pre-
trained video model to prevent distribution bias. It requires
only a multi-step video model as the regularization distribu-
tion, correcting conditional frame collapse based on smaller
discrepancies between the conditional and generated frames.

We comprehensively evaluate V-PAE on the VBench-
I2V benchmark (Huang et al. 2024) for semantic align-
ment, temporal coherence, and frame quality. Experiments
demonstrate that our approach outperforms other accelera-
tion methods by an average of 5.8% in the overall quality
score of single-step videos. Crucially, our approach achieves

single-step quality comparable to that of its 50-step video
model and even exceeds it with a few steps in a zero-shot
manner. As illustrated in Fig. 1, applied to the large-scale
video diffusion model (e.g., Wan2.1-I2V-14B (Wan et al.
2025)), our approach reduces the iterative time from nearly
15 minutes to 10 seconds, achieving a 100× speedup. This
overcomes the computational barrier, enabling real-time,
high-fidelity video synthesis for interactive applications.

2 Related Work
Video Diffusion Models. The video generation field has
seen rapid progress through diffusion models (Song et al.
2021; Ho, Jain, and Abbeel 2020; Song, Meng, and Er-
mon 2021), enabling applications such as conditional gen-
eration (HaCohen et al. 2024; Kong et al. 2024; Wan et al.
2025; Yang et al. 2024) and video editing (Chai et al. 2023;
Feng et al. 2024; Singer et al. 2024). Early works (Wang
et al. 2023a; Guo et al. 2024; Blattmann et al. 2023) insert
a lightweight temporal attention into U-Net (Ronneberger,
Fischer, and Brox 2015), using spatiotemporal decoupling
to model video distribution. This mechanism struggles with
long video generation due to limited global interaction. Later
works inherit weights from large-scale image diffusion mod-
els (Peebles and Xie 2023; Esser et al. 2024; Chen et al.
2024) for video synthesis. Recent works (Yang et al. 2024;
HaCohen et al. 2024; Kong et al. 2024; Wan et al. 2025)
abandon reliance on image diffusion models. Instead, they
build comprehensive video synthesis systems through data
expansion, model scaling, and training optimization proce-
dures. However, they remain limited in computational effi-
ciency and inference latency, primarily due to the large-scale
model parameters and long-video temporal complexity.
Distillation Sampling. Reducing diffusion sampling steps
remains a central challenge. In image distillation, Progres-
sive Distillation (PD) (Salimans and Ho 2022; Lin, Wang,
and Yang 2024) progressively compresses teacher-student
pipelines but faces inherent performance limits due to er-
ror accumulation. Consistency Distillation (CD) (Song et al.
2023; Luo et al. 2023) enables single-step generation along
the Probability Flow (PF) Ordinary Differential Equation
(ODE); however, training stability remains an issue. Vari-
ational Score Distillation (VSD) (Yin et al. 2024b,a) mini-
mizes gradient differences between real and fake score es-
timates; however, fidelity constraints persist in single-step
sampling. Adversarial Distillation (AD) (Sauer et al. 2024b;
Lin, Wang, and Yang 2024; Sauer et al. 2024a) uses a dis-
criminator to reduce the distribution gap between real and
generated data; however, effective distillation is limited to
four uniformly spaced timesteps. In video distillation, most
works simply adapt image techniques. Dual-Expert Consis-
tency Model (DCM) (Wang et al. 2023b; Li et al. 2024; Lv
et al. 2025) applies consistency distillation without video-
specific designs. MagicDistillation (MD) (Shao et al. 2025)
achieves few-step synthesis via weak-to-strong score match-
ing, but the quality degrades at single-step sampling. Adver-
sarial Post-Training (APT) (Lin et al. 2025a) deploys one-
step adversarial distillation for videos, but its applicability is
restricted to small-scale models and short clips.
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Figure 2: Overview. V-PAE first aligns the distributions of generated and real videos in the (a) stability priming process.
Building on this process, it reuses the generator parameters for the discriminator backbone, which achieves a co-evolutionary
adversarial training in the (b) unified adversarial equilibrium process. For the conditional generation, we also provide the
conditional SDS loss and semantic discriminator to (c) preserve video-image subject consistency.

3 Methodology
Our objective is to distill video diffusion models that can
generate single-step video x̂θ0 close to real video x ∼ pdata.
To this end, we propose V-PAE, a two-phase, one-step equi-
librium distillation framework. First, we introduce a stabil-
ity priming process in Sec. 3.1, which is a warm-up pro-
cess to align the distributions between x̂θ0 and x. It im-
proves the stability of single-step adversarial distillation in
the following process. Second, we introduce the unified ad-
versarial equilibrium process in Sec. 3.2, which is a flexi-
ble self-adversarial process that reuses generator parameters
for the discriminator backbone. It achieves a co-evolutionary
equilibrium. For the conditional tasks, such as image-to-
video (I2V) generation, we primarily preserve the video-
image subject consistency in Sec. 3.3, which avoids seman-
tic degradation and conditional frame collapse. Finally, we
provide the total training optimization objective in Sec 3.4.

3.1 Phase I: Stability Priming
Adversarial distillation faces severe training instability for
the single-step video x̂θ0 generated from Gaussian noise ϵ.
It is caused by the distribution mismatch between the x̂θ0
and the real video x ∼ pdata. To this end, we design a sta-
bility priming process to narrow their distribution distance.
We define three models: a priming generator µθ to align
the single-step distribution with the real distribution, a real
model µreal, and a fake model µϕfake for score-based estimates
of distribution matching distillation. As illustrated in Fig. 2
(a), the µθ directly generates x̂θ0 = fθ(xt, t) in the low
signal-to-noise ratio (SNR) regime, where t ∈ [0.9T, T ].
The x̂θ0 is perturbed by varying Gaussian noise ϵ to obtain

x̂θt′ = (1 − t′)x̂θ0 + t′ϵ, which inputs µreal and µϕfake to com-
pute the distribution matching loss with the score gradient
difference, as shown in Eq. 1:

∇θDKL = E
ϵ∼N (0;I)

[
−(sreal(x̂

θ
t′)− sϕfake(x̂

θ
t′))

dµ

dθ

]
, (1)

where t′ ∈ (0, T ], sreal = − x̂θ
t′+(1−t′)µreal

t′ , and sfake =

− x̂θ
t′+(1−t′)µϕ

fake
t′ are under standard score-based defini-

tions (Song et al. 2021).
Efficient Distribution Track. The real score is fixed during
training as the real distribution. The fake score is dynamic
during training as the single-step distribution, which is up-
dated with the standard diffusion loss (Ho, Jain, and Abbeel
2020) as shown in Eq. 2.

Lfake = E
ϵ∼N (0;I)

[||v − µϕfake(x̂
θ
t′ , t

′)||2], (2)

To improve the stability and efficiency of tracking the dis-
tribution of the x̂θ0, we introduce the lightweight Low-Rank
Adaptation (LoRA) (Hu et al. 2023) to µϕfake. Compared to
full-parameter training, this strategy enables a more stable
and faster distribution tracking ability for the large-scale
video model, even with only a small amount x̂θ0. For stable
launching, we additionally enable zero-parameter initializa-
tion in the adaptation weights.

3.2 Phase II: Unified Adversarial Equilibrium
Building on the stability priming process, we propose the
unified adversarial equilibrium process to guide the µθ in
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Figure 3: The semantic discriminator head architecture.

generating high-quality single-step videos x̂θ0 from Gaus-
sian noise ϵ. In traditional adversarial distillation (Sauer
et al. 2024b,a), the discriminator backbone is either frozen
or fully-parameter-trained. The frozen backbone easily leads
to significant asymmetry in the trained parameters between
the generator and discriminator. It tends to degrade the over-
all quality of the single-step video. The trained backbone
faces the memory challenge for the large-scale video diffu-
sion model (e.g., Wan2.1-I2V-14B), as shown in Tab. 3.
Self Discriminator. Instead, we introduce a flexible adver-
sarial paradigm. It enables the µθ as a self discriminator
backbone, paired with lightweight heads dψ for computing
logits. The key property is efficient co-evolution. With the
limited memory, the self discriminator backbone maintains
a comparable learning capacity. It enables a stable and high-
quality Nash equilibrium while generating the single-step
video from Gaussian noise. As illustrated in Fig. 2 (b), the
µθ first samples x̂θ0 = fθ(ϵ, T ) from the endpoint. Then x̂θ0
is perturbed with varying noise levels in low-SNR regimes.
The noisy samples x̂θt are fed into the self discriminator
backbone µθ to extract multi-layer features, which are used
to compute logits by dψ . Following the Hinge loss (Miyato
et al. 2018), our unified adversarial loss is as shown in Eq. 3:

LUAE =Ex̂θ
0=f

θ(ϵ,T )

[
logDψ

θ

(
x̂θt , t;µ

θ
)]

︸ ︷︷ ︸
Generator objective

+ Ex∼pdata

[
log

(
1−Dψ

θ−

(
xt, t;µ

θ−
))]

︸ ︷︷ ︸
Discriminator objective

,
(3)

where Dψ
θ− =

[
µθ

−
; dψ

]
is trained using the Exponential

Moving Average (EMA) weights θ− for unified adversar-
ial stability, and the dψ represents the discriminator heads.
Gradient Regularization. To mitigate the gradient explo-
sion of the discriminator heads, we further introduce a spa-

tiotemporal differential R1 regularization. It treats tempo-
ral dimensions as intrinsic properties of the video, which
enforce structured perturbations that jointly constrain spa-
tial and temporal quality. Specifically, we apply compos-
ite noise perturbations to the single-step video as x̃θt =
x̂θt + σsϵs + σtϵt. The gradient regularization for the video
model is as shown in Eq 4:

LSTR1 = Ex̂θ
0=f(ϵ,T )

[
∥Dψ

θ−(x̃
θ
t , t)−Dψ

θ−(x̂
θ
t , t)∥2

∥σsϵs + σtϵt∥2

]
,

(4)
where σs = 0.01 is for perturbing the pixel distribution per
frame, and σt = 0.1 is for disturbing the temporal distribu-
tion across the frames.

3.3 Preserve Video-Image Subject Consistency
Compared to text-to-video (T2V) generation, image-to-
video (I2V) generation is the primary video application.
However, its primary challenge is that the score of video-
image subject consistency significantly degrades during the
adversarial distillation process. This phenomenon is caused
by semantic degradation and conditional frame collapse. To
this end, we introduce the semantic discriminator head and
conditional Score Distillation Sampling (SDS) loss.
Semantic Discriminator Head. To improve semantic align-
ment, our discriminator heads integrate multi-modal infor-
mation (e.g., video, image, and text). Inspired by Adversarial
Post-Training (APT) (Lin et al. 2025a), we introduce a learn-
able logit query q ∈ Rn×d. As illustrated in Fig. 3, the q con-
catenates with the conditional image embeds eimg ∈ Rs×d
and the text embeds etext ∈ Rs×d, which fuse the seman-
tic information. To distinguish between different modalities,
we incorporate modality position indices. After the seman-
tic self-attention module, the multi-layer features from the
self discriminator backbone µθ are cross-attended with the
q, which enhances sensitivity to temporal quality. Finally,
all processed queries are concatenated along the channel di-
mension and projected to a scalar logit by a Feed-Forward
Network (FFN) layer.
Conditional SDS Loss. To prevent the conditional frame
collapse, the conditional SDS loss leverages the distribu-
tional stability of the µreal to reduce the discrepancy between
continuous frames. As illustrated in Fig. 2 (c), the µreal can
maintain the consistency between the conditional and gen-
erated frames. Inspired by SDS (Poole et al. 2023), this loss
can be defined as shown in Eq. 5:

LC-SDS = Ex̂θ
0

[
∥x̂θ0 − freal(sg(x̂θt′), t

′)∥2
]
, (5)

Unlike the poor effect in image adversarial distilla-
tion (Sauer et al. 2024b,a), this mechanism significantly
avoids disturbances in the conditional frame.

3.4 Total Training Objective
Based on the processes mentioned above, our training objec-
tive for the single-step generator can be defined as:

LG = LUAE-G + λLC-SDS, (6)
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Figure 4: Qualitative comparison with Wan2.1-I2V-14B. We compare our method against the baseline using both 100-NFE
and 1-NFE sampling. For 100-NFE, videos are generated with 50 denoising steps and a guidance scale of 5.0.

Methods Type I2V
Score (↑)

Semantic Alignment (SA) Temporal Coherence (TC) Frame Quality (FQ) Quality
Score (↑) Latency

Time (s)Subject
Consistency (↑) Background

Consistency (↑) Motion
Smoothness (↑) Dynamic

Degree (↑) Aesthetic
Quality (↑) Image

Quality (↑)

100-NFE
Baseline Euler 92.90 94.86 97.07 97.90 51.38 64.75 70.44 80.82 890.15

4-NFE
Baseline Euler 75.97 79.59 81.24 80.92 42.7 54.34 57.55 64.47

37.48

DMD2 VSD 91.9 93.19 95.37 96.05 50.61 64.9 70.65 80.38
MD VSD 94.24 96.83 97.90 99.76 50.60 65.4 69.82 81.94
LCM CD 79.79 81.21 83.87 81.39 43.86 54.18 58.26 68.94
PCM CD 80.54 80.82 84.12 83.01 44.89 55.67 60.27 69.9
DCM CD 83.01 85.49 87.27 87.74 46.25 59.33 63.75 73.26
ADD AD 84.48 87.53 90.07 90.77 46.71 59.06 63.5 74.59
V-PAE AD 94.93 94.21 98.43 98.64 52.14 65.73 70.76 82.24

1-NFE
Baseline Euler 69.59 70.73 74.95 72.94 38.51 49.72 54.06 61.52

9.37

DMD2 VSD 83.15 81.91 85.47 85.87 45.78 57.04 62.47 71.67
MD VSD 84.02 87.87 87.9 90.04 46.32 58.85 64.76 74.25
LCM CD 76.92 79.1 81.0 82.55 43.06 53.94 59.15 67.96
ADD AD 79.38 82.4 83.83 83.01 44.15 54.63 60.12 69.65
APT AD 84.87 87.11 88.77 90.94 48.29 60.33 64.69 75.21
V-PAE AD 91.54 94.14 95.8 94.99 49.54 62.28 68.66 79.56

Table 1: Quantitative results on VBench-I2V. The baseline model is Wan2.1-I2V-14B (Wan et al. 2025). For each metric, the
best result is highlighted in bold, and the second best is underlined. Various distillation methods are compared under different
numbers of sampling steps. Latency time is measured on 8× H20 for 5-second videos with a resolution of 720× 1080.

which consists of the adversarial generative loss and the con-
ditional SDS loss. Where the λ = 10 represents the injec-
tion strength. And our training objective for the discrimina-
tor heads can be defined as:

LD = LUAE-D + LSTR1(σs, σt), (7)

which consists of the adversarial discriminative loss and the
gradient regularization loss. Where the σs = 0.01 and σt =
0.1 represent the disturbance strengths.

4 Experiment
We first present the detailed implementation for datasets,
training, evaluation metrics, and baseline methods in
Sec. 4.1 . And we demonstrate the effectiveness of our ap-
proach through quantitative results and qualitative visualiza-
tion comparisons in Sec. 4.2. Then we analyze the necessity

of our modules in Sec. 4.3. Finally, we perform the ablation
experiments in Sec. 4.4.

4.1 Implementation
Datasets Preparation. Our training dataset consists of syn-
thetic sources and open sources. The synthetic dataset is
generated by Wan2.1-T2V-14B (Wan et al. 2025), where the
captions are from OpenVID (Nan et al. 2025). It is used for
the distributional alignment during the distillation process.
The open datasets consist of the Koala-36M (Wang et al.
2025) and the Intern4K (Lin et al. 2025b). It is used to en-
hance the upper bound of distillation performance.
Training Configuration. In the stability priming process,
we train the model with a learning rate of 1 × 10−6 and a
batch size of 32. We use the Adam optimizer (Kim and hwan
Oh 2025) with β = (0.9, 0.999). This process is trained for
only 500 steps. In the adversarial process, we train the model
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Figure 5: Qualitative results of 1-NFE between V-PAE and existing acceleration distillation methods. We evaluate against
representative methods from three paradigms, including DMD2 (Yin et al. 2024a) from VSD, PCM (Wang et al. 2024) from
CD, and APT (Lin et al. 2025a) from AD.

with a larger learning rate of 2 × 10−6 and a batch size of
32. We adopt the Adam optimizer with the smaller beta β =
(0.5, 0.999) for lower memory consumption. And we apply
the EMA with a decay rate of 0.995. For the generator, we
set λ = 10 to prevent the conditional frame collapse in I2V
training. For the discriminator heads, we set σs = 0.01 and
σt = 0.1 to avoid the gradient explosion of the discriminator
heads . This process is trained for 1000 steps.
Evaluation Metrics. We primarily conduct the quantita-
tive evaluation on the comprehensive benchmark VBench-
I2V (Huang et al. 2024). However, we also provide the quan-
titative results for the traditional benchmark VFHQ (Xie
et al. 2022). The former includes 7 metrics and 3 dimen-
sions: semantic alignment, temporal coherence, and frame
quality. The latter is used to measure the distributional dis-
tance between generated and real videos. Additionally, we
evaluate the diffusion latency of the inference process for all
experiments on 8×H20 GPUs.
Baseline Methods. To validate the efficiency and quality of
our approach, we compare it with other primary methods
across different distillation paradigms. It includes the Vari-
ational Score Distillation (VSD) (Yin et al. 2024b,a; Shao
et al. 2025), the Consistency Distillation (CD) (Song et al.
2023; Kim et al. 2024; Lv et al. 2025) and the Adversarial
Distillation (AD) (Lin, Wang, and Yang 2024; Sauer et al.
2024a,b; Lin et al. 2025a).

4.2 Main Results
Quantitative Result. We present the quantitative results on
VBench-I2V in Tab. 1. The results demonstrate that V-PAE
outperforms existing acceleration methods under an iden-

tical Number of Function Evaluations (NFE). For 1-NFE,
our approach outperforms the suboptimal method by an av-
erage of 5.8% in the overall quality score, which includes
semantic alignment, temporal coherence, and frame qual-
ity. Compared to the 100-NFE baseline model, our approach
achieves competitive performance in 1-NFE, which is only
marginally behind by 1.5% in the overall quality score.
However, our approach in 4-NFE surpasses it by 3.3%. For
the diffusion latency, our approach accelerates the diffusion
process by 100×. The more quantitative results on VFHQ
can be found in the Appendix.
Qualitative Result. We present the qualitative comparison
with existing acceleration methods in Fig. 5. The results
demonstrate that V-PAE produces clearer and more coherent
videos in 1-NFE. The comparison with the baseline model
is shown in Fig. 4. The baseline model produces videos with
blurry frames, abrupt transitions between conditional and
generated frames, and motion collapse due to unstable dy-
namic in 1-NFE. In contrast, our approach generates consis-
tently sharp and coherent frames. The more qualitative re-
sults with other acceleration methods and the baseline model
are also presented in the Appendix.

4.3 Validating the Design
We primarily validate the necessity of our design based
on the following analysis. First, the role of the stability
priming process is confirmed through ablations: (i)Omitting
this process entirely, (ii) implementing consistency distilla-
tion (Song et al. 2023) of APT (Lin et al. 2025a), (iii) imple-
menting our stability priming process. The quantitative re-
sults in Tab. 2 demonstrate that our design is well-motivated
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Figure 6: Fundamental analysis of V-PAE and DMD2.
V-PAE can optimizes the distribution along an optimal tra-
jectory through phased optimization. DMD2 simultaneously
moves along a suboptimal direction without error correction.

and necessary in the first process. And its positive advan-
tages can be extended to the following process. Second, em-
pirical observations reveal fundamental differences between
V-PAE and DMD2. Our approach and DMD2 are both op-
timized through adversarial distillation and score sampling
distillation. But there are fundamental differences between
them. The detailed analysis is illustrated in Fig. 6. DMD2 si-
multaneously optimizes the model using both the variational
score gradient difference and the adversarial loss, which is a
simple combination of different losses. In contrast, our core
motivation is to align the distributions of real and generated
videos in the first process. It can improve the stability of
single-step adversarial distillation in the following process.
Thus, we can achieve the high-quality adversarial equilib-
rium under the closer distributions.

4.4 Ablation Study
Discriminator Backbone Paradigm. We compare the
quantitative performance of the frozen, fully parameterized,
and self discriminator in Tab. 3. The self discriminator out-
performs the other paradigms in the overall quality scores,
demonstrating that the paradigm can identify more robust
single-step video differences. In addition, the fully param-
eterized training causes the Out-of-Memory (OOM) error,
rendering it incompatible with the large-scale video model.
Discriminator Head Architecture. We compare the quan-
titative results for the different discriminator head architec-
tures in Tab. 3. The results show that the design of the head
architecture has a significant impact on semantic alignment.
For the large-scale video model, the convolution head is un-
able to stabilize adversarial training,which leads to a degra-
dation in the overall score quality.
Factor of Conditional SDS. We ablate the factor of the con-
ditional SDS loss in Tab. 3. When λ = 0, the conditional
and generated frames suffer from severe collapse and dis-
continuities. As the λ → 10 , the overall quality score has
significantly improved. And the conditional frame collapse

Methods Type SA (↑) TC (↑) FQ (↑) Quality
Score (↑)

First Process, 1-NFE

Baseline Euler 72.84 55.73 51.89 61.50
LCM CD 80.05 62.81 56.55 67.96
V-PAE-I VSD 84.92 65.83 59.75 72.34

Second Process, 1-NFE

UAE + Baseline AD 83.12 63.58 57.37 69.65
UAE + LCM AD 87.94 69.62 62.51 75.21
UAE + V-PAE-I AD 94.97 72.26 65.47 79.56

Table 2: Necessity of stability priming. The comparison of
different first-process initialization methods and their effects
on subsequent adversarial training.

Setting SA (↑) TC (↑) FQ (↑) Quality MemoryScore (↑)

Discriminator Head Architecture

Conv 75.55 57.52 52.11 63.29 IM
CA 91.36 72.23 65.29 78.31 IM
CA† 94.97 72.26 65.47 79.56 IM

Discriminator Backbone Paradigm

Frozen 92.21 70.12 63.92 77.36 IM
Trained - - - - OOM
Unified 94.97 72.26 65.47 79.56 IM

Factor of Conditional SDS λ

λ = 0 80.36 61.15 55.41 67.33 IM
λ = 2.5 86.83 66.18 59.96 72.87 IM
λ = 10 94.97 72.26 65.47 79.56 IM
λ = 100 92.28 70.24 63.62 77.31 IM

Table 3: Component-wise ablation study. Videos are gen-
erated in 1-NFE. Memory is measured on 32×H20 GPUs.
Abbreviations – SA: Semantic Alignment; TC: Temporal
Coherence; FQ: Frame Quality; CA†: Multi-modal Cross-
Attention; OOM: Out of Memory; IM: In Memory.

is gradually restored. As the λ → 100, the video sharpness
is slightly impacted, and the frame quality score is reduced.

5 Conclusion
In this paper, we propose the Video Phased Adversarial
Equilibrium (V-PAE), a distillation framework that enables
high-quality, single-step video generation from large-scale
video models. Our approach employs a two-phase process.
(i) Stability priming is a warm-up process designed to im-
prove the stability of single-step adversarial distillation in
the following process. (ii) Unified adversarial equilibrium
is a flexible self-adversarial process that achieves a co-
evolutionary adversarial equilibrium in the Gaussian noise
space. We also primarily preserve video-image subject con-
sistency in image-to-video (I2V) generation. Comprehen-
sive experiments on VBench-I2V demonstrate that V-PAE
outperforms existing acceleration methods by an average of
5.8% in the overall quality score. And it reduces the diffu-
sion latency of the large-scale video model by 100×.
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