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Figure 1: Example generation results from our single-step image-to-video model. Our model can
generate high-quality and motion consistent videos by only performing the sampling once during
inference. Please refer to our webpage for whole video sequences.

Abstract

Diffusion-based video generation models have demonstrated remarkable success
in obtaining high-fidelity videos through the iterative denoising process. However,
these models require multiple denoising steps during sampling, resulting in high
computational costs. In this work, we propose a novel approach to obtain single-
step video generation models by leveraging adversarial training to fine-tune pre-
trained video diffusion models. We show that, through the adversarial training,
the multi-steps video diffusion model, i.e., Stable Video Diffusion (SVD), can be
trained to perform single forward pass to synthesize high-quality videos, capturing
both temporal and spatial dependencies in the video data. Extensive experiments
demonstrate that our method achieves competitive generation quality of synthesized
videos with significantly reduced computational overhead for the denoising process
(i.e., around 23× speedup compared with SVD and 6× speedup compared with
existing works, with even better generation quality), paving the way for real-time
video synthesis and editing.
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1 Introduction

Video generation is experiencing unprecedented advancements by leveraging large-scale denoising
diffusion probabilistic models [1, 2] to create photo-realistic frames with natural and consistent
motion [3, 4], revolutionizing various fields, such as entertainment and digital content creation [5, 6].

Early efforts on image generation show that diffusion models have the significant capabilities when
scaled-up to generate diverse and high-fidelity content [1, 2]. Additionally, these models benefit
from a stable training and convergence process, demonstrating a considerable improvement over their
predecessors, i.e., generative adversarial networks (GANs) [7]. Therefore, many studies on video
generation are built upon the diffusion models. Some of them utilize the pre-trained image diffusion
models for video synthesis through introducing temporal layers to generate high-quality video clips
[8, 9, 10, 11]. Inspired by this design paradigm, numerous video generation applications have
emerged, such as animating a given image with optional motion priors [12, 13, 14, 15], generating
videos from natural language descriptions [16, 17, 5], and even synthesizing cinematic and minutes-
long temporal-consistent videos [18, 4].

Despite the impressive generative performance, video diffusion models suffer from tremendous
computational costs, hindering their widespread and efficient deployment. The iterative nature of the
sampling process makes video diffusion models significantly slower than other generative models
(e.g., GANs [19, 20]). For instance, in our benchmark, it only takes 0.3 seconds to perform a
single denoising step using the UNet from the Stable Video Diffusion (SVD) [13] model to generate
14 frames on one NVIDIA A100 GPU, while consuming 10.79 seconds to run the UNet with the
conventional 25-step sampling.

The significant overhead introduced by iterative sampling highlights the necessity to generate videos
in fewer steps while maintaining the quality of multi-step sampling. Recent works [21, 22, 23]
extend consistency training [24] to video diffusion models, offering two main benefits: reduced
total runtime by performing fewer sampling steps and the preservation of the pre-trained ordinary
differential equation (ODE) trajectory, allowing high-quality video generation with fewer sampling
steps (e.g., 8 steps). Nevertheless, these approaches still struggle to achieve single-step high-quality
video generation.

On the other hand, distilling image diffusion models into one step via adversarial training have shown
promising progress [25, 26, 27, 28, 29]. However, scaling up such approaches for video diffusion
model training to achieve single-step generation has not been well studied. In this work, we leverage
adversarial training to obtain an image-to-vide o generation model that requires only single-step
generation, with the contributions summarized as follows:

• We build the framework to fine-tune the pre-trained state-of-the-art video diffusion model (i.e.,
SVD) to be able to generate videos in single forward pass, greatly reducing the runtime burden of
video diffusion model. The training is conducted through adversarial training on the latent space.

• To improve the generation quality (e.g., higher image quality and more consistent motion), we
introduce the discriminator with spatial-temporal heads, preventing the generated videos from
collapsing to the conditional image.

• We are the first to achieve one-step generation for video diffusion models. Our one-step model
demonstrates superiority in FVD [30] and visual quality. Specifically, for the denoising process,
our model achieves around 23× speedup compared with SVD and 6× speedup compared with
exiting works, with even better generation quality.

2 Related Work

Video Generation has been a long studied problem, aiming for high-quality image generation
and consistent motion synthesis. Early efforts in this domain utilize adversarial training [31, 32].
Though extensively investigated, the trained models still suffer from low resolution, limited generated
sequences, and inconsistent motion. Recent studies leverage denoising diffusion probabilistic mod-
els [1, 33, 34] to scale the video generators up to billions of model parameters, achieving high-fidelity
generation sequences [35, 36, 37, 38, 39, 5, 4, 3, 18]. Nonetheless, the tremendous computation
cost of video diffusion models hinders their wide deployment. It takes tens of seconds to generate a
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single video batch even for high-tier server GPUs. Consequently, the reduction of denoising steps
[21, 40, 22] is pivotal to efficient video generation, which linearly scales down the total runtime.

Step Distillation of Diffusion Models. Initially developed upon image diffusion models, progressive
distillation [41, 42] aims to distill a less-step student mimicking the full-step counterpart. Specifically,
at each step, the student learns to predict a teacher location in the ODE flow, resulting in fewer required
denoising steps during inference time. Latent Consistency Models (LCM) [24, 43, 44, 45, 46, 47, 48]
instead proposes to refine the prediction objective into clean data, and achieves high-fidelity generation
with fewer (2 ∼ 4) steps. Rectified flow [49, 50] progressively straights the ODE flow where each
denoising step becomes a substitution of a long trajectory. UFOGen [25], ADD [27], and its latent-
space successor LADD [28] further incorporate adversarial loss to distill teacher signal into the
few-step student, enabling one-step generation with reasonable quality, and outperforming the teacher
model with about 4 steps. DMD [26] proposes to combine a distribution matching objective and a
regression loss to distill a one-step generator. The recent SDXL-Lightning [29] combines progressive
distillation with adversarial loss to mitigate the blurry generation issue and ease the convergence of
multi-step settings. In addition, SDXL-Lightning refines the design of the discriminator and proposes
two adversarial loss objectives to balance sample quality and mode convergence.

When it comes to video models, VideoLCM [40] and AnimateLCM [21] adopt consistency distillation
to enable 4-step generation with comparable quality to the full-step pre-trained video diffusion model.
However, in the one-step setting, there are still considerable performance gaps observed for the visual
quality. Animate-Diff Lightning [22] incorporates adversarial distillation to further reduce warps and
blurs in the 1-2 step setting, despite that the model still underperforms full-step baselines.

3 Method

Our goal is to generate high-fidelity and temporally consistent videos in as few sampling steps as
possible (i.e., 1 step). The adversarial objective has been proven effective in reducing the number
of sampling steps required by diffusion models in image space [27, 28, 25, 51]. However, limited
efforts have been conducted on scaling up the effective adversarial training to reduce the number of
sampling steps for video diffusion models. In the following, we introduce the framework of latent
adversarial training to obtain efficient video diffusion model by running sampling in single step.
In this framework, we initialize the generator and part of the discriminator with the weights of a
pre-trained video diffusion model. Moreover, we introduce a structure with separate spatial and
temporal discriminator heads to enhance frame quality and motion consistency.

3.1 Preliminaries of Stable Video Diffusion

Our method is built upon the Stable Video Diffusion (SVD) [13], which is an implementation of the
EDM-framework [33] for conditional video generation, where the diffusion process is conducted in
latent space. We choose the publicly released image-to-video generation pipeline of SVD due to its
superior performance in generating high-quality and motion-consistent videos.

Training Diffusion Models with EDM. To facilitate the presentation, let pdata(x0) denote the data
distribution and p(x;σ) represent the distribution obtained by adding σ2-variance Gaussian noise
to the data. For sufficiently large σmax, p(x;σmax) ≈ N (0, σ2

max). Starting from high variance
Gaussian noise xM ∼ N (0, σ2

max), the diffusion models sequentially denoise towards σ0 = 0
through the numerical simulation of the Probability Flow ODE [52]. The denoiser, Dθ, attempts to
predict the clean x0 and is trained via denoising score matching:

Ex0∼pdata(x0),(σ,n)∼p(σ,n)

[
λσ∥Dθ(x0 + n;σ)− x0∥22

]
, (1)

where p(σ,n) = p(σ)N (n; 0, σ2), p(σ) is a distribution over noise levels σ, and λσ : R+ → R+ is
a weighting function.

EDM [33] parameterizes the denoiser Dθ as:

Dθ(x;σ) = cskip(σ)x+ cout(σ)Fθ(cin(σ)x; cnoise(σ)), (2)

where Fθ is the network to be trained. The preconditioning functions are set as cskip(σ) = (σ2+1)−1,
cout(σ) =

−σ√
σ2+1

, cin(σ) = 1√
σ2+1

, and cnoise(σ) = 0.25 log σ.

3

103601 https://doi.org/10.52202/079017-3290



Discriminator

Generator

diffuse

diffuse

diffuse

Spatial Heads

Pre-trained Weights

Temporal Heads

RealFake

Figure 2: Training Pipeline. We initialize our generator and discriminator using the weights of
a pre-trained image-to-video diffusion model. The discriminator utilizes the encoder part of the
UNet as its backbone, which remains frozen during training. We add a spatial discriminator head
and a temporal discriminator head after each downsampling block of the discriminator backbone
and only update the parameters of these heads during training. Given a video latent x0, we first add
noise σt through a forward diffusion process to obtain xt. The generator then predicts x̂0 given xt.
We calculate the reconstruction loss Lrecon between x0 and x̂0. Additionally, we add noise level
σ′
t to both x0 and x̂0 to obtain real and fake samples, x′

t and x̂′
t. The adversarial loss Ladv is then

calculated using these real and fake sample pairs.

Stable Video Diffusion. The training of video model asks for a dataset of videos, each consisting
of N frames with height H and width W . Given a video V0 = {Ii0}Ni=0, where Ii0 ∈ R3×H×W ,
SVD [13] maps each frame separately to latent space using a frame encoder, E. The encoded frames
are represented as x0 = {E(Ii0)}Ni=0, resulting in x0 ∈ RN×4×H̃×W̃ . Here, x0 ∼ pdata(x0) is a
sequence of N latent frames with 4 channels, height H̃ , and width W̃ .

SVD inflates a text-to-image diffusion model to a text-to-video diffusion model [10]. The text
conditioning is replaced with image conditioning to create an image-to-video diffusion model.
Consequently, the parameterized denoiser Dθ in Eq. (2) is modified as follows:

Dθ(x;σ, c) = cskip(σ)x+ cout(σ)Fθ(cin(σ)x; cnoise(σ), c), (3)

where c is the image condition I00, i.e., the first frame of the video.

At sampling time, Dθ is leveraged to restore xt−1 from xt using the following relation [33]:

dt = (xt −Dθ(xt;σt, c))/σt; xt−1 = xt + (σt−1 − σt) · dt, (4)

where σt is obtained with

σt = (σ
1/ρ
min +

t

T − 1
(σ1/ρ

max − σ
1/ρ
min))

ρ, (5)

where T is the total number of denoising steps and ρ is a hyper-parameter controlling the emphasis
level to low noise levels.

3.2 Latent Adversarial Training for Video Diffusion Model

Design of Networks. Diffusion-GAN hybrid models are designed for training with large denoising
step sizes [25, 27, 28, 51]. Our training procedure, illustrated in Fig. 2, involves two networks: a
generator Gθ and a discriminator Dϕ. The generator is initialized from a pre-trained UNet diffusion
model with weights θ (i.e., the UNet from SVD). The discriminator is partially initialized from a pre-
trained UNet diffusion model. Namely, the backbone of the discriminator shares the same architecture
and weights as the pre-trained UNet encoder, and the weights of this backbone are kept frozen during
training. Additionally, we augment the discriminator by adding a spatial discriminator head and
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a temporal discriminator head after each backbone block. Therefore, in total, the discriminator
comprises four spatial discriminator heads and four temporal discriminator heads. Only the parameters
in these heads are trained during the discriminator training steps. The detailed architecture of these
heads will be further discussed in Sec. 3.3.

Latent Adversarial Training. We use a pair of generated samples x̂0 and real samples x0 to conduct
the adversarial training. Specifically, during training, the generator Gθ produces generated samples
x̂0(xt;σt, c) from noisy data xt. The noisy data points are derived from a dataset of real latents x0 via
a forward diffusion process xt = x0 + σtϵ. We sample σt uniformly from the set {σ1, · · · , σTg−1},
obtained by setting T to Tg and t ∈ {1, 2, · · · , Tg − 1} in Eq. (5). In practice, we set Tg = 4. The
generated sample x̂0 is given by:

x̂0(xt;σt, c) = cskip(σt)xt + cout(σt)Gθ(cin(σt)xt; cnoise(σt), c). (6)

To train the discriminator, we forward the generated samples x̂0 and real samples x0 into it, aiming
to let the discriminator distinguish between them. However, for a more stabilized training, inspired
by exiting works [28], we add noise to the samples before passing them to the discriminator, since
the backbone of the discriminator is initialized from a pre-trained UNet with weights frozen during
training. Namely, we sample σ′

t from the set {σ′
1, · · · , σ′

Td−1}, obtained by setting T to Td and
t ∈ {1, 2, · · · , Td − 1} in Eq. (5), according to a discretized lognormal distribution defined as:

p(σ′
t) ∝ erf

(
log(σ′

t − Pmean)√
2Pstd

)
− erf

(
log(σ′

t−1 − Pmean)√
2Pstd

)
, (7)

where Pmean and Pstd control the noise level added to the samples before passing them to the
discriminator. A visualization of how different Pmean and Pstd affect the probability of σ′ sampled
is illustrated in Fig. 6. In practice, we set Td = 1, 000. We diffuse the real and generated samples
through the forward process to obtain x̂′

t = x̂0 + σ′
tϵ and x′

t = x0 + σ′
tϵ, respectively.

Following literature [27, 53, 54], we use the hinge loss [55] as the adversarial objective function for
improved performance. The adversarial optimization for the generator LG

adv(x̂0, ϕ) is defined as:

LG
adv = Eσ,σ′,x0

[Dϕ (cin(σ
′
t)x̂

′
t)], (8)

Furthermore, we notice that a reconstruction objective, Lrecon, between x0 and x̂0 can significantly
improve the stability of the training process. We use Pseudo-Huber metric [56, 43] for reconstruction
loss, as:

Lrecon(x̂0, x0) =
√
∥x̂0 − x0∥22 + c2 − c, (9)

where c > 0 is an adjustable constant. Thus, the overall objective for training the generator is as
follows with λ balances two losses:

LG = LG
adv + λLrecon(x̂0, x0). (10)

Other other hand, the discriminator is trained to minimize:

LD
adv = Eσ′,x0

[max(0, 1+Dϕ (cin(σ
′
t)x

′
t))+γR1]+Eσ,σ′,x0

[max(0, 1−Dϕ (cin(σ
′
t)x̂

′
t)))], (11)

where R1 denotes the R1 gradient penalty [57, 27]. Here, we omit other conditional input for Dϕ,
such as cnoise(σ′) and image conditioning c, for simplicity.

Discussion. Our latent adversarial training framework is largely inspired by LADD [28]. Similar to
LADD, we set Tg = 4 in practice and utilize a pre-trained diffusion model as part of the discriminator.
However, our approach has several key differences compared with LADD [28]. First, we extend
the image latent adversarial distillation framework to the video domain by incorporating spatial and
temporal heads to achieve one-step generation for video diffusion models. The specifics of the spatial
and temporal heads are discussed in Sec. 3.3. Second, based on the EDM-framework [33], we observe
that sampling t′ using a discretized lognormal distribution provides more stable adversarial training
compared to the logit-normal distribution used in LADD [28]. Finally, unlike LADD [28], we utilize
real video data instead of synthetic data for training and incorporate a reconstruction objective (i.e.,
Eq. (9)) to ensure more stable training.
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Spatial Head Temporal HeadPer-pixel hinge loss

Figure 3: Spatial & Temporal Discriminator
Heads. Our discriminator heads take in interme-
diate features of the UNet encoder. Follow exit-
ing arts [54, 53], we use image conditioning and
frame index as the projected condition c. Left:
For spatial discriminator heads, the input features
are reshaped to merge the temporal axis and the
batch axis, such that each frame is considered as
an independent sample. Right: For temporal dis-
criminator heads, we merge spatial dimensions to
batch axis.

Table 1: Comparison Results. We compare our
method against SVD [13], AnimateLCM [21],
UFOGen [25], and LADD [28] using different
numbers of sampling steps. AnimateLCM∗ indi-
cates the usage of the officially provided 25-frame
model, with only the first 14 frames considered
for FVD calculation. † indicates our implementa-
tions. We also report the latency of the denoising
process for each setting, measured on a single
NVIDIA A100 GPU.

Name FVD↓ Steps Latency (s)

SVD [13]

153.4 25 10.79
194.4 16 6.89
488.6 8 3.44
1687.0 4 1.72

AnimateLCM∗ [21]
321.1 8 3.25
403.2 4 1.62
521.9 2 0.82

AnimateLCM [21]
281.0 8 1.85
801.4 4 0.92
1158.4 2 0.46

UFOGen† [25] 1917.2 1 0.30
LADD† [28] 1893.8 1 0.30

Ours 180.9 1 0.30

3.3 Spatial Temporal Heads

To train the discriminator for better understanding of the spatial information and temporal correlation,
we employ separate spatial and temporal discriminator heads for adversarial training [31, 32]. The
backbone of the discriminator is the encoder from the pre-trained diffusion model (i.e., UNet), which
consists of four spatial-temporal blocks sequentially [10]. The first three blocks downsample the
spatial resolution by a factor of 2, and the last block maintains the spatial resolution. We extract the
output features from each spatial-temporal block and utilize a spatial head and a temporal head to
determine whether the sample is real or fake. The discriminator can be conditioned on additional
information via projection [58] to enhance performance. In our setting, we use the image condition c
and σ′ as the projected condition C.

Spatial Head. For an input feature of shape b×t×c×h×w, the spatial discriminator first reshapes it
to (bt)× c× h×w. This way, each frame feature in a video is processed separately. The architecture
for our proposed spatial head is illustrated in the left part of Fig. 3.

Temporal Head. Even though the features obtained from the discriminator backbone contain spatial-
temporal information, we observe that using only spatial discriminator heads causes the generator to
produce frames that are all identical to the image condition. To achieve better temporal performance
(e.g., more vivid motion), we propose to add a temporal discriminator head parallel to the spatial
discriminator head. The input features are reshaped to (bhw)× c× t instead. The architecture for
our temporal head is illustrated in the right part of Fig. 3.

4 Experiment

Implementation Details. We apply Stable Video Diffusion [13] as the base model across our
experiments. All the experiments are conducted on an internal video dataset with around one million
videos. We fix the resolution of the training videos as 768× 448 with the FPS as 7. The training is
conducted for 50K iterations on 8 NVIDIA A100 GPUs, using the SM3 optimizer [59] with a learning
rate of 1e− 5 for the generator (i.e., UNet) and 1e− 4 for the discriminator. We set the momentum
and β for both optimizers as 0.5 and 0.999, respectively. The total batch size is set as 32 using a 4
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Figure 4: Video Generation on Single Conditioning Images from Various Domains. We employ
our method on various images generated by SDXL [60] to synthesized videos. The videos contain
14-frame at a resolution of 1024 × 576 with 7 FPS. The results demonstrate that our model can
generate high-quality motion-consistent videos of various objects across different domains. Please
refer to our webpage for whole video sequences.

steps gradient accumulation. We set the EMA rate as 0.95. We set Pmean = −1, Pstd = −1, and
λ = 0.1 if not otherwise noted. At inference time, we sample videos at resolution of 1024× 576.

4.1 Qualitative Visualization

To comprehensively evaluate the capabilities of our method, we use SDXL [60] (with refiner) to
generate images of different scenes at the resolution of 1024× 1024. We then perform center crop on
the generated images to get resolution as 1024× 576, which serves as the condition of our approach
to synthesize videos of 14 frames at 7 FPS. As shown in Fig. 4, our method can successfully generate
videos of high-quality frames and consistent object movements with only 1 step during inference.

4.2 Comparisons Results

Quantitative Comparisons. We present a comprehensive evaluation of our method compared to the
existing state-of-the-art approach, AnimateLCM [21], UFOGen [25], LADD [28], and SVD [13]. To
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Figure 5: Comparison between SVD [13], AnimateLCM [21], LADD [28], UFOGen [25],
and Our Approach. We provide the synthesized videos (sampled frames) under various settings
for different approaches. We use SVD to generate videos under 25, 16, and 8 sampling steps,
AnimateLCM to synthesize videos under 4 sampling steps, LADD and UFOGen to generate videos
under 1 sampling step. AnimateLCM, LADD and UFOGen generates blurry frames with few-steps
and single-step sampling. Our approach can accelerate the sampling speed by 22.9× compared with
SVD while maintaining similar frame quality and motion consistency.
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conduct a fair comparison on the SVD model, we train the AnimateLCM, UFOGen, and LADD on
SVD using our video dataset. We follow the released code and instructions provided by AnimateLCM
authors. Additionally, we include the officially released AnimateLCM-xt1.1 [21] by evaluating the
first 14 generated frames and denote the approach as AnimateLCM∗. We try our best to implement
LADD [28] and UFOGen [25] and denote respectively as LADD†, and UFOGen†. Note that simply
re-using the discriminator from LADD [28] and UFOGen [25] leads to out-of-memory issue, since
the computation in the video model is much larger than the image model. Here we replace the
discriminator from LADD [28] and UFOGen [25] with the one proposed in our work.

We follow exiting works [61] by using Fréchet Video Distance (FVD) [30] as the comparison metric.
Specifically, we use the first frame from the UCF-101 dataset [62] as the conditioning input and
generate 14-frame videos at a resolution of 1024 × 576 at 7 FPS for all methods. The generation
results are then resized back to 320 × 240 for FVD calculation. Our method is compared against
SVD [13] and AnimateLCM [21], each using a different number of sampling steps. Furthermore,
to better demonstrate the effectiveness of our method, we measure the generation latency of each
method, which is calculated on running the diffusion model (i.e., UNet). Note that only for SVD [13],
classifier-free guidance [63] is used, leading to higher computational cost.

As shown in Tab. 1, our method achieves comparable results to the base model using 16 discrete
sampling steps, resulting in approximately a 23× speedup. Our method also outperforms the 8-
steps sampling results for AnimateLCM and AnimateLCM∗, indicating a speedup of more than
6×. For single-step evaluation, our method performs much better than existing step-distillation
methods [25, 28] built upon image-based-diffusion models.

Qualitative Comparisons. We further provide qualitative comparisons across different approaches
by using publicly available web images. Fig. 5 presents generation results from SVD [13] with 25,
16, and 8 sampling steps, AnimateLCM [21] with 4 sampling steps, UFOGen [25], LADD [28], and
our method with 1 sampling step. As can be seen, our method achieves results comparable to the
sampling results of SVD using 16 or 25 denoising steps. We notice significant artifacts for videos
synthesized by SVD when using 8 denoising steps. Compared to AnimateLCM [21],UFOGen [25],
and LADD [28], our method produces frames of higher quality and better temporal consistency, with
fewer or same denoising steps, demonstrating the effectiveness of our proposed approach.

4.3 Ablation Analysis

Effect of Discriminator Heads. We explore the effect of our proposed spatial and temporal heads
by measuring the FVD on the UCF-101 dataset. We conduct latent adversarial training with three
different discriminator settings to analyze the impact of our spatial and temporal discriminators. As
shown in Tab. 2, training with only spatial heads (denoted as SP) or only temporal heads (denoted as
TE) results in significantly worse performance than using all of them (denoted as SP+TE).

Nevertheless, since our discriminator backbone shares the same architecture as the spatial-temporal
generator, the receptive field of each pixel on the feature maps provided by the backbone can cover
a region both spatially and temporally. Additionally, we embed the frame index as an additional
projected condition. Consequently, even when using only spatial heads or only temporal heads, the
generated videos still exhibit reasonable frame quality and temporal coherence.

Effect of Noise Distribution for Discriminator. As shown in Fig. 6, following Eq. (5), Pmean

and Pstd control the distribution of σ′
t, which is the noise level added to x0 or x̂0 before passing

to the discriminator as real and fake samples, respectively. We explore the effect of different noise
distributions on model performance by calculating FVD on the UCF-101 dataset.

When the sampled σ′
t is concentrated on small values, e.g., Pmean = −2 and Pstd = −1 in our case,

we notice that the discriminator can quickly learn to distinguish real samples from fake ones. This
leads to a significant drop in performance, as shown in Tab. 3 and Fig. 7.

On the other hand, when the noise level becomes too high, e.g., Pmean = 1 and Pstd = 1, the
discriminator input, which is cin(σ

′
t)x̂

′
t =

x̂0+σ′
tϵ√

σ′
t
2+1

, results in small adversarial gradients for the

generator. This causes increased artifacts in the generated videos, as shown in Fig. 7 and Tab. 3.
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Table 2: Analysis of discrim-
inator. We measure FVD for
models with different discrim-
inator configurations. “SP” in-
dicates that spatial heads and
“TE” indicates temporal heads.

SP+TE SP TE

FVD 180.9 514.7 539.2

Table 3: FVD vs. σ′ distribu-
tions.
Pmean Pstd FVD

−2.0 −1.0 3370.4
−1.0 −1.0 180.9
0.0 1.0 416.7
1.0 1.0 632.9

10−2 10−1 100 101 102

σ′
0.000

0.002

0.004

0.006

0.008

0.010

P
D

F
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Figure 6: PDF of σ′.
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Figure 7: Analysis of σ′ Distributions. We investigate the impact of changing the distribution of σ′

by adjusting Pmean and Pstd. The results are shown with the same image conditioning. The first row
and the second row display the first and last frames generated, respectively.

5 Discussion and Conclusion

In this work, we leverage adversarial training to reduce the denoising steps of the video diffusion
model and thus improve its generation speed. We further enhance the discriminator by introducing
spatial-temporal heads, resulting in better video quality and motion diversity. We are the first to
achieve 1-step generation for video diffusion models while preserving comparable visual quality and
FVD scores, democratizing efficient video generation to a broader audience by delivering more than
20× speedup for the denosing process.
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Figure 8: Limitations. We show that, for some conditional images, our model tends to generate a
few unsatisfactory frames when complex motion might be required (Second Row). Similar artifacts
can also be observed in frames generated from SVD by sampling at 25-steps (First Row).

Limitations. We observe that when the given conditioning image indicates complex motion,
e.g.running, our model tends to generate unsatisfactory results, e.g.blurry frames, as shown in
Fig. 8. Such artifacts are introduced by the original SVD model, as can be observed in Fig. 8. We
believe a better text-to-video model can solve such issue.

This work successfully achieves single sampling step for video diffusion models. However, under
such setting, the temporal VAE decoder and the encoder for image conditioning take a considerable
portion of the overall runtime. We leave the acceleration of these models as future work.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Our main contributions and scope have been accurately summarized in the last
paragraph of introduction. In Sec. 4, we conduct comprehensive experiments supporting the
main claims made in the abstract and introduction.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of our work in Sec. 5.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]

Justification: We do not introduce theoretical results in the paper.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide all the hyper-parameters we used in Sec. 4. We also include the
description of the data we used.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

16

103614https://doi.org/10.52202/079017-3290



Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: As we mentioned in the abstract, we plan to release the code and pre-trained
models with sufficient instructions to faithfully reproduce our results.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We provide the training and test details in Sec. 4.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: Following existing works, we report FVD for our experiments, which does not
include error bars.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We provide the computer resources information in Sec. 4.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: Our work conform with the NeurIPS Code of Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: We discuss the broader impacts of our work in Sec. 5.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

18

103616https://doi.org/10.52202/079017-3290

https://neurips.cc/public/EthicsGuidelines


• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: We discuss this in the broader impacts.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Our experiments involve models from Stable Video Diffusion [13] and Ani-
mateLCM [21]. Both works are properly cited in the paper. We also specially mention the
version of each model we use in the paper.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: Our code and pre-trained models are well documented and will be provided
together.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: We do not involve crowsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: We do not involve crowsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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