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Abstract

Video diffusion models have shown great potential in
generating high-quality videos, making them an increas-
ingly popular focus. However, their inherent iterative na-
ture leads to substantial computational and time costs. Al-
though techniques such as consistency distillation and ad-
versarial training have been employed to accelerate video
diffusion by reducing inference steps, these methods often
simply transfer the generation approaches from Image dif-
fusion models to video diffusion models. As a result, these
methods frequently fall short in terms of both performance
and training stability. In this work, we introduce a two-
stage training framework that effectively combines consis-
tency distillation with adversarial training to address these
challenges. Additionally, we propose a novel video dis-
criminator design, which eliminates the need for decod-
ing the video latents and improves the final performance.
Our model is capable of producing high-quality videos in
merely one-step, with the flexibility to perform multi-step re-
finement for further performance enhancement. Our quan-
titative evaluation on the OpenVid-1M benchmark shows
that our model significantly outperforms existing meth-
ods. Notably, our 1-step performance (FVD 171.15) ex-
ceeds the 8-step performance of the consistency distilla-
tion based method, AnimateLCM (FVD 184.79), and ap-
proaches the 25-step performance of advanced Stable Video
Diffusion (FVD 156.94).

1. Introduction
Video synthesis provides rich visual effects and creative ex-

pression for films, television, advertisements, and games.
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Figure 1. OSV is a two-stage video diffusion acceleration strategy.

In the first stage, GAN is applied for better training efficiency. In

the second stage, we apply consistency distillation to boost the

performance upper-bound.

Diffusion models are playing an increasingly important role

in video synthesis [2, 3, 5, 9, 14, 25, 26]. Typically, diffu-

sion models involve a forward process and a reverse pro-

cess. In the forward process, real data is iteratively per-

turbed with noise until it converges to a simple noise distri-

bution, typically Gaussian. In the reverse process, the noise

is gradually removed, ultimately transitioning back to the

target data distribution. However, this reverse process usu-

ally requires the numerical solution of a generative ODE,

termed Probability Flow ODE (PF-ODE) [28]. The itera-

tive nature of this numerical solving process leads to signif-

icantly higher computational costs compared to other gener-

ative models (e.g., GANs) [4, 36, 37]. These computational

demands are even more significant in video synthesis; for

instance, generating a short 2-second video clip using Sta-

ble Video Diffusion (SVD) [2] on a high-performance A100

GPU can take over 30 seconds.

Currently, several strategies have been proposed to re-

duce the computational costs associated with video genera-

tion. Some approaches utilize consistency distillation in the

latent space (LCM) [16, 29] for acceleration; however, they
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Figure 2. Summative motivation. We observe and summarize crucial limitations for (latent) consistent models and generalize to the design

space, which are well addressed by our approach.

often struggle to achieve competitive results in few-step set-

tings, such as one or two steps. Other methods initialize

with pre-trained diffusion models and incorporate adversar-

ial loss in a GAN-based framework to accelerate genera-

tion (GAN). Nonetheless, these methods frequently suffer

from training instability. Moreover, since advanced diffu-

sion models are typically trained in the latent space (i.e.,

they apply an auto-encoder to encode the high-resolution

videos into the latent space to facilitate the training), GAN-

based methods require decoding latent features into the real

image or video space before passing them to the discrimina-

tor. This process incurs substantial memory usage and com-

putational overhead, particularly in high-resolution genera-

tion tasks. Figure 2 illustrates our summative observations

of previous methods, which we summarize as follows:

Exposure Issues: Although LCM can accept classifier-free

guidance (CFG) [7], higher CFG values can lead to expo-

sure problems [31]. This complicates the selection of hy-

perparameters for training.

Efficiency: LCM faces slow training convergence and often

produces poor results, particularly when with less than four

inference steps, which limits sampling efficiency. While in-

troducing GANs can alleviate some of the efficiency issues

of LCM, it introduces new problems.

Increased Training Burden: Because advanced dif-

fusion models are typically trained in the latent

space—where high-resolution videos are encoded via

an auto-encoder—GAN-based approaches need to decode

these latent features back into the real image or video space

before they can be evaluated by the discriminator [23]. This

decoding step significantly increases memory consumption

and computational load, particularly when dealing with

high-resolution or long video-length generation tasks.

Training Instability: GANs are known for training insta-

bility. Introducing GANs can easily lead to training insta-

bility, causing the model to degrade as training progresses.

Inability to Iterative Refine: GANs training does not al-

low for iterative refinement of generated results, unlike con-

sistency models, leading to poorer results with more sam-

pling iterations.

Moreover, most existing acceleration methods for video

diffusion models are derived from image diffusion mod-

els (or minor modifications such as adding temporal dis-

criminator heads). For example, Animate-LCM [32] draws

inspiration from LCM, and SF-V [38] is influenced by

UFOGen [34]. Directly transferring methods such as

ADD [23], LADD [24], and UFOGen to video diffusion

models presents several issues, including a significant in-
crease in GPU memory usage and the potential for model

collapse due to adversarial training, which may lead to ex-
tremely weak actions in the generated videos.

In this work, we present OSV (One Step Video Gen-

eration), allowing for high-quality image-to-video gener-

ation in one step while still supporting multi-step refine-

ment. OSV is a two-stage video diffusion acceleration train-

ing strategy. Specifically, in the first stage, we incorpo-

rate Low-Rank Adaptation (LoRA) [10] and fully utilize

GANs training, with real data as the true condition for the

GANs, greatly accelerating model convergence. In the sec-

ond stage, we introduce the LCM training function, with

data generated by the teacher model serving as the true con-

dition for the GANs, while only fine-tuning specific lay-

ers of the network. To further facilitate the training con-

vergence, we replace the commonly applied one-step ODE
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solver with multi-step solving, ensuring higher distillation

accuracy. The second training stage addresses GANs train-

ing instability in the later training phase and further im-

proves the performance upper-bound with the knowledge

transferred from the teacher video diffusion models. To fur-

ther improve the training efficiency, we revise the current

popular discriminator designs and propose to discard the

VAE decoder in the adversarial training. As illustrated in

Figure 3, we replace the VAE decoder with a simple up-

sampling operator. That is, we directly feed the upsampled

video latent into the discriminator whose backbone is pre-

trained on the real image/video space (DINOv2 [19]). Our

ablation study shows it not only reduces the training cost

but also achieves better performance. Our proposed two-

stage training not only facilitates early stage training effi-

ciency but also stablizes training and improves the perfor-

mance upper-bound in the later stage. As shown in Figure 1

verifies our claim.

In summary, we investigate the limitations of previous

consistency model-based and GAN training-based methods

and propose a two-stage training approach, combining the

strength of both and achieving state-of-the-art performance

on fast image-to-video generation.

2. Related Works
Diffusion Distillation. Denoising process usually has many

steps, making them 2-3 orders of magnitude slower than

other generative models such as GANs and VAEs. Recent

progress on diffusion acceleration has focused on speeding

up iteratively time-consuming generation process through

distillation [6, 11, 13, 20, 21, 23, 24, 27, 29, 31, 35, 39, 40].

Typically, they train a generator to approximate the ordi-

nary differential equation (ODE) sampling trajectory of the

teacher model, resulting in fewer sampling steps. Partic-

ularly, Progressive Distillation [17, 21] trains the student

to predict directions pointing to the next flow locations.

ADD [23] leverages an adversarial loss to ensure high-

fidelity image generation. SDXL-Lighting [15] combines

progressive distillation and adversarial distillation, striking

a balance between mode coverage and quality.

When it comes to video distillation, Video-LCM [33]

builds upon existing latent video diffusion and incorpo-

rates consistency distillation techniques, achieving high-

fidelity and smooth video synthesis with only four sampling

steps. Furthermore, Animate-LCM [32] proposes a decou-

pled consistency learning strategy that separates the distilla-

tion of image generation priors and motion generation pri-

ors, enhancing visual quality and training efficiency. SF-

V [38] follows diffusion-as-GAN paradigms and proposes

single-step video generation by leveraging adversarial train-

ing on the SVD [1] model. In contrast, our empirical obser-

vations show that decoupling adversarial latent training and

consistency distillation improves training stability and gen-

eration quality. Additionally, instead of using UNet itself as

the discriminator feature encoder, we use DINOv2 [19] as

a feature extractor, which both improves training efficiency

and generation quality. Moreover, a multi-step consistency

distillation training strategy is also proposed.

3. Preliminaries
Diffusion Models. Diffusion mdoel [8, 28] gradually in-

troduces random noise through the diffusion process, trans-

forming the current state x0 into a previous state xt.

We consider the continuous case of diffusion models.

The forward process of a diffusion model can be described

as:

dx = ft(x) dt+ gt dw. (1)

where ft(x) = d logαt

dt x and g2t =
dσ2

t

dt − 2d logαt

dt σ2
t , αt

is the predefined scale factor and wt denoting the standard

Winer process. σt controls the level of noise.

Considering the reverse process of diffusion models in

the continuous case:

dx =

(
ft(x)−

1

2
g2t∇x log pt(x)

)
dt. (2)

This is known as the Probability Flow Ordinary Differential

Equation (PF-ODE). We use a neural network εθ(xt, t) to

approximate ∇x log pt(x).
Consistency Models. Consistency Models [29] are built

upon the PF-ODE in continuous-time diffusion models.

Given a PF-ODE that smoothly transforms data into noise,

Consistency Models learn to map any point to the initial

point of the trajectory at any time step for generative mod-

eling. The formula can be described as:

f : (xt, t) �→ xκ, t ∈ [κ, T ]. (3)

κ is a number greater than 0 but close to 0. To ensure the

boundary conditions hold for any consistent functions, Con-

sistency Models typically employ skip connections. Sup-

pose we have a free-form deep neural network Fθ, which

can be formulated as:

fθ(x, t) = cskip(t)x+ cout(t)Fθ(x, t), (4)

where cskip(t) and cout(t) are differentiable functions such

that cskip(κ) = 1, and cout(κ) = 0, Fθ(x, t) represents the

output of the neural network.

For training Consistency Models, the output is enforced

to be the same for any pair belonging to the same PF-ODE

trajectory, i.e., f(xt, t) = f(xt′ , t
′) for all t, t′ ∈ [κ, T ]. To

maintain training stability, an Exponential Moving Average

(EMA) of the target model is used, given by:

LN
CD(θ, θ

−;φ) = E

[
λ(tn)d

(
fθ(xtn+1

, tn+1), fθ−(xφ
tn , tn)

)]
,

(5)
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Figure 3. Comparison of Different Adversarial Training Meth-

ods. SF-V requires the encoder of UNet as the feature extrac-

tion part of the discriminator. ADD perform adversarial distilla-

tion on raw image pixel, which needs to convert latent to image

thorough VAE Decoder. In contrast, we directly upsample the la-

tent signal, replacing the decoder with a simple upsampling layer.

Only this modification results in a significant speedup in training

on NVIDIA H800 at a resolution of 512×512, reducing the av-

erage iteration time from 4.29 seconds to 2.61 seconds, and also

decreases the occurrence of floating-point overflows during half-

precision training. In addition, OSV training consumes 35.8 giga-

bytes (GB) of GPU memory, a substantial reduction compared to

SF-V’s 73.5 gigabytes (GB) requirement.

where λ(tn) is a weighting function, d(·, ·) is a distance

metric and xφ
tn = xtn+1 + (tn − tn+1)Φ(xtn+1 , tn+1;φ).

Φ(· · · ;φ) represents the update function of a one-step ODE

solver applied to the empirical PF-ODE. θ− is the EMA

version weight of target models.

4. Method
In this section, we introduce the specific technical details

of our OSV model. The model employs a two-stage train-

ing method to minimize GAN training instability and incor-

porates a novel multi-step consistency model solver to en-

hance its efficiency. Observing the negative impact of CFG

on the distilled model, we remove CFG and design a new

high-order solver.

In this section, we detail our OSV model, which em-

ploys a two-stage training process to enhance video gener-

ation. The first stage leverages GAN training, allowing for

rapid improvement in image quality during the initial train-

ing steps. The second stage combines GAN training with

consistency distillation, providing a balanced approach that

further stabilizes training and enhances model performance.

Finally, we introduce a novel high-order solver, which re-

fines generation results by a high-order prediction, leading

to higher accuracy and efficiency in video generation.

Network Components. The OSV training process consists

of three main components: a student model with weights θ,

a EMA model with weights θ−, a pre-trained teacher model

with frozen weights φ, and a discriminator with weights ψ,

as shown in Figure 4. Specifically, the student and teacher

models share the same architecture, with the student model

initialized from the teacher model. For the discriminator,

we adopt the same structure as StyleGAN-T [22], utilizing

DINOv2 [19]. We freeze the pretrained weight of DINOv2

and add trainable temporal discriminator heads and spatial

discriminator heads for discrimination of the features ex-

tracted DINOv2 inspired by SF-V [38]. The temporal dis-

criminator heads are composed of 1D convolution blocks.

The spatial discriminators are composed of 2D convolution

blocks.

Latent GAN Pretraining. As shown in Figure 3, SF-V

and ADD implement different adversarial distillation meth-

ods. The discriminator in SF-V shares the same architec-

ture and weights as the pre-trained UNet encoder backbone

and is enhanced by adding a spatial discrimination head and

a temporal discrimination head after each backbone block.

ADD uses DINOv2 as the discriminator. Although the dis-

criminator in ADD reduces computational load and mem-

ory usage compared to SF-V, the student model’s generated

data needs to be passed through a VAE decoder before being

input into the discriminator, which undoubtedly increases

both computational load and memory usage. We find that

using DINOv2 directly in the latent space also achieves

adversarial distillation and significantly saves memory and

computational resources compared to the pixel space.

We find that during the pre-training phase of the network,

introducing only GAN for adversarial distillation, without

LCM, can achieve rapid image quality improvement at low

steps. Specifically, the student model optimizes the Hu-

ber loss and adversarial loss between the generated data

fθ(xtn , tn) and the real data x0, as follows:

Ld1
OSV(θ,θ

−;φ;ψ) =ReLU(1−Dψ(x0)) + ReLU(1 +Dψ(fθ(xtn , tn))), (6)

Lg1
OSV(θ,θ

−;φ;ψ) = λLGP ∗ ReLU(1−Dψ(fθ(xtn , tn))) + d(x0, fθ(x
φ
tn , tn)), (7)

where Dψ is the discriminator, ReLU(x) = x if x > 0 else

ReLU(x) = 0 and λLGP is a hyper-parameter. d(x, y) =√
‖ x− y ‖22 +c2 − c [27], where c > 0 is an adjustable

constant. Notably, during this phase, we load the student

model with LoRA training and conduct a very short train-

ing period. This approach is adopted because we have ob-

served that full-parameter training tends to result in the gen-

eration of static images, which is a consequence of model

collapse caused by the input images. Using LoRA ensures

that the student model retains most of the knowledge from

the teacher model while facilitating rapid convergence. In

fact, the first stage can be replaced by loading LoRA mod-

ules pretrained with methods such as Animate-LCM, which

offers great flexibility. For a fair comparison, we train the

first stage using only the method illustrated in Figure 4.

Adversarial Consistency Latent Distillation. LoRA

weights stay unmerged in the second stage, part of trainable
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(1) Latent GAN Pretraining (LGP) (2) Adversarial Consistency Latent Distillation (ACD)

…

…

Figure 4. Overview of OSV. In the first stage, we combine GAN loss and Huber loss [27] for better training efficiency. In the second stage,

we use consistency distillation loss to boost the performance upper-bound. bsahpe, tshape, cshape, hshape and wshape represent the batch

size, number of frames, color channels, height, and width of the input video, respectively.

parameters, and merge only at final inference. We initialize

the student model and EMA model for this stage using the

student model from the first stage. Similarly, we initialize

the discriminator for the second stage using the discrimina-

tor from the first stage. Unlike AnimateLCM, we solve for

xφ
tn using the following equations:

xφ
tn+m−1

= xtn+m
+ (tn+m−1 − tn+m)Φ(xtn+m

, tn+m, c;φ),

xφ
tn+m−2

= xφ
tn+m−1

+ (tn+m−2 − tn+m−1)Φ(x
φ
tn+m−1

, tn+m−1, c;φ),

...

xφ
tn = xφ

tn+1
+ (tn − tn+1)Φ(x

φ
tn+1

, tn+1, c;φ),

(8)

where c represents the condition, which in our case is

an image embedding. m controls the number of steps

of the ODE solver. We introduce classifier-free guid-

ance distillation similar to [16]: Φ̂(xtn+m , tn+m, c;φ) =
Φ(xtn+m

, tn+m, czero;φ) + w ∗ (Φ(xtn+m
, tn+m, c;φ) −

Φ(xtn+m
, tn+m, czero;φ)), where czero represents the im-

age embedding set to zero and w controls the strength.

We also optimize the adversarial loss between the student-

generated data fθ(xtn+m) and the teacher-generated data

fθ−(xφ
tn , tn), as follows:

Ld2
OSV(θ,θ

−;φ;ψ) =ReLU(1−Dψ(fθ−(xφ
tn , tn))) + ReLU(1 +Dψ(fθ(xtn+m , tn+m))) ,

(9)

Lg2
OSV(θ,θ

−;φ;ψ) = λACD ∗ ReLU(1−Dψ(fθ(xtn+m
, tn+m))) + λ(tn)d(fθ−(xφ

tn , tn), fθ(xtn+m
, tn+m)) ,

(10)

where λACD is a hyper-parameter, d(x, y) =√
‖ x− y ‖22 +c2 − c, c > 0 and λ(tn) is a weight-

ing function, similar to [27]. It is worth noting that,

as shown in Figure 5, our multi-step solving method

not only achieves higher accuracy than the single-step

solving method with the same number of iterations but

also demonstrates higher accuracy within the same training

time. (When m is set to 5, the time for 22,000 iterations is

Figure 5. Effectiveness of the proposed Time Travel Sampler.

Compared to one solver step, multi-step solving exhibits a faster

training convergence speed and superior performance, demonstrat-

ing the effectiveness of the proposed method. m is set to 5.

approximately equal to the time for 42,000 iterations when

m is set to 1.)

Why Decompose into Two Stages? LGP and ACD have

fundamental differences. The training objective of LGP is

to align the data distribution with the model’s generated

distribution. Even when the student model achieves con-

sistency, its adversarial loss remains non-zero, thereby dis-

rupting the consistency learning process. In contrast, ACD

does not exhibit this issue. However, LGP matches noise-

free data, which facilitates a rapid decrease in the loss dur-

ing the early stages of training (as shown in Figure 1) and

enables the generation of images with less noise in a single

step. We follow to the definition of PCM [31], letting Tt→s

denote the flow from pt to ps. Let T φ
t→s and T θ

t→s represent

the transformation mappings of the ODE trajectories for the

pre-trained diffusion model and our consistency model, re-

spectively. We redefine the loss functions for LGP and ACD

as follows:

Ladv
LGP(θ,θ

−;φ,m) = Dis
(
T θ
tn+m→ε#ptn+m

∥∥∥p0
)
,

(11)

12589



Ladv
ACD(θ,θ

−;φ,m) = Dis
(
T θ
tn+m→ε#ptn+m

∥∥∥T θ−
tn→εT

φ
tn+m→tn#ptn+m

)
,

(12)

where # is the pushforward operator, and Dis is the dis-

tribution distance metric. Ladv
LGP is always non-zero, while

Ladv
ACD will also converge to zero. We provide a detailed dis-

cussion in the appendix.

High Order Sampler Based On Time Travel. As shown

in Figure 2, we observe the negative impact of using CFG

on the distilled model. Even with smaller CFG weights, the

improvement in video generation is minimal. We decide

to remove CFG and design a higher-order sampler named

Time Travel Sampler (TTS). Suppose the number of sam-

pler steps is set to k, corresponding to the time function

tk, and the number of sampler steps is set to k + 1, corre-

sponding to the time function tk+1. tk+1 has one more time

step compared to tk. Let tk0 = 0 and tk+1
0 = 0, we have

tk+1
i+1 < tki+1, t

k+1
i+1 > tki , ∀i ∈ [1, k − 1]. During sampling,

we set the number of sampler steps to k. Observing that

the image generation quality improves as the time step t de-

creases, given the sample xtki+1
, we can first solve for the

sampling result at the lower time step tk+1
i+1 and then revert

to tki to solve the consistency function again:

f
tki+1

θ = cskip(t
k
i+1)xtki+1

+ cout(t
k
i+1)Fθ(xtki+1

, tki+1),xtk+1
i+1

= f
tki+1

θ + σtk+1
i+1

ε̂k+1
i+1

ε̂k+1
i+1 = (ε0 +

(xtki+1
− f

tki+1

θ )

σtki+1

)/2,

f
tk+1
i+1

θ = cskip(t
k+1
i+1 )xtk+1

i+1
+ cout(t

k+1
i+1 )Fθ(xtk+1

i+1
, tk+1

i+1 ),

x̂tki
= cskip(t

k
i+1)(f

tk+1
i+1

θ + σtki+1
ε̂ki+1) + cout(t

k
i+1)Fθ(xtk+1

i+1
, tk+1

i+1 ) + σtki
ε0, ε̂

k
i+1 = (ε0 +

(xtk+1
i+1

− f
tk+1
i+1

θ )

σtk+1
i+1

)/2,

(13)

where ε0 is the random Gaussian noise. Using TTS leads to

an increase in NFE, but removing CFG reduces NFE.

5. Experiments

Implementation Details. We apply stable video diffusion

as the base model for most experiments. we uniformly sam-

ple 100 timesteps for training. For better training and evalu-

ation of our method, we utilize OpenVid-1M [18] for train-

ing and validation. We randomly select 1 million videos

from OpenVid-1M as the training set and 1,000 videos as

the test set. In the first stage, we fix the resolution of the

training videos at 1024×768, the FPS at 7, the batch size at

1, and the learning rate at 5e-6. The training is conducted

over 2K iterations on 8 NVIDIA H800 GPUs. In the sec-

ond stage, we fix the resolution of the training videos at

576×320 (in the final 10K iterations, the resolution is in-

creased to 1024×768), the FPS at 7, the batch size at 1, and

the learning rate at 5e-6. The training is conducted over 20K

iterations on 2 NVIDIA H800 GPUs. We find that higher

resolution in training datasets generally yields better results,

but the impact varies across different stages, as discussed in

Sec. 5.3. All stages use the Adam optimizer [12]. We use

FVD [30] to evaluate our model.

Table 1. Image-to-video performance comparison on the valida-

tion set of OpenVid-1M. † means our implementations of SF-V (no

public weight).

Name Steps ↓ NFE ↓ FVD ↓

TeacherCFG=3.0 [2]

25 50 156.94

8 16 229.94

2 4 1015.25

1 2 1177.34

AnimateLCM [32]

8 8 184.79

4 4 405.80

2 2 575.33

1 1 997.94

SF-V [38]† 1 1 425.68

Ours 1 1 335.36

OursTTS 1 2 171.15

Ours 2 2 181.95

5.1. Quantitative Experiments
Table 1 illustrates the quantitative comparison of OSV with

the strong baseline methods Animate-LCM and SF-V. Ob-

serving the negative impact of CFG on the distilled models,

we remove CFG from both the Animate-LCM and OSV

models. This reduction led to decreased inference time

for the student network. OSV significantly outperforms

the baseline methods, especially at low steps. Our method

is compared with SF-V and AnimateLCM, using different

numbers of sampling steps for each method. Additionally,

we find that using the high-order sampler in a single step

resulted in an FVD of 171.15, compared to an FVD of

181.95 when performing direct inference with two steps.

This demonstrates better results than direct two-step infer-

ence.

Figure 7 shows the results of our user study, where our

model achieve higher clarity and smoothness compared to

the teacher.

5.2. Qualitative Results
Figure 6 shows the generated results of our method in

image-to-video generation, all of which achieve satisfac-

tory performance. The generated results demonstrate that

our method effectively adheres to the consistency properties

across different inference steps, maintaining similar styles

and motions. Other methods either suffer from overexpo-

sure issues or blurring due to motion. We exhibit good vi-

sual quality and smooth motion with only one step.

5.3. Ablation Studies
Effect of Multi-Step Solving Method. We set the OSV

model with 5 solver steps as Baseline-1. To verify the ef-
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Figure 6. Qualitative generation results. One-step results of OSV with TTS achieves superior video clarity compared to other baselines.

Please refer to the supplementary material for a better comparison of the videos generated by different models.

Table 2. Ablation study with OSV. Unless stated otherwise, we set the sampling steps to 1 and use the Time Travel Sampler (TTS).

(a) Effect of Multi-Step Solving.

ODE Solver Step FVD↓
1 332.25

5 171.15

(b) Effect of First Stage Training.

Stage one FVD↓
� 221.75

� 171.15

(c) Effect of Second Stage Training. Note that all settings have

the same NFE.

Stage Two TTS FVD↓
� � 298.35

� � 234.13

� � 171.15

(d) Effect of Adversarial Training.

Adversarial Training FVD↓
� 405.41

� 171.15

(e) Effect of VAE Decoder.

Vae Decoder FVD↓
� 232.25

� 171.15

(f) Effect of CFG.

CFG scale FVD↓
3.0 531.23

1.5 426.71

No CFG 335.36

(g) Effect of Data Resolution in Stage One.

Training Data Size FVD↓
576×320 455.35

1024×576 388.86

(h) Effect of Data Resolution in Stage Two.

Training Data Size FVD↓
576×320 (10K) and 1024×576 (10K) 171.15

1024×576 173.14

fectiveness of the multi-step solving method, we remove

the multi-step solving component and train the OSV model

with 1 solver step under the same training settings. As

shown in Table 2a, the multi-step solving method achieves

higher solving accuracy. Considering the training time for

all models is the same, our method also performs better, as

illustrated in Figure 5.

Effect of First Stage of Training and Second Stage of
Traning. We set the OSV model trained with both Stage

1 and Stage 2 as Baseline-2. To verify the effectiveness of

Stage 1 training, we remove Stage 1 training and train the

OSV model with only Stage 2 under the same training set-

tings. As shown in Table 2b, it is evident that performing

both Stage 1 and Stage 2 training contributes more to the

model’s convergence. Stage 1 training primarily ensures

that the student model can still generate detailed content at

low steps, which aids in the consistency training of Stage 2

and prevents blurring issues similar to those in Animate-

LCM. To verify the effectiveness of the second stage of

training, we remove the second stage and train the OSV

model with only the first stage under the same training set-

tings. As shown in Table 2c, it is evident that the second

stage of training contributes more to refining the generated

videos. The consistency training in the second stage further

enhances the details of the generated videos. We also find

that our TTS sampler is effective for distilling the student

model using GAN methods.

Effect of Adversarial Training. We set the OSV model

with adversarial loss as Baseline-3. To verify the effective-

ness of adversarial distillation, we remove the adversarial
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Figure 7. User study comparing our distilled model with its

teacher and competing distillation baselines. For each model, we

generate 30 videos across diverse scenarios, ask users to vote for

the best-performing model. AnimateLCM with 8 sampling steps,

SF-V with 1 sampling step, OSV with 1 sampling step and TTS,

and the Teacher model with 25 sampling steps.

loss and train the OSV model with only Huber loss and con-

sistency loss under the same training settings. As shown in

Table 2d, adversarial training results in higher generation

quality. Using only consistency loss leads to a fitting error

between the student model and the teacher model.

Effect of VAE Decoder. We use Baseline-3. We add the

VAE Decoder from the ADD method, as shown in Figure 3.

As shown in Table 2e, we find that adding the VAE Decoder

resulted in even worse performance. This indicates that per-

forming adversarial training in the latent space is more ben-

eficial for the discriminator. As shown in Figure 8, we visu-

alize the latent space and pixel space of the input images. It

can be observed that when the input images are compressed

by the VAE, the outlines are preserved, retaining a signifi-

cant amount of low-frequency information. This is benefi-

cial for ViT-like models in feature extraction. We upsample

the latent space data to a size suitable for DINOv2 feature

extraction using sub-pixel convolution.

Effect of CFG. As shown in Table 2f, we investigate the

impact of CFG on video generation by the model. Figure 2

illustrates the overexposure issue caused by adding CFG. It

is evident that even reducing the CFG scale still negatively

affects the model. Removing CFG not only saves time but

also improves the quality of the generated videos.

Effect of Data Resolution in Stage One and Stage Two.
In the first stage, we do not introduce the consistency dis-

tillation loss, so the quality of the generated videos relates

to the dataset size. If we use a dataset size of 576×320,

the videos are downsampled quite small, resulting in signif-

icant information loss. In the second stage, we enforce the

consistency of the student model’s trajectories at different

time steps, so the quality of the generated videos depends

on the quality of the original videos and the videos gener-

ated by the teacher model. Using a dataset size of 576×320

in the early stages significantly reduces the model’s distilla-

tion time and shows little difference in the FVD metric dur-

ing the second stage. However, we observe that although

the FVD metric shows little difference, the SVD model dis-

Figure 8. Visualize the latent space and pixel space of the input

images. To map the latent space to the RGB color space, we quan-

tize the data within the latent space to the range [0, 255].

tilled on the low-resolution dataset encounters more fail-

ure cases during inference, such as generating videos with

smaller motions. Therefore, we recommend training on a

high-resolution dataset if sufficient computational resources

are available.

6. Conclusion

In this paper, we introduce the OSV, which utilizes a two-

stage training process to enhance the stability and efficiency

of video generation acceleration. In the first stage, we em-

ploy GAN training, achieving rapid improvements in gen-

eration quality at low steps. We propose a novel video

discriminator design where we leverage pretrained image

backbones (DINOv2) and lightweight trainable temporal

discriminator heads and spatial discriminator heads. We

also innovatively propose to replace the commonly applied

VAE decoding process with a simple up-sampling opera-

tion, which greatly facilitates training efficiency and im-

proves model performance. The second stage integrates

consistency distillation, further refining the model’s per-

formance and ensuring training stability. Additionally, we

show that applying multi-step ODE solver can increase the

accuracy of predictions but also facilitate faster training

convergence. By removing the CFG and introducing the

Time Travel Sampler (TTS), we are able to further improve

video generation quality. Our experiments demonstrate that

the OSV significantly outperforms existing methods in both

speed and accuracy, making it a robust and efficient solution

for video generation acceleration.

Limitations. There are some bad cases when the distilled

model generates human motion. For example, the distilled

model produce significant blurring when attempting to gen-

erate hand movements. Increasing the number of inference

steps to 4 resolve the issue. In future work, we plan to intro-

duce stronger feature extraction networks as replacements

for DINOv2.
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