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Abstract

Diffusion-based or flow-based models have achieved sig-
nificant progress in video synthesis but require multiple
iterative sampling steps, which incurs substantial compu-
tational overhead. While many distillation methods that
are solely based on trajectory-preserving or distribution-
matching have been developed to accelerate video genera-
tion models, these approaches often suffer from performance
breakdown or increased artifacts under few-step settings.
To address these limitations, we propose SwiftVideo, a uni-
fied and stable distillation framework that combines the ad-
vantages of trajectory-preserving and distribution-matching
strategies. Our approach introduces continuous-time consis-
tency distillation to ensure precise preservation of ODE tra-
jectories. Subsequently, we propose a dual-perspective align-
ment that includes distribution alignment between synthetic
and real data along with trajectory alignment across differ-
ent inference steps. Our method maintains high-quality video
generation while substantially reducing the number of in-
ference steps. Quantitative evaluations on the OpenVid-1M
benchmark demonstrate that our method significantly outper-
forms existing approaches in few-step video generation.

Introduction

Recent advancements in diffusion and flow-based models
have significantly enhanced generative modeling, especially
in video synthesis. However, these models typically require
many iterative sampling steps, resulting in high computa-
tional and time costs that limit their practical deployment.
Although higher-order numerical ODE solvers (Lu et al.
2025, 2022) can reduce the number of sampling steps, they
often suffer from severe quality degradation when operating
in the few-step regime (i.e., steps < 10).

To address these challenges, diffusion distillation meth-
ods have emerged to reduce sampling overhead in video
generation. Trajectory-preserving approaches, such as LCM,
PCM (Luo et al. 2023; Wang et al. 2024), leverage consis-
tency loss to minimize inference steps. However, as discrete-
time consistency models (CMs), they tend to produce blurry
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Figure 1: Video generation results on the OpenVid-1M
dataset (Nan et al. 2025) using 4 sampling steps. Red circles
and boxes highlight blurry regions and artifacts in the gener-
ated videos. DA and TA denote Distribution Alignment and
Trajectory Alignment, respectively. SwiftVideo w/o DA &
TA employs only Continuous-time Consistency Distillation
(CCD). Our method significantly outperforms PCM.

outputs under few-step settings and introduce additional dis-
cretization errors from numerical ODE solvers. Alterna-
tively, distribution-matching methods like DMD?2 (Yin et al.
2024a), train student models to approximate the teacher’s
distribution in order to reduce inference steps. However,
this approach inherently upper-bounds the student model’s
performance by the teacher model and can lead to domain
inconsistencies due to relying solely on distributional con-
straints. Other recent strategies (Ren et al. 2024; Sauer et al.
2024a) incorporate post-training enhancements for few-step
generation, but often depend on auxiliary reward models or
expensive-to-collect preference datasets.

Based on this analysis, we identify three key limitations
in existing methods: 1) Discretization errors from numeri-
cal ODE solvers in previous CMs; 2) Performance ceilings



imposed by teacher model distributions; 3) Quality degra-
dation under extremely few steps. To this end, we propose
SwiftVideo, a unified and stable distillation framework that
systematically addresses these limitations. Our framework
comprises three components: continuous-time consistency
distillation (CCD) for precise ODE trajectory preservation,
distribution alignment (DA) on real data to enhance visual
fidelity, and trajectory alignment (TA) across different infer-
ence steps for enhanced few-step generation.

Firstly, we introduce CCD to ensure precise ODE tra-
jectory preservation, eliminating the discretization errors
that arise from ODE solver reliance in discrete-time con-
sistency models. As shown in Figure 1, while CCD alone
outperforms PCM, it still exhibits blurriness. Nevertheless,
its accurate trajectory preservation enables effective subse-
quent training optimization. Secondly, instead of approxi-
mating the teacher’s distribution, we directly perform DA
on real data, thereby breaking the performance constraints
imposed by the teacher model. Thirdly, we observe that the
distribution-aligned distilled model exhibits significant im-
provement in generation quality as the number of steps in-
creases within the low-step regime (i.e., steps < 8). Based
on this observation, we propose TA across different infer-
ence steps as a post-training strategy. Specifically, we gen-
erate the preference dataset using the distilled model with
varying numbers of steps, then leverage the Direct Prefer-
ence Optimization (DPO) algorithm (Rafailov et al. 2023)
to implicitly align low-step inference trajectories with high-
step inference trajectories, eliminating the need for reward
models and costly external preference data collection. As
shown in Figure 1, DA effectively reduces blurriness while
TA improves detail preservation under few-step settings.

In summary, our main contributions are as follows: (1)
We propose a unified and stable distillation framework that
maintains high-quality video generation while significantly
reducing the number of inference steps. (2) Continuous-
time Consistency Distillation (CCD): We effectively ap-
ply CCD to video generation models for the first time, en-
suring precise ODE trajectory preservation while incorpo-
rating stabilization and acceleration techniques throughout
the training process. (3) Distribution Alignment (DA): We
employ adversarial training to enable the model to directly
align with real data distributions, thereby enhancing the vi-
sual details and realism of generated results. (4) Trajectory
Alignment (TA): We apply the DPO algorithm on synthetic
preference dataset across different inference steps to enforce
alignment with high-step inference trajectories, thus enhanc-
ing few-step generation quality. (5) Extensive experiments
demonstrate that our approach outperforms existing meth-
ods in few-step video generation, achieving state-of-the-art
results on VBench and FVD benchmarks.

Related Work
Video Diffusion Model

Driven by advances in large-scale video data and model ar-
chitectures, video diffusion models have achieved remark-
able success. Early approaches (Blattmann et al. 2023;
Guo et al. 2024) using 3D U-Net architectures in latent

9234

space were limited to generating short, low-quality videos.
With the success of Sora (OpenAl 2024), modern mod-
els have shifted toward Diffusion Transformer (DiT) archi-
tectures, with open-source implementations like Hunyuan-
Video (Kong et al. 2025), CogVideoX (Yang et al. 2025),
and Wan (Wan et al. 2025). Although these models can pro-
duce longer, higher-quality videos, generation remains com-
putationally expensive and time-consuming. To address this
limitation, we leverage diffusion distillation methods to ac-
celerate these models without compromising their quality.

Diffusion Model Distillation

Diffusion models typically rely on iterative inference to gen-
erate high-quality samples, which is both time-consuming
and computationally expensive. Diffusion model distillation
has been regarded as an effective technique for accelerating
the inference process and can be categorized into trajectory-
preserving and distribution-matching approaches.

Trajectory-preserving distillation aims to train a student
model capable of generating samples in fewer steps by ap-
proximating the ordinary differential equation (ODE) sam-
pling trajectory of the teacher model. Progressive Distilla-
tion (Salimans and Ho 2022) trains the student model to pre-
dict the subsequent flow locations determined by the teacher
model. Rectified Flow (Liu, Gong, and Liu 2022) trains
the student model on noisy-image pairs obtained from the
teacher, thereby progressively straightening the ODE trajec-
tory. Consistency Distillation (Luo et al. 2023) trains a stu-
dent model to map noisy samples along the ODE trajectory
to its origin. Although trajectory-preserving distillation fa-
cilitates training, the samples generated in few-step tend to
exhibit blurriness and inferior quality.

Distribution-matching distillation trains a student model
to approximate the teacher’s distribution. Some methods
leverage adversarial loss functions to improve the generative
quality of student models (Sauer et al. 2024b,a). DMD (Yin
et al. 2024b) minimizes approximate KL divergence using
gradients from two score functions: a fixed pretrained target
score and a dynamically trained generator score.

Recently, trajectory-preserving distillation methods (Li
et al. 2024; Wang et al. 2023) and distribution-matching dis-
tillation(Zhang et al. 2024)) have been increasingly applied
to video generative models. However, many of these distilled
video models originate from the pre-Sora era and typically
generate only low-quality, short-duration results. More-
over, existing consistency distillation methods for video are
trained using discretized timesteps, which rely on numerical
ODE solvers and introduce additional discretization errors.
In contrast, our approach employs continuous-time consis-
tency distillation to address these issues. Furthermore, prior
distribution-matching distillation methods usually approxi-
mate the teacher’s output distribution as the target, which
implicitly limits the generation quality by the teacher model.
Instead, our approach directly performs distribution align-
ment on real data, similar to (Lin et al. 2025).

Preliminary

Flow Matching Flow Matching (Lipman et al. 2023; Liu,
Gong, and Liu 2022) is widely used in recent advanced
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Figure 2: The overview of our distillation framework SwiftVideo.

video-generation models (Wan et al. 2025). Given a data
sample X ~ Pgaa and a noise sample X1 ~ Ppoise, the noisy
data x; is defined as a linear interpolation between these two
distributions:

Xy = (1 — t)Xo + tXl, (1)

for t € [0,1]. The target velocity field is v = x; — xg. The
optimization process of flow matching is defined as:

£(6) — vp (x4, 1)[?]

where vy denotes the model parameterized by 6.

(@)

= Et,XONXo,Xl'\'Xl [HU

Consistency Models A consistency model (CM) is a neu-
ral network fy(x¢,t) trained to map any points on a tra-
jectory of the PF-ODE to the trajectory’s origin. The for-
mula can be described as f : (x¢,t) — xo. A valid fp
must satisfy the boundary condition fy(x,0) = x, which
can be achieved through the parameterization fy(x¢,t) =
Cskip(t>xt + Cout(t)FG (Cin(t)xta Cnoise(t))a where cskip(o) =1
and ¢y (0) = 0. Depending on the selection of nearby time
steps, consistency models can be classified into two cate-
gories, as described below:

Discrete-time CMs The training objective defined on two
adjacent time steps with a finite distance is as follows:

Ex, ¢ [w(t)d(fo(xs, 1), fo- (Xe—at, t—AL))] 3

where 6~ denotes stopgrad(6). The term w(t) is a weight-
ing function, At > 0 is the distance between adjacent
timesteps, and d(-, ) is a distance function, e.g., the squared
¢y distance d(x,y) = ||x — y||3. The noisy sample z;_; at
the preceding time step ¢ — At is typically obtained by solv-
ing the PF-ODE using numerical ODE solvers with a step
size of At, which introduce additional discretization error.
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Continuous-time CMs When taking the limit At — 0,
show that the gradient of Eq (3) with respect to 6 converges

to
w(t) 5 (x -e
fo—

where d (oxe,t) th fg (Xt, t) % + atfg— (Xt7 t) is the
tangent of fy— at (x;,t) along the trajectory of the PF-ODE
%. Continuous-time CMs do not rely on ODE solvers,
which avoids discretization errors and offers more accu-
rate supervision signals during training. Recently, sCM (Lu
and Song 2025) presents several training tricks to simplify,
stabilize, and scale the training of continuous-time consis-
tency models, achieving superior performance compared to
discrete-time consistency models.

VoL, i |w “4)

Method

As shown in Figure 2, our framework systematically ad-
dresses the three limitations identified above through the
following components: continuous-time consistency distil-
lation, distribution alignment via adversarial training, and
DPO-based trajectory alignment with reflow loss regulariza-
tion.

Continuous-time Consistency Distillation

In previous work, the consistency model fy is parameter-
ized as:

ft9 (xh t) = Cskip (t)xt + Cout (t)FG (Xt7 t) (5)

Fy(z,t) is a deep neural network. Unlike the TrigFlow for-
mulation employed in SCM (Lu and Song 2025), we set
Cskip = 1 and couy = —t, which aligns with the Recti-
fied Flow (Liu, Gong, and Liu 2022) formulation commonly
adopted in current video diffusion models and eliminates



Algorithm 1: Continuous-time Consistency Distillation

1: Input: Training dataset D, pretrained model Fpreqain,
distilled model Fjy, learning rate 7, timestep schedule

(Prean; Pft 4)» consistency loss warmup iteration H
2: Initialize Iters < 0, 6 < ¢
3: repeat
4 x9~D,x1 ~N(0,I), t ~ N(Prean, P%)
50 x¢ <+ (1 —t)xo + tx1, dt' — Fremain (X, 1)
6: 7 < min(l, Iters/H)
7: g<—dx’ Fy— (x¢,t) —rt - sg(w)
s g g/llgl+o)
9: EdlStlH — ||F9 (Xta ) - FO* (Xtvt) - g”;
10: 0« 0 — Vg Laisin

11:  Iters < Iters + 1
12: until convergence

the need for additional formulation conversion. Moreover,
this parameterization satisfies the boundary conditions and
is compatible with the Euler ODE solver. Then we differen-
tiate both sides of Eq (4) with respect to ¢:

dfe- (Xta )7 dFy- (Xu )
dt dt

In this work, we aim to distill a pretrained video generation
model into a few-step generator, so dg‘; = Flremain(X¢, 1) in
Eq. (6).

Given the equation VyE[F,'y] = 1VyE[||Fy — Fp- +
y||3, where 6~ denotes stopgrad(6) and y is an arbitrary
vector independent of 6. Then we can derive the training
objective for continuous-time consistency distillation:

o t) —t (6)

d
VoEx, t [fe (x¢,t) L d(tXt7 )]
= tVgEx, . {FJ(xt, o= t) d(ft’ )]
df,_
:%VQExt,tHFa(Xta t) — Fy- (x¢,t) — W“g
@)

However, directly training on this objective suffers from in-
stability and inefficiency issues, it’s necessary to incorporate
additional training techniques for stabilization and accelera-
tion.

Training Stabilization and Acceleration Building upon
the approach proposed in sCM (Lu and Song 2025), we
employed two training techniques, Tangent Normalization
and Tangent Warmup, to mitigate the instability issues in
the continuous-time consistency distillation process. Addi-
tionally, given that current video diffusion models comprise
multiple DiT blocks, we designed an iterative algorithm to

dfe— (x¢,t)
dt

compute the tangent function with minimal com-

putational overhead.

. dF,_

In our experiments, we found that the term w
i . df, . .

within the tangent function w is the primary cause

of instability in the training objective of continuous-time

9236

Flow Distillation. This term can be derived as follows us-
ing the chain rule:

dFy- (x¢, dx;

% Vi, Fo- (X¢, ) — a "+ 0y Fy- (xe,t)  (8)

Firstly, we employed the Tangent Warmup training trick
dF,_ (x,t)

by introducing a coefficient 7 to scale the term ¢
in the tangent function Eq.(6). This coefficient r linearly in-
creases from O to 1 over the first 1K training steps. Thus, the
tangent function is transformed into the following form.

dXt ng (Xt, )
dt Fo- dt
oy X podFp (xit)

We observe that Eq.(9) is expressed as a weighted sum
of flow matching loss and original training objective of
continuous-time consistency distillation in Eq.(7).
Secondly, we employed the Tangent Normalization to re-
duce the variance during training, experimenting with two
approaches: clipping the tangent within the range of —1to 1
dfg—d(txf,,t) with o= (xt t)/ deg (3¢,t) H+

¢), ¢ = 0.1. We found that the latter approach yielded better
results.

While the above two training tricks stabilize the training
dF, (xt,t)

versus replacing

process, the computation of that lead to efficiency
and memory issues when directly applied to video diffusion
models. To address this, we apply stop-gradient operations
in JVP computation and perform iterative block-wise JVP
calculation across DiT blocks, using the JVP output from
each block as input for the subsequent block’s JVP compu-
tation while detaching intermediate results to manage mem-
ory consumption. The detailed process for JVP computation
is described in the appendix.

Algorithm 1 presents our continuous-time consistency
distillation algorithm.

Alignment for Distilled Model

To further improve generation quality in few-step sampling,
we align the distilled model from both distribution and tra-
jectory perspectives.

Distribution Alignment While continuous-time consis-
tency distillation achieves precise ODE trajectory preser-
vation, the generated results still exhibit blurriness due to
the inherent properties of consistency models (Lin, Wang,
and Yang 2024). Therefore, we introduce distribution align-
ment to improve the visual fidelity and realism of generated
videos. Unlike previous distribution-matching methods that
constrain the upper limit of the student’s generation quality
by matching the teacher’s distribution, we directly employ
adversarial loss to align with real data distribution.

The distribution alignment employs a discriminator
trained to distinguish between generated samples X and real
data xo, where Xg = x; — tFy(x4, ). For the discriminator,
we follow the design in StyleGAN-T (Sauer et al. 2023). We
utilize a frozen pretrained feature network DINOv2 (Oquab
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Figure 3: Illustration of trajectory alignment.

et al. 2024) coupled with trainable lightweight discriminator
heads, comprising both temporal heads for capturing inter-
frame temporal dynamics and spatial heads for evaluating
intra-frame visual quality.

For training stability, we introduce distribution alignment
after J\/warmup training steps of continuous-time consistency
distillation. The objective of the distribution alignment train-
ing is as follows:

L9 = Xagy - Exo,t [}, max(0, 1 — Dy x(%0))] + Laistin
,CD = Exo,t [Zk max(O, 1-— D¢’k(X()))

,max(0, 1 + Dy 1(X0))]

(10)
where A,y is a hyper-parameter, and Dy ;, denotes either
spatial or temporal discriminator heads.

By directly aligning distributions through adversarial
training on real data, our approach significantly enhances vi-
sual fidelity and realism in video generation.

Trajectory Alignment While distribution alignment en-
hances the generation quality of distilled models under lim-
ited inference steps, visual artifacts persist at extremely low
step counts (i.e., steps < 4). We observe that distilled
model using Euler solver inference exhibits significant qual-
ity improvements as the number of steps increases within
the low-step regime (i.e., steps < 8). Based on this ob-
servation, we introduce trajectory alignment across differ-
ent inference steps to advance model’s low-step generation
frontier. Initially, we utilize the distribution-aligned distilled
model to efficiently construct a synthetic preference dataset
D = {y,x¥,x}} across varying inference steps. In this
preference dataset, each sample contains a prompt y and two
videos xY and x}, generated by the distribution-aligned dis-
tilled model using different steps (e.g., 8 steps and 4 steps)
respectively.

Subsequently, we finetune our model using Direct Prefer-
ence Optimization (Liu et al. 2025) on this synthetic prefer-
ence dataset. As shown in Figure 3, since the synthetic data
implicitly contains flow trajectory information, this training
enables the model to align with high-step inference trajec-
tories, thereby enhancing low-step generation quality. The
DPO loss Lppo on flow-based video generation model is
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written below:

ﬁDPO = —E[loga(—g

(v = vo (i DI = V™ = vrer (x1', 1) an
- (||vl —vo(xL, )| = ||vt = Vref(Xiyt)HQ) ))}
where 3 is a hyperparameter, {x%, x4} ~ D and x} = (1 —

t)xg + te,e ~ N(0,I), with * denoting either w (for the
preferred data) or [ (for the less preferred data).

Employing Eq. (11) alone as the training objective for tra-
jectory alignment results in undesired training dynamics. As
training progresses, the model minimizes the loss by reduc-
ing velocity prediction accuracy on dispreferred data more
than on preferred data, thereby causing the flow to diverge
from the intended trajectory. To address this issue, we intro-
duce a regularization term ||v¥ — vy(x,#)||? to maintain
high prediction fidelity on the preferred data. Given that our
preference dataset is entirely synthetic, this regularization
term takes the same form as the reflow loss (Liu, Gong, and
Liu 2022), denoted as L . Therefore, the overall trajectory
alignment loss can be formulated as Lppo + Arr - Lrr, Where
ARF is a hyper-parameter.

Experiment

Implementation Details. In our distillation experiments,
we use Wan2.1-FUN-inp-480p-1.3B (Wan et al. 2025) as
the foundational model. For fair comparison, all the exper-
iments are conducted on OpenVid-1M (Nan et al. 2025), a
large-scale, high-quality video dataset that provides a stan-
dardized benchmark for few-step video generation. Specifi-
cally, we randomly select one million videos for training and
1000 for evaluation. In the continuous-time consistency dis-
tillation and distribution alignment, we fix the resolution of
the training videos to 832 x 480 with 61 frames and a batch
size of 1. We conduct full-parameter training for 3,000 it-
erations using a learning rate of le — 6 for both the dis-
criminator and student model. The default warm-up iteration
Nwamup is 1000 and A,qy is set to 0.01. In trajectory align-
ment, we first utilize distribution-aligned distilled model to
generate videos using 4 steps and 8 steps sampling respec-
tively, then construct preference dataset of size 5000. Then
we apply LoRA (Hu et al. 2022) to fine-tune the model’s
linear layers on this preference dataset, using a learning rate
of 1le — 6 for approximately 2000 iterations. To further im-
prove 2-step generation quality, we conduct an additional
round of trajectory alignment, employing the once-aligned
model to generate preference data using 2-step and 4-step
sampling with the same training procedure. Agf is set to 2
and (3 in Lppo is set to 2500. All training uses the AdamW
optimizer (Loshchilov and Hutter 2019), and we employ the
Euler solver for sampling.

Evaluation Metrics Following existing work (Zhang et al.
2024; Yin et al. 2025), we use FVD (Ge et al. 2024) and stan-
dard VBench-12V benchmark (Huang et al. 2024) to evalu-
ate our model. FVD measures the Fréchet distance between



VBench
Method Step FVDJ]
Temporal Frame 2V 2V
Quality Quality Subject  Background
25 98.06 86.83 61.92 98.72 98.12
Teacher | 8 150.82 84.95 58.76 98.68 98.10
4 | 32195 81.72 51.96 98.59 98.04
LCM 4 192.93 83.35 57.51 98.61 97.07
LCM 2 | 59151 79.6 459 98.45 97.94
PCM | 4 | 19856 | 8323 5729 | 98.61 97.05
DMD2 | 4 | 16742 | 8338 5735 | 98.63 98.08
osv' 4 146.59 83.97 59.79 98.75 98.14
osv' 2 | 47138 80.41 49.09 98.55 98.01
Ours 4 118.89 85.27 61.76 98.82 98.20
Ours 2 199.61 83.17 59.16 98.77 98.14

Table 1: Image-to-Video quantitative results on OpenVid-
IM test set. FVD is computed using 64 frames. { donates
our implementations.

feature distributions of real and generated videos. VBench is
a comprehensive benchmark that is widely used to evaluate
the video quality.

Comparisons on Image-to-Video Generation

Quantitative Comparisons. We conduct comprehensive
evaluations by comparing our model against state-of-the-art
distillation methods, including trajectory-preserving meth-
ods LCM (Luo et al. 2023) and PCM (Wang et al. 2024),
and distribution-matching methods OSV (Mao et al. 2025)
and DMD?2 (Yin et al. 2024a). We implement these methods
on Wan 2.1 following the official codebases of LCM, PCM,
and DMD2. And we try our best to implement OSV, which
we denote as OSV'. During evaluation, we utilize the first
frame from the Openvid-1M test set as conditional input to
generate 1000 videos at 832x480 resolution with 24 FPS,
then compute FVD and VBench metrics on these generated
videos.

As shown in Table 1, our method significantly outper-
forms existing state-of-the-art distillation methods across
all these quantitative metrics. Specifically, our approach
achieves state-of-the-art FVD scores of 118.89 with 4-step
inference and 199.61 with 2-step inference, indicating that
our generated videos have the closest distribution to the
ground truth. In VBench evaluations, our method with 2-
step inference outperforms the 4-step performance of LCM,
PCM, and DMD?2 in terms of frame quality. Additionally,
our method with 4-step inference approaches the teacher
model’s 25-step performance in frame quality, while even
surpassing it in image-conditioning scores, indicating the ca-
pability of our method to preserve high-quality video syn-
thesis under few-step inference.

Qualitative Comparisons Figure 5 presents visual com-
parison results of the teacher model with 8 sampling steps,
LCM (Luo et al. 2023), PCM (Wang et al. 2024), OSV (Mao
et al. 2025), DMD?2 (Yin et al. 2024a) and our method with
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Figure 4: Results from our user study regarding frame qual-
ity, temporal consistency, and image alignment of different
models. The teacher method uses 8 sampling steps, while
other methods use 4 steps.

4 inference steps. Figure 5 demonstrates that our method
generates videos with superior visual clarity, richer details,
and enhanced realism compared to other approaches, while
exhibiting fewer artifacts. Additional qualitative results are
provided in the appendix.

To further evaluate the performance of our method, we
conduct a comprehensive user study comparing it against
existing distillation approaches and the teacher model. We
select first frames from 50 videos across different categories
in the OpenVid-1M test set as conditional inputs. For each
image, we generate 5 videos using same random seeds, with
distillation methods using 4 sampling steps and the teacher
model using 8 steps. Participants evaluate and select the best
video based on frame quality, temporal consistency, and im-
age alignment. As shown in Figure 4, our approach sig-
nificantly outperforms baseline distillation methods and the
teacher model with 8 sampling steps.

Ablation Studies

Effect of Continuous-time Consistency Distillation
(CCD) To validate continuous-time consistency distilla-
tion effectiveness, we evaluate three training strategies: di-
rect distribution alignment (DA), discrete-time consistency
distillation (DCD) followed by DA, and continuous-time
consistency distillation (CCD) followed by DA. Table 2a
demonstrates that consistency distillation combined with
distribution alignment achieves superior performance. DA
alone produces excessive trajectory deviation from the orig-
inal model. Furthermore, CCD outperforms DCD through
more accurate ODE trajectory preservation.

Effect of Distribution Alignment (DA) To validate the
effectiveness of distribution alignment, we conduct ablation
studies using only continuous-time consistency loss for dis-
tillation. As shown in Table 2b, DA yields superior perfor-
mance by directly approximating the real data distribution,
which enhances visual fidelity under few-step sampling.

Effect of Trajectory Alignment (TA) Comparing dis-
tilled models with and without trajectory alignment, Table
2c¢ demonstrates that model refined through TA generated
higher-quality videos. This improvement stems from using
DPO to align the model with high-step inference trajecto-
ries, thereby enhancing low-step inference quality.
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Figure 5: Qualitative comparison results. Our results significantly outperform other methods in both frame quality and temporal
consistency under 4 sampling steps. All visual results are generated using images from the OpenVid-1M (Nan et al. 2025) test
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Figure 6: Effect of synthetic preference dataset and reflow
loss in trajectory alignment.

Time Samplers Prior work (Esser et al. 2024) demon-
strates that the distribution of timestep affects generation
quality. We train models using CCD with DA under differ-
ent timestep distributions. As shown in Table 2d, the logit-
normal timestep sampler achieves superior results.

Effect of Synthetic Preference Dataset in Trajectory
Alignment We compared two preference dataset strate-
gies: synthetic preference datasets versus using real data
as preferred samples with low-step generated data as less
preferred samples. As shown in Figure 6, synthetic prefer-
ence datasets enable rapid improvement in few-step infer-
ence quality (red line), while real data as preferred samples
leads to slow convergence (blue line). This occurs because
synthetic preferred data implicitly contains trajectory infor-
mation, allowing the model to quickly enhance low-step
generation by aligning with high-step inference trajectories.

Effect of Reflow Loss in Trajectory Alignment We in-
vestigated the impact of reflow loss by comparing models
trained using Lgp,, alone versus those trained with the com-
bined objective Lppo + Arr - Lrr- As shown in Figure 6 (red
line vs. green line), incorporating reflow loss enhances peak
performance and stabilizes training.
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Train setting FVD] Train setting p——]
DA 163.54
oopor ol CCSCJPDA gé'?i
CCD + DA 136.14 .
b
(a) (b)
TA FVDJ t sampler FVDJ
uniform (0, 1) 140.36
.); 53%3 lognorm(—0.8,1.0) 1385
' lognorm(—0.6,1.4)  136.14
©

(d)

Table 2: Ablation studies. We set the sampling steps to 4.
a) Effect of CCD. b) Effect of DA. ¢) Effect of TA. d) The
time schedule.

Conclusion

In this paper, we propose SwiftVideo, a unified distilla-
tion framework that overcomes the limitations of prior
approaches. Through continuous-time consistency distilla-
tion, we maintain precise ODE trajectory preservation while
eliminating discretization errors. The incorporation of di-
rect distribution alignment on real data enhances the visual
fidelity of generated videos and overcomes teacher model
performance constraints. Additionally, trajectory alignment
across different inference steps serves as an effective
post-training strategy to improve generation quality under
few-step settings. Extensive experiments on OpenVid-1M
demonstrate that SwiftVideo significantly outperforms state-
of-the-art distillation methods on both FVD and VBench
metrics. Future work will focus on extending this framework
to larger-scale video models with even fewer steps.
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