





Consistency Model. Diffusion models [20, 47, 54, 56] have
demonstrated strong performance across various generative
tasks. However, they face a speed bottleneck due to the
need for a large number of inference steps. To address
this, researchers have proposed several solutions, including
ODE solvers [38, 54], adaptive step-size solvers [24], neu-
ral operators [81], and model distillation [26, 42, 48, 49].
Among these approaches, consistency models [57] have
shown particular promise. Based on the probability flow
ordinary differential equation (PF-ODE), consistency mod-
els are trained to map any point in the generation process
back to the starting point, or the original clean image. This
approach enables one-step image generation without los-
ing the benefits of multi-step iterative sampling, support-
ing high-quality output. Consistency models can be de-
rived in two ways: either through distillation from a pre-
trained diffusion model (i.e., Consistency Distillation) or by
training directly from scratch (i.e., Consistency Training).
Building on this framework, LCM [39, 40] further explores
consistency models within latent space to reduce memory
consumption and enhance inference efficiency. Subsequent
methods [16, 37, 55] have also refined these efficiency im-
provements, achieving impressive results.

Video for 3D Reconstruction. In 3D reconstruction, meth-
ods like NeRF [43] and 3DGS [25] typically require hun-
dreds of input images for per-scene optimization, which is
impractical for casual users in real-world applications. Re-
cent research [8, 11, 32, 34, 60, 70, 72] has focused on de-
veloping feed-forward models that generate 3D representa-
tions directly from only a few input images. pixelSplat [8]
devised pixel-aligned features for 3DGS reconstruction, us-
ing the epipolar transformer to better extract scene features.
Following that, MVSplat [ |] introduces multi-view feature
extraction and cost volume construction to capture cross-
view feature similarities for depth estimation. The per-view
depth maps are predicted and unprojected to 3D to form
Gaussian centers, producing high-quality 3D Gaussians in
a faster way. While these models can produce highly real-
istic images from provided viewpoints, they often struggle
to render high-quality details in areas not visible from these
limited perspectives. To address this challenge, many stud-
ies [10, 31, 35, 58, 78] have employed large-scale video dif-
fusion models to generate pseudo-dense views from sparse
input, aiming to transfer generalization capabilities for the
under-constrained sparse-view reconstruction. However,
the inefficiency of multi-step denoising in diffusion mod-
els slows down these methods, and the generated video of-
ten lacks 3D constraints, resulting in structural inconsisten-
cies and unrealistic motion. To address these limitations, we
propose the VideoScene framework, which uses 3D-aware
leap flow distillation to incorporate 3D priors for consistent
3D video generation while accelerating diffusion denoising
in a single step for fast, high-quality generation.

3. Method

3.1. Preliminaries

By interpreting the guided reverse diffusion process as solv-
ing an augmented probability flow ODE (PF-ODE) [38, 56],
consistency model [57] offers a generative approach that
supports efficient one-step or few-step generation by di-
rectly mapping noise to the initial point of PF-ODE tra-
jectory (i.e., the solution of the PF-ODE). This mapping
is achieved through a consistency function, defined as f :
(x¢,t) —> X, where € is a fixed small positive number,
t is the current denoising step, and x; represents the noisy
input. One important self-consistency property that the con-
sistency function should satisfy can be formulated as:

f(x,t) = f(xp,t'), Vt,t' € le,T], 1)
where 7" donates the overall denoising step. This property
ensures that the function outputs remain consistent across
different denoising steps within the defined interval. The
consistency function is parameterized as a deep neural net-
work fy, with parameters 6 to be learned through the Con-
sistency Distillation. The distillation goal is to minimize the
output discrepancy between random adjacent data points,
thereby ensuring self-consistency in the sense of probabil-
ity. Formally, the consistency loss is defined as follows:

£(0,6;®) =Eq., [d (fg (Xiry1 s tnt), B (0 tn))] e

where ®(-) denotes the one-step ODE solver applied to PF-
ODE, the model parameter 6~ is obtained from the expo-
nential moving average (EMA) of 6, and d(-,-) is a cho-
sen metric function for measuring the distance between two

samples. Here, f(f’ is the estimation of x;, from x;,,,:

X xp 0y F (b — tas)®(Xey g s tag136). (3)

n

LCM [39] conducts the above consistency optimization in
the latent space and applies classifier-free guidance [19] in
Eq. 3 to inject control signals, such as textual prompts. Xfﬂ
is estimated by a teacher model with an ODE solver in con-
sistency distillation. With a well-trained consistency model
fy, we can generate samples by sampling from the initial
distribution x7 ~ A/(0, T%I) and then evaluating the con-
sistency model for x, = fp(xp,T). Ideally, this involves
only one forward pass through the consistency model and
therefore generates samples in a single step.

3.2. Challenges in Video to 3D

Video diffusion models have shown impressive results and
great potential, especially in 3D reconstruction. However,
when generating videos in a static scene, undesirable varia-
tions often arise [79]—such as human motions, object inter-
actions, and environmental changes—that compromise the
3D consistency required for reliable reconstruction. Our
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Figure 2. Pipeline of VideoScene. Given input pair views, we first generate a coarse 3D representation with a rapid feed-forward 3DGS

model (i.e., MVSplat [

1), which enables accurate camera-trajectory-control rendering. The encoded rendering latent (“input”) and

encoded input pairs latent (“condition”) are combined as input to the consistency model. Subsequently, a forward diffusion operation is

pred

performed to add noise to the video. Then, the noised x;, 11 is sent to both the student and teacher model to predict videos x{" ““ of timestep
tn+1 and i(g of timestep ¢,,. Finally, the student model and DDPNet are updated independently through distillation loss and DDP loss.

goal is to ensure 3D consistency in generated videos with
high efficiency, producing an effective tool to bridge the
gap from video to 3D. In other words, we aim for outputs
that adhere to a 3D-consistent data distribution while ex-
cluding disruptive variations. A straightforward approach
to address this is fine-tuning the diffusion model on a dedi-
cated 3D dataset, forcing the model to align with a 3D con-
sistent distribution. This method has proven effective in var-
ious style transfer tasks, which similarly aim to preserve a
specific data distribution within a larger, more diverse set.
However, this method presents two main challenges. First,
fine-tuning does not enhance diffusion efficiency: achieving
high-quality video output still requires up to 50 denoising
steps, which is computationally costly and time-intensive.
Second, the generation process lacks controllability. The
model, though fine-tuned, follows a standard diffusion de-
noising procedure, starting from a random distribution and
gradually reaching the target data distribution via step-by-
step denoising. This stochastic process makes it difficult to
enforce a consistent camera trajectory and 3D coherence,
even when given image conditions.

To address these challenges, we introduce VideoScene,
a novel distillation technique for one-step, 3D-consistent
video generation. Our approach incorporates a 3D-aware
leap flow distillation strategy (Sec. 3.3) and a dynamic de-
noising policy network (Sec. 3.4) during both training and
inference to maximize 3D priors, enhancing both efficiency
and control.

3.3. 3D-Aware Leap Flow Distillation

In the consistency distillation training [39], a conventional
noise scheduler samples an initial ground truth x( from the

data distribution and applies noise to generate x; at a ran-
dom timestep ¢ using forward diffusion as follows:

x; = q(Xo, €,t) = ayxo +ore, V€ [0,T], (4)
where Gaussian noise € ~ N(0,I), a; and oy define the
signal-to-noise ratio (SNR) of the stochastic interpolant x;.
Standard SNR schedules ensure that x7 retains some low-
frequency information from xg, causing a mismatch with
inference, which starts from a fully noisy xp. This mis-
match leads to degradation during inference, especially with
fewer denoising steps. While some studies [20, 28] suggest
adjusting the noise schedule or applying backward distilla-
tion to maintain zero terminal SNR, we find these solutions
insufficient for efficient performance.

Observing that the initial denoising steps (where ¢ is near
T) are particularly challenging due to limited prior infor-
mation, we propose a 3D-aware leap flow distillation strat-
egy that aligns inference with training at an intermediate
timestep ¢,t € [0,7"], where T" < T. Specifically, dur-
ing distillation training, we first employ a fast, feedforward
sparse-view 3DGS [25] model, MVSplat [11], to generate
a coarse but 3D-consistent scene by matching and fusing
view information with the cross-view transformer and cost
volume. Then we render continuous frames from the coarse
scene as follows:

{IRender}Z_:l = g(S(Ifnput,Ci), O(Ci))v i = {07 1} (5)

where I1yput represents the pairwise input image, ¢’ is the
corresponding camera pose, S(-, -) is the sparse-view recon-
struction model, o(-) is the interpolation camera trajectory,
g(+,-) is a renderer given 3D representation and queried
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camera trajectory, and {/Render . is the rendered video.
Although the video shows visual artifacts and blurred re-
gions, it contains the scene’s 3D geometric structure in-
formation as rendered from a 3D representation. From
it, we encode the rendered video {IRender}/—; into latent
space and sample a xg, adding noise at a randomly selected
timestep ¢ according to Eq. 4, and training gradients are cal-
culated as follows:

Lp(6,67;®) = Eq. [d (fg(x;'m,tnﬂ),fg,(ﬁfn(x;'m),tn))} ,

(6)
where fcfn (x},,,) is estimated by the teacher model with
input x; _ following Eq. 3 and fed into the EMA student
model. To make it easier to understand, we refer to both the
student and EMA student as one “student video diffusion”
in Fig. 2. During inference, we also start from x{; and add
noise at a selected timestep ¢, and this selection follows a
policy network rather than a random approach. This will be
discussed in Sec 3.4.

In summary, our 3D-aware leap flow distillation mit-
igates discrepancies between training and inference by
avoiding reliance on ground-truth signals and bypassing in-
efficient early denoising steps near 1. This process accel-
erates overall denoising by effectively simulating training
during inference, enabling the student model to leverage
rich prior knowledge rather than starting from scratch.

3.4. Dynamic Denoising Policy Network

During inference, we begin from the initial rendered video
latents x{j, and progressively add noise at a chosen leap
timestep t. The choice of ¢ is context-dependent: when
the input video is of high quality, adding a small amount
of noise suffices to refine fine details while preserving over-
all structure. However, when input videos contain artifacts
such as structural distortions, blurring, or lighting inconsis-
tencies, a larger noise addition is necessary as a minimal
noise step could introduce an unsuitable prior, resulting in
degraded structure. Conversely, excessive noise risks over-
whelming the model’s prior, yielding outputs close to pure
noise and losing critical 3D information. Therefore, select-
ing an appropriate denoising timestep is essential for opti-
mal inference performance.

To better decide the noise level, we introduce a policy
network based on a contextual bandit algorithm [6, 12, 45,

]. This network acts as the agent and learns to dynam-
ically select the best timestep ¢ for denoising. We model
this ¢ selection as an independent decision process: given
an environment state (i.e., input video latent xg), the agent
(i.e., DDPNet with policy distribution 7y, (¢|x{; 1)) decides
an action (i.e., a noise step ¢ € [0, 7"]) and receive a reward
(i.e., loss Lassg). At each distillation training round, the
decision of ¢ is made randomly and applied to an input la-

tent x};. The sample data estimate x5"“?(¢) can be computed

as:
) T __ T" t
Xzo)Ted(t) _ Xy Ut€9(xt )7 (7
O
where €y(-,-) is the noise predictor of student diffusion
model. After denoising, the predicted video output x5
is compared to the ground truth sequence x, using MSE

loss:
Lyse = Stopgmd(nxgrw(t) —xol13)- (®)

The grad is stopped here as the MSE loss is only used to
update the policy network. We define the immediate re-
ward r(x(,t) = —Lsg, providing a direct optimization
target for the policy network. This reward signal encour-
ages timestep selections that yield minimal reconstruction
error. We achieve this through policy gradient optimiza-
tion [45, 59], which adjusts 9 to increase the likelihood of
timestep selections associated with higher rewards by min-
imizing L£ppp(¥):

Lppp() = Etmr, t)xg:0) [1(X0, )], )

It should be noted that during the training of the policy net-
work, data from the distillation training is exclusively uti-
lized by the policy network. To ensure stability in the dis-
tillation process, the policy network does not pass any gra-
dients to the student model.

4. Experiments

4.1. Experiment Setup

Implementation Details. To implement the proposed
VideoScene, we choose MVSplat [I1] as feed-forwad
3DGS model and a pretrained CogVideoX-5B-12V [75] (@
720 x 480 resolution) as the video diffusion backbone. The
pretrained CogVideoX costs more than 2 minutes with de-
fault 50 DDIM [54] steps. We first finetune the attention
layers of the video model with 900 steps on the learning rate
1 x 10~* for warm-up. Then we leverage the pre-trained
3D model with fixed parameters and conduct distillation
training for 20k iterations. Our video diffusion was trained
on 3D scene datasets RealEstate 10K [82] by sampling 49
frames with a batch size of 2. During training, only the
attention layers within the transformer blocks of the video
model are updated. The training is conducted on 8 NVIDIA
A100 (80G) GPUs in two days, using the AdamW [36] opti-
mizer with a learning rate of 3 x 10~°. The dynamic denois-
ing policy network (DDPNet) follows a CNN architecture,
with 4 layers of 2D convolution along with corresponding
normalization and activation layers. Since the policy net-
work has significantly fewer parameters than the video dif-
fusion model, it participates in full training only during the
first 4,000 steps to prevent overfitting. Notice that the infer-
ence time of our VideoScene only costs within 3s (render-
ings from 3DGS feed-forward model [1 1] cost ~ 0.5s and
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Table 1. Quantitative Comparison. We compare 1-, 4-, and 50-step versions of models. Not only does VideoScene outperform other
methods, but its 1-step results also remain closely comparable to the 50-step results, while other methods show a significant decrease.

Method #Steps FVD | Aesthetic Quality T Subject Consistency 1+  Background Consistency 1
50 424.68 0.4906 0.9305 0.9287
Stable Video Diffusion [4] 4 541.89 0.4040 0.8728 0.8952
1 1220.80 0.2981 0.7934 0.8817
50 458.27 0.5336 0.8898 0.9349
DynamiCrafter [73] 4 512.50 0.4899 0.8661 0.9098
1 846.85 0.3737 0.7474 0.8627
50 521.04 0.5368 0.9179 0.9460
CogVideoX-5B [75] 4 662.13 0.4486 0.8489 0.9168
1 753.02 0.3987 0.7842 0.8976
50 98.67 0.5570 0.9320 0.9407
VideoScene (Ours) 4 175.84 0.5357 0.9269 0.9431
1 103.42 0.5416 0.9259 0.9461

view geometry is two-view geometry, our goal is to use
video diffusion to generate new, 3D-consistent viewpoints
between the given two input views. To evaluate our ap-
proach, we compare it against several state-of-the-art open-
source video frame interpolation models: Stable Video Dif-
fusion [4], DynamiCrafter [73], and CogVideoX [75]. Sta-
ble Video Diffusion and DynamiCrafter employ a UNet-
based diffusion architecture, while CogVideoX utilizes a
diffusion transformer architecture. For quantitative eval-
uation, we assess the quality and temporal coherence of
synthesized videos by reporting the Fréchet Video Dis-
tance (FVD) [62]. Following the previous benchmark
VBench [23], we also evaluate the Aesthetic Score, Sub-
ject Consistency, and Background Consistency of generated
videos as our metrics. See supplementary for more details.

4.2. Comparison with Baselines

We compare our VideoScene framework against three base-
line models across different DDIM steps (1, 4, and 50) in
Tab. 1. Visual comparisons of our one-step results versus
the 50-step results of baselines are shown in Fig. 3. Our
VideoScene outperforms state-of-the-art models, even with
one-step denoising, achieving superior visual quality and
spatial consistency with the ground truth. More comparison
results are provided in the supplement material.

Cross-dataset generalization. Leveraging the strong gen-
erative capabilities of the video diffusion model with 3D
structure prior, VideoScene demonstrates a natural advan-
tage in generalizing to novel, out-of-distribution scenes
shown in Fig. 1. To validate this generalizability, we
conduct a cross-dataset evaluation. For a fair compari-
son, we train baseline models (DynamiCrafter [73] and
CogVideoX [75] included) on the same 3D dataset [82] and
directly test them on the ACID [30] dataset. As shown in
Tab. 2 and Fig. 4, while baselines improve 3D consistency

with 50-step inference after fine-tuning on 3D data, they fail
to achieve clarity with one-step inference. Remarkably, our
method not only achieves comparable performance to the
baselines’ 50-step results but also surpasses them in one-
step inference, highlighting its strong generalizability.

Input Views Ours CogVideoX CogVideoX (fine-tunc)

—doig

[US

1=daig

Input Views Ours DynamiCrafter DynamiCrafter (fine-tune)

0s=darg

doig

1

Figure 4. Qualitative results in cross-dataset generalization.
Models trained on the source dataset RealEstate10K are tested on
ACID dataset. Fine-tuned models improve in 3D consistency but
still fail with one-step.

Structure matching comparison. To further assess ge-
ometric consistency, we evaluate the camera geometry
alignment between frames in the generated videos fol-
lowing [27]. Specifically, we extract two frames at reg-
ular intervals from each generated video, creating pairs
of two-view images. For each pair, we apply a feature-
matching algorithm [44] to find corresponding points and
use RANSAC [13] with the fundamental matrix (epipolar
constraint) to filter out incorrect matches. Fig. 5 shows
that VideoScene achieves the highest number of correctly
matched points, confirming superior geometry consistency.
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Table 2. Quantitative results in cross-dataset generalization. Models trained on the source dataset RealEstate10K [
], without any fine-tuning.

unseen scenes from target datasets ACID [

] are tested on

Method 3D Training data ~ #Steps FVD]  Aesthetic Quality T  Subject Consistency T Background Consistency 1
DynamiCratier (73 / Ve oans 08136 0581
CopideoX- 13 / Vs s 08452 095
DynamiCrafter [73]  RealEstate10K [82] 510 599651807 828?2 gzzgg 82;41‘3
CoVideoX-5B 5] RealbsuelOK 121 % ey gaagd 08406 b9t
VideoScene (Ours) RealEstate10K [82] 510 & & % @

Input Views VideoScene (Ours)  Base rendercd video w/o 3D-aware lcap flow  wio DDPNet

ans

weusc

o

X03pIABOD)

smo

Figure 5. Matching results comparison. Green represents high-
quality matching results, while red represents discarded matching
results. More green high-quality matches indicate a higher level
of geometric consistency between the two views.

Table 3. Quantitative results of ablation study. We report the
quantitative metrics ablations in RealEstate10K.

Setup FVD|  Aesthetic Quality 7  Subject Consistency T Background Consistency
Base rendered video 171.38 0.4769 0.8794 0.9240
w/o 3D-aware leap flow ~ 543.53 0.4092 0.7842 0.9160
w/o DDPNet 106.28 0.4897 0.8850 0.9205
VideoScene (full model)  97.53 0.5306 0.9139 0.9440

4.3. Ablation Study and Analysis

We perform ablation studies to analyze the design choices
within the VideoScene framework (see Tab. 3 and Fig. 6).
The base rendered video represents the video generated di-
rectly from the 3D model. A naive combination of a 3D-
fine-tuned video diffusion model with standard distillation
acceleration methods [67] is referred to as “w/o 3D-aware
leap flow.” Additionally, we perform ablation on DDPNet.
Results indicate that while the rendered video from the 3D
model has suboptimal quality, it provides coarse consistent
information. Without 3D-aware leap flow distillation, gen-
erated frames suffer from inconsistencies, leading to blur
and artifacts. The inclusion of DDPNet further enhances
fine-grained details and corrects spatial distortions, demon-
strating its effectiveness in optimal denoising decisions.

] ]

L0 ]

Figure 6. Visual results of ablation study. We ablate the design
choices of 3D-aware leap flow distillation and dynamic denoising
policy network (DDPNet).

5. Conclusion

In this paper, we introduce VideoScene, a novel video gen-
eration framework that distills the video diffusion model to
generate 3D scenes in one step. The key to our method is
that we constrain the optimization with 3D prior and pro-
pose a 3D-aware leap flow distillation strategy to leap over
time-consuming redundant information. Moreover, we de-
sign a dynamic denoising policy network to adaptively de-
termine the optimal leap timestep during inference. Exten-
sive experiments demonstrate the superiority of VideoScene
in terms of efficiency and consistency in 3D structure, high-
lighting its potential as an efficient and effective tool to
bridge the gap from video to 3D.

Limitations and future work. Although VideoScene
demonstrates impressive 3D consistency and video quality,
its performance in terms of quality and speed remains lim-
ited by the capabilities of the underlying backbones as we
choose MVSplat [11] and CogVideoX [75]. Future work
will focus on modularizing VideoScene, making it adapt-
able to newer, state-of-the-art models as they emerge, which
could further improve both efficiency and output quality.
We envision VideoScene as a stepping stone toward a more
user-friendly video generation for 3D reconstruction.
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