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Abstract

High-quality video generation is crucial for many fields,
including the film industry and autonomous driving. How-
ever, generating videos with spatiotemporal consistencies
remains challenging. Current methods typically utilize at-
tention mechanisms or modify noise to achieve consistent
videos, neglecting global spatiotemporal information that
could help ensure spatial and temporal consistency during
video generation. In this paper, we propose the NoiseC-
ontroller, consisting of Multi-Level Noise Decomposition,
Multi-Frame Noise Collaboration, and Joint Denoising,
to enhance spatiotemporal consistencies in video genera-
tion. In multi-level noise decomposition, we first decom-
pose initial noises into scene-level foreground/background
noises, capturing distinct motion properties to model multi-
view foreground/background variations. Furthermore, each
scene-level noise is further decomposed into individual-
level shared and residual components. The shared noise
preserves consistency, while the residual component main-
tains diversity. In multi-frame noise collaboration, we in-
troduce an inter-view spatiotemporal collaboration matrix
and an intra-view impact collaboration matrix , which cap-
tures mutual cross-view effects and historical cross-frame
impacts to enhance video quality. The joint denoising
contains two parallel denoising U-Nets to remove each
scene-level noise, mutually enhancing video generation. We
evaluate our NoiseController on public datasets focusing
on video generation and downstream tasks, demonstrat-
ing its state-of-the-art performance. Code is available at
https://github.com/TJU-IDVLab/NoiseController

1. Introduction

Video generation has provided tremendous visual data with
realistic styles to train the computer vision models [8, 14,

1 Haotian Dong, Xin Wang, and Di Lin are co-first authors.
< Ruonan Liu is the corresponding author.

15, 20, 29, 39, 41]. Multi-view video generation shows
its unique challenges compared to other video generation
tasks due to the additional need for cross-view consistency,
which necessitates a more comprehensive understanding of
the surrounding environment.

High consistency, controllability, and diversity are cru-
cial for high-quality video generation. Achieving video
consistency involves establishing spatiotemporal corre-
spondences across multiple views while modeling inter-
actions between foreground objects and background en-
vironments. Controllability is the ability to generate ex-
pected content. Recently, cross-view attention [5, 13, 16,
34, 43, 48] and cross-frame attention mechanisms [11, 18,
31, 32, 34, 46] have been introduced in video diffusion mod-
els [1, 2, 26], making positive progress in generating diverse
and consistent visual content. However, they still struggle
to ensure accurate control and spatiotemporal consistency
in video generation, leaving these challenges unaddressed.

The initial noise sequences significantly affect the qual-
ity of the generated videos. Varying these sequences leads
to different videos, even using the same conditions. It in-
dicates that attention mechanisms used in existing models
lack an adequate constraint of the initial noise, leading to in-
consistent starting points for denoising. Recent works alle-
viate this problem via noise reinitialization strategies, such
as noise modification [ 10, 19, 24, 25] and single-level noise
decomposition [6, 22, 37, 47, 49]. Specifically, noise modi-
fication involves directly processing noises, such as editing
noise images and rescheduling noise sequences, to enhance
control over video generation. But directly modifying ex-
isting noise diminishes video diversity and brings artifacts,
ultimately reducing realism. Single-level noise decomposi-
tion mitigates this problem by separating noise into shared
and residual components. The shared noise can be selected
either from fixed reference frames or by referencing the pre-
vious frame. However, this method neglects global tempo-
ral information and multi-view foreground-background col-
laborations, limiting improvements in video quality (e.g.,
consistency, diversity, and controllability).
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In this paper, we propose NoiseController, a noise con-
trol framework equipped with Multi-Level Noise Decompo-
sition, Multi-Frame Noise Collaboration, and Joint Denois-
ing for consistent multi-view video generation. In Multi-
Level Noise Decomposition, we first decompose the ini-
tial noises into scene-level background/foreground noises,
capturing distinct motion properties to model multi-view
foreground/background variations. Then we use individual-
level decomposition to further decompose the scene-level
noise into shared/residual components, enhancing multi-
view video consistency and diversity. Our two-level de-
composition achieves accurate multi-view noise control, the
modeling of noise collaborations. In Multi-Frame Noise
Collaboration, we utilize inter-view and intra-view collab-
orations to capture mutual cross-view effects and histori-
cal cross-frame impacts, enhancing multi-view video qual-
ity. In Joint Denoising, we leverage two parallel denoising
U-Nets to separately remove background and foreground
noises. Notably, this design does not violate the diffu-
sion models principles. We follow recent diffusion-based
works [5, 11] whose predicted noise is tolerable to non-
standard normal distributions, to train denoising U-Nets.
NoiseController mimics the natural tendency of humans to
allocate varying levels of attention to background and fore-
ground elements when observing the world, enabling more
controllable, consistent, and diverse video generation.

Our NoiseController can generate multi-view spatial-
temporal consistent videos, leading to state-of-the-art re-
sults in video generation tasks. Subsequently, these gen-
erated videos can significantly enhance the performance of
downstream object detection and BEV segmentation.

2. Related Work

We mainly discuss the existing works that closely relate to
our method. We categorize these works into single-view
and multi-view video generation.

2.1. Consistent Video Generation

Single-view video generation approaches typically employ
cross-frame attention mechanisms [6, 11, 21, 22, 36, 47] or
modeling inter-frame motion [37, 44, 45, 49, 51] to address
temporal consistency. Zhou et al. [51] ensure subject con-
sistency through consistent self-attention within a batch of
images. Wu et al. [36] design intra-frame self-attention and
cross-frame attention between the current frame and both
the first and previous frames to ensure temporal consistency.
Luo et al. [49] model motion in frame sequences by manip-
ulating initial noise, using middle frame noise as the shared
component across all frames, with independent residual as
motion components to ensure background consistency.
Multi-view video generation [5, 13, 18, 30, 31, 33, 34,
38, 43, 48] faces more challenging consistency, as it re-
quires maintaining both intra-view and cross-view consis-

tency across frames. These works mainly ensure spatiotem-
poral consistency through two main methods: modeling
cross-view and cross-frame relationships, or introducing ad-
ditional conditions such as camera poses and motion trajec-
tories. Wen et al. [34] propose decomposed 4D attention,
using intra-view, cross-view, and cross-frame attention to
maintain spatial and temporal consistency. Gao et al. [5] in-
troduce various 3D geometric control conditions including
road BEV maps, object bounding boxes, and camera poses
to enhance spatiotemporal consistency. Huang et al. [9] es-
tablish an external subject bank through external vehicle
datasets to maintain foreground element consistency.
These works only consider local information when mod-
eling video spatiotemporal relationships, such as adjacent
views or frames. As information propagates along temporal
or spatial dimensions, critical details may be forgotten, re-
sulting in lacking global consistency. To address this chal-
lenge, our method models the cross-frame and cross-view
relationships globally across all views and frames, ensuring
global spatiotemporal consistency in the generated videos.

2.2. Noise Modification

Recently, many attempts [10, 19, 24, 25] have been con-
ducted to explore the connection between image generation
and initial noise, demonstrating that modifying the initial
noise can improve image generation performance. Specifi-
cally, Mao et al. [19] propose the fine-grained control with-
out altering the denoising process by adjusting the gen-
eration tendency of initial noise images, laying the foun-
dation for subsequent research. However, video gener-
ation faces more challenges due to the requisite consis-
tency in spatial and temporal dimensions. Therefore, some
works [12, 21, 33, 35] improve video consistency through
noise modification. Qiu et al. [21] reschedule a fixed set
of noise frames through local shuffling, maintaining long-
range correlations in noise sequences to ensure consistency
in long videos while also introducing randomness to bring
about content variations. Wen et al. [33] propose a multi-
view appearance noise prior, integrating the latent fea-
tures of the first frame from multiple views into subsequent
frames, further ensuring spatiotemporal consistency.

These methods mainly enhance the temporal consistency
of generated videos by controlling the overall noise. How-
ever, relying solely on such coarse-grained control through
noise modification leads to homogenized video content and
limits fine-grained controllability. In this paper, we pro-
pose a multi-level noise decomposition strategy, which en-
hances the frame-specific variations while ensuring consis-
tency, thereby improving controllability.

2.3. Noise Decomposition

To alleviate the issues of content homogenization and lim-
ited fine-grained control mentioned above, recent works [6,
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Figure 1. Overview of NoiseController. In (a) multi-level noise decomposition, we use a decomposer to decompose the initial noises into
scene-level background (B) and foreground (F') noises and individual-level noises by scaling with different coefficients, where each noise
consists of individual-level shared (S) and residual (R) components. In (b) multi-frame noise collaboration, we respect the inter-view and
intra-view collaboration matrices, yielding the shared components of scene-level noises for the following frames. The concatenation of
the collaborated noise which is composed of shared components and randomly sampled residual noises, and the outputs of (c) condition
control are fed into (d) joint denoising to predict 6-view noises at t'" denoising step.

22,37,47,49] introduce a noise decomposition mechanism.
This method breaks down complex noise into multiple sub-
components, mitigating the denoising difficulties and im-
proving video consistency. In detail, Luo et al. [49] propose
a noise decomposition mechanism consisting of shared and
residual noise with two jointly learned denoising networks
to tackle content redundancy and temporal correlation, en-
hancing video coherence. Ge et al. [6] directly extend the
i.i.d image noise to video noise prior, including mixed and
progressive noise models containing shared and residual
components to improve video generation performance via
modeling inter-frame correlations. Based on image noise
priors, Zhang et al. [47] treat noise prediction as temporal
residual learning, employing dual-path noise prediction to
improve video consistency. Wu et al. [37] explore differ-
ences in the frequency distribution of initial noise between
training and inference, enhancing the temporal consistency
primarily through low-frequency components in the denois-
ing process.

These methods commonly leverage single-level noise
decomposition to improve the quality of generated im-
ages or videos, neglecting the collaborations of cross-view
noises. We introduce the multi-level noise decomposition,
along with the inter-view spatiotemporal collaboration ma-
trix and intra-view impact collaboration matrix to model
scene-level and individual-level noise collaborations. It al-
lows to fully integrate information from all perspectives
across the entire time sequence, ensuring that the initial
noise possesses spatiotemporal consistency.

3. Method Overview

Multi-Level Noise Decomposition As illustrated in Fig-
ure 1(a), for the m!™ view at the n'* frame, where n €
{1,2,---, N} indicates the length of video frames, and

m € {1,2,...,6}' indicates view index within the same
frame, we propose a scene-level noise decomposition strat-
egy, decomposing the noise ¢, , into background noise
an@,n and foreground noise e,l‘;’n. We further introduce an
individual-level noise decomposition strategy, decomposing
scene-level background and foreground noises into shared
components e]?i,ﬁn and residual components e]?illffn, where
D = {B, F} (see Figure 2).

Multi-Frame Noise Collaboration As illustrated in Fig-
ure 1(b), we leverage the inter-view spatiotemporal col-
laboration matrix S = {S,, € R**6*¢|p = 1. N}
with a sliding window whose length is K to model the
global cross-view cross-frame foreground-background vari-
ations. We resort to the intra-view impact collaboration ma-
trix [ = {I, € R?*2*6|k = 1,..., K} to learn intra-view
collaborations between decomposed scene-level noises. We
utilize the collaboration matrices S and I to compute the
shared components eEﬁn 4 of GEM 11, which are then com-

bined with the residual components e%‘n 1 to form the col-
laborated noise (see Figure 3).

Joint Denoising As illustrated in Figure 1(d), we first ob-
tain the ground truth noises NP at the #* denoising step
by element-wise multiplying the scene-level binary masks
MP ¢ RHXWX3X6XN (with each element being 0 or 1)
and the collaborated noises e]? (see Figure 5). The latent
feature maps zo and the ground truth noises N? are then
combined to form the noised input. Two parallel denois-
ing U-Nets, U-Netg and U-Netp process this noised input
and predict noises €. These predictions are subsequently
masked with MP to produce the predicted masked noises
NP, which are finally combined to obtain the final predicted
noises e; at the ' denoising step.

16-view is a common setting in autonomous driving datasets.
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Figure 2. Detailed architecture of multi-level noise decomposi-
tion. We decompose the initial noise €, into scene-level masked
background noise Nm o and foreground noise Nm n» following
the distributions of A (0,I). We further decompose scene-level
masked noises N]Eﬂ,n into individual-level masked shared compo-
nents Nmriin and residual components N?,,Pjn.

4. Architecture of NoiseController

We introduce the detailed architectures of multi-level noise
decomposition and multi-frame noise collaboration, and
how to train our NoiseController in the following.

4.1. Noise Controller

Multi-Level Noise Decomposition As illustrated in Fig-
ure 2, we propose a multi-level noise decomposition strat-
egy to decompose the initial noise €, , into different noise
levels. To capture distinct motion properties for modeling
multi-view foreground/background variations, we first pro-
pose a scene-level noise decomposition strategy, decompos-
ing the initial noise €, ,, into scene-level background noise

B . and foreground noise €f, = for the m!" view noise at
the nth frame, formulated as:
B B F F
N = 6 @ Mm no N = @ Mm n»

1

To enhance consistency and diversity in multi-view videos,
we propose the individual-level decomposition, which fur-
ther decomposes the scene-level noise eEm into shared
components €25, and residual components eDR as:

D _ Ds Dgr

Em,n - 6m,,n + Em.,n (2)
The shared components of 6-view scene-level noises in
the first frame are randomly sampled, where eB "1 and

, follow the Gaussian distribution of A/(0, P +1I) and

N (0, /\Q—HI) respectively, helping to enhance the tempo-
ral consistency in the generated video frames. The resid-
ual components e%}n are independently sampled for frame-
specific variations, where each residual component fol-

lows a Gaussian distribution, i.e., g%, ~ N(0 T +1 I),

ebr, ~ N(0, zz5=1), enhancing the diversity of the gener-
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Figure 3. Detailed architecture of multi-frame noise collaboration.
We respect 6-view noises of preceding K frames to compute the
shared components 51]3;5,71 +1- The concatenation of the product of
6-view noises and inter-view spatiotemporal collaboration matrix
is multiplied by the intra-view impact collaboration matrix. We
sum the preceding K -frame collaborations to achieve shared com-
ponents of scene-level noises e?ﬁn 41> which are then combined

with sampled residual components e?jffn 11, yielding 6-view noises

at (n + 1) frame.
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Figure 4. The illustration of noise masking. We utilize scene-level
6-view masks to mask background/foreground noises.

ated videos. This multi-level noise decomposition achieves
accurate multi-view noise control.

Multi-Frame Noise Collaboration We propose the multi-
frame noise collaboration to capture mutual cross-view ef-
fects and historical cross-frame impacts to enhance con-
sistency in the initial noises. As illustrated in Figure 3,
we respect the sliding window whose length is K to en-
hance global cross-view temporal consistency during video
generation. We leverage the inter-view spatiotemporal col-
laboration matrix S to model global inter-view collabora-
tions of 6-view noises based on preceding K frames. The
intra-view impact collaboration matrix I aims to model the
local intra-view collaborations between each background
and foreground noise within the same view. We define
Tk € R?*2 as the k' intra-view impact collaboration
I, within the sliding window at the m*" view as follows:

0, = [IB’B IF’B}Tv Ink= [IBfa IF’ﬂTa
s s m, m, (3)

m,k > “m,k
Ik = [Igyk,f};;_’k] ,mel, .0,

B.,B . .
where Z " represents the noise collaborations between

scene-level noises within m!" view. To calculate the col-

laborative contribution €2 of €? to the 6-view noises €1
at the (n + 1)t" frame, where i = n — K + k represents the
it" frame within the whole temporal sequence, we formu-
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