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EquiVDM: Equivariant Video Diffusion Models
with Temporally Consistent Noise

Chao Liu, Arash Vahdat

Temporally consistent video-to-video generation is essential for applications of video diffusion models in areas
such as sim-to-real, style-transfer, video upsampling, etc. In this paper, we propose a video diffusion framework
that leverages temporally consistent noise to generate coherent video frames without specialized modules or
additional constraints. We show that the standard training objective of diffusion models, when applied with
temporally consistent noise, encourages the model to be equivariant to spatial transformations in input video
and noise. This enables our model to better follow motion patterns from the input video, producing aligned
motion and high-fidelity frames. Furthermore, we extend our approach to 3D-consistent video generation by
attaching noise as textures on 3D meshes, ensuring 3D consistency in sim-to-real applications. Experimental
results demonstrate that our method surpasses state-of-the-art baselines in motion alignment, 3D consistency,

and video quality while requiring only a few sampling steps in practice.

1. Introduction

Video-to-video generative models have a wide range
of applications, including sim-to-real, style transfer,
and video upsampling. Video diffusion models trained
in conditional settings have become the de facto ap-
proach for addressing these tasks [1, 2, 3, 4, 5, 6, 7].
However, following the original formulation of diffu-
sion models for images and videos [7, 8, 9, 10], these
models use independent Gaussian noise in their nois-
ing process. To achieve temporal consistency, they
often incorporate 3D convolutions [5, 11] or attention
layers [7] into diffusion-based frameworks to better
capture and propagate spatiotemporal information.
While these designs can improve temporal consistency,
they typically rely on extensive training on large-scale,
high-quality video datasets [4, 12] to effectively learn
to generate realistic frames with natural, coherent
motion patterns from independent noise.

An alternative line of work aims to generate tem-
porally consistent frames by directly sampling from
temporally correlated noise. This is particularly ap-
pealing for video-to-video applications where an input
video can be used to drive the coherent noise. In par-
ticular, [13, 14, 15] propose methods to warp noise
across frames while preserving its spatial Gaussian-
ity, then use a pretrained ¢mage diffusion model to
denoise the warped noise, thereby inducing consis-
tent transformations in the generated frames. How-
ever, as discussed by [14], standard image diffusion
networks are not intrinsically equivariant to noise-
warping transformations, due to their highly non-
linear layers. Consequently, these approaches need
sampling-time guidance or regularization strategies
to achieve approximate equivariance, which can intro-
duce additional hyperparameters and complexity into
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Figure 1 | A video diffusion model that is equivariant
to input spatial transformations generates videos with
the same spatial transformation when provided with
temporally consistent noise.

the generation pipeline.

These recent trends raise two questions: 1) Do we
need warped noise in the era of big video diffusion
models such as Sora, Cosmos, Wan, and CogVideoX
trained on massive video datasets? 2) What is the
role of equivariance in generating consistent videos?
To answer these, we study the role of warped noise in
training video diffusion diffusion. We show that the
equivariance to the spatial warping transformation of
the input is learned without modifying the training ob-
jective of conventional video diffusion models (VDMs)
by simply switching the noising process from indepen-
dent noise to warped noise. Unlike prior methods that
require specialized modules [16, 17, 18, 19, 20, 21, 22],
our approach introduces equivariance as an inherent
property of the VDM itself during training. Thus, the
temporal coherence comes at no extra cost in terms of
model complexity or runtime overhead, thereby pro-
viding a straightforward yet effective solution for high-
fidelity video generation. We name our video diffusion
models trained with consistent noise as EquiVDM.
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For video-to-video applications, we generate tem-
porally consistent noise using motion vectors ex-
tracted from a reference video or input video re-
spectively [13, 14]. Additionally, we propose a novel
approach to construct 3D-consistent noise for 3D-
consistent video generation. Speci cally, we attach

Gaussian noise as textures to 3D meshes and ren-

der the resulting noise images from various camera
viewpoints as input to the di usion model. We train
EquiVDM on 2D videos without any 3D information
using motion-based warped noise and we switched to
the 3D consistent noise at the inference time. We
demonstrate that EquiVDM leverages its equivari-
ance properties to align the generated video frames
faithfully according to the underlying 3D geometry
and camera poses, in applications such as sim-to-real
where a 3D mesh of the input scene is available.

We empirically demonstrate that EquiVDM ex-
cels at producing videos with better motion following
and higher visual quality compared to state-of-the-art
methods, even without additional modules or auxil-
iary loss terms. Notably, our base EquiVDM without
any explicit input video conditioning outperforms
specialized video-to-video models trained with inde-
pendent noise. Moreover, when EquiVDM is adapted
for video-to-video tasks, its performance improves
even further. Finally, we showcase that EquiVDM

2. Related works

Controllable video generation Controllable video
generation extends image-generation methods by
leveraging additional constraints to guide generation.
Prior works incorporate dense frame-wise signals such
as depth or edge maps by adding modules to text-to-
video backbones or by introducing temporal blocks
to capture motion [23, 16, 19, 20]. For user-de ned
sparse trajectories (e.g., drag-and-drop), researchers
encode these trajectories through auxiliary modules
or ow-completion strategies, then fuse them into
the di usion model's latent features [24, 25, 17, 21].
Some approaches re ne alignment with 2D Gaussian
or bounding-box constraints, bypassing the need for
an initial frame or applying sampling-time guidance
to precisely follow the speci ed motion [26, 27].

Taming noise for rendering and generation
Generating noise with speci ¢ properties such as inde-
pendence and temporal consistency is a crucial step
for di usion model based video generation, as well as
rendering in graphics. For example, 28] improve the
rendering e ciency and stability by introducing a spa-
tiotemporal noise generation pipeline for stochastic
rendering. [29] propose a fast coherent noise genera-
tion method for non-photorealistic rendering. [30, 31]
focus on 2D blue noise generation for more e cient

can generate coherent video sequences in very fewray-tracing based rendering pipeline. 2] extend the

sampling steps signi cantly reducing computation
time while maintaining high-quality outputs.

In summary, our contributions are: (i) We propose
EquivVDM, the video di usion model equivariant to
the warping transformation of the input noise, and
show that it can be trained with warped noise using
the vanilla video denoising loss, without any addi-
tional regularization. (ii) We propose to render 3D-
consistent noise from meshes attached with Gaussian
noise on the surface and generate 3D consistent video
using EquiVDM trained with 2D videos only. (iii) We
demonstrate that EquiVDM can generate videos with
better motion following and higher quality compared
to state-of-the-art methods. In particular, the base
EquiVDM even outperforms existing models that re-
quire additional modules to encode per-frame dense
conditions. Additinonal control modules using dense
frame conditions such as soft-edge further improves
our model. (iv) We showcase that EquiVDM with
warped noise can generate videos within very few sam-
pling steps without compromising the quality, opening
up a new perspective into accelerated sampling with
non-conventional noise distribution.

blue noise generation to the di usion model based
video generation given that the blue noise preserves
more high-frequency information than Gaussian noise.
[33] study the noise prior and introduce temporally
correlated noise in video di usion without any spatial
transformation. [34, 35] explore the residual noise
between frames for video generation with more tem-
poral consistency. In B6] the temporal correlation of
the noise for video generation is modeled directly to
improve temporal consistency.

Getting consistent Gaussian noise for image se-
guence and video generation using di usion models
has been getting more attention recently. L3] in-
troduce a warping-based Gaussian noise generation
method based on conditional upsampling for image
sequence generation. The warped noise theoretically
preserves Gaussianity for each frame while being tem-
porally consistent across frames. 15] improve the
e ciency of the warping-based method by operat-
ing directly in the continuous domain thus avoiding
the need for conditional upsampling. [L4] proposes a
consistent Gaussian noise generation method alterna-
tively based on Gaussian process.

In concurrent works, [37] and [38] utilize the tem-
poral consistent noise for 3D asset and video gener-
ation. More speci cally, [37] propose a method for
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text-to-3D generation by distilling from a pretrained
image di usion model using multi-view consistent
noise. 38] netune a pretrained video di usion model
using warped noise for motion control. In this work,
we focus on the video di usion models that are equiv-
ariant to the warping operation of the input noise
and show that the equivariance can be learned by
using the original loss without any modi cation or
new modules.

3. Preliminary

Video Diusion Model Considering the task of
generating a videoV = (V@ ;v@®; . v&)) where
V&) s the k-th frame of the video, given input condi-
tions c (text prompts, control frames, etc.), we train
a video di usion model D (V¢;c;t) to predict the
clean video framesV (%) from the noisy video frames
v = v + (0 where () is the Gaussian noise
added to the k-th frame (e.g., ) N (0;tl)). In
the following, we drop the input conditions ¢ and
di usion time t for brevity. The VDM is trained by
minimizing the per-frame denoising loss:

2
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which has the same minimizer as [39]:
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After training, a video can be generated by iteratively
denoising a randomly sampled Gaussian noise follow-
ing the sampling schedule. Please refer to5[ 4] for
more detalils.

Integral Noise Due to the temporal consistency of
video frames, the transformation of the image regions
visible to pairs of two frames in the video can be
modeled by a warping operation:

T I(p)=1 T Yp)

where | (p) is the source image,T is the warping

operation extracted from a driving video or derived

from given 3D mesh and camera trajectory, andT

I (p) is the warped image, usually computed through
interpolation for natural images. [13] show that the

interpolation-based warping operation breaks down
the Gaussianity of the noise and makes the input
noise spatially correlated. To tackle this issue, the
authors proposed the noise transport equation (NTE)
for warping the noise while keeping its Gaussianity
within each frame. In NTE, the warped noise value

T (p)is

(p) = ﬁé

Plaz2 b

T up (Ai)

where | is the set of pixels in the source noise cov-
ered by the deformed pixel after warping;j ,j is the
number of pixels in the covered area; 4, (A;) is the
stochastically upsamplednoise value of the the de-
formed i-th pixel. Please check 13] for additional
detail.

4. Method

In this section, we rst introduce EquiVDM, a video
di usion model equivariant to the warping transfor-
mations of the input noise. Then we describe how
EquiVDM can be used for 3D consistent video gen-
eration by attaching the Gaussian Noise to the 3D
mesh surface. Last, we will show how to better train
EquiVDM to account for the inconsistency in the
latent frames obtained from video encoders.

4.1. Video generation with temporally consis-
tency noise

Prior works [13, 14] have previously introduced meth-
ods for getting temporally consistent noise while pre-
serving its Gaussianity within each frame, making
it possible to generate images following the motion
patterns of the input warped noise. However, image
di usion models (IDMs) are not generally equivariant
to input noise warping due to the generic layers in
the network. This leads to inconsistency and even
abrupt changes like ickering in the generated images.
To tackle this issue, [L4] introduce a sampling-time
guidance to regularize generated pixel values using
the optical ow.

To avoid additional regularization or post-training
guidance during sampling, two approaches can be
applied: (1) modify the network architecture to make
it equivariant to input transformations; (2) learn the
equivariance from training data through speci ¢ loss
or training schemes. For the rst approach, switching
to equivariant layers needs heavy retraining. More-
over, building an equivariant di usion architecture
for even the simplest transformations (e.g. spatial
shift) is generally a challenging open problem. Thus,
we focus on the second approach since it does not
require any architecture changes, making it possible
to netune directly from a pretrained model.

Our key result, summarized in the following theo-
rem, is that the conventional denoising loss function
in Equation 1 is in fact training the VDM to be equiv-
ariant, as long as the input noise is also consistent.
This implies that we do not need to introduce any
special loss, hyperparameters, or regularization. We
can train VDMs simply with consistent noise to learn
equivariance from data.
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Theorem 4.1. Given the temporally consistent video
with K framesV = (V©@:v@®: v (K)) with cross-
frame warping transformation V(&) T« VO,

and the noisy videoV; with consistent added noise
N=(©@; @,  (K))related with the same warp-
ing transformation ) = T, ©  the minimizer of

the denoising loss in Equation 1, is a video di usion
modelD that is equivariant to the transformation Ty,

such thatD®(v) = T« DO (vy), with DM (vy)

being the k-th frame of the denoised video.

Proof. Recall, that minimizing Equation 1 with re-
spect to is equivalent to minimizing Equation 2.
Given the warping transformation T, from frame V (©
to V(| the expected value of the k-th frame of the
video can be written as:

Figure 2 j Render 3D consistent noise from meshes
attached with noise texture map. A Gaussian noise
texture is attached to the 3D mesh surface. 3D con-
sistent noise map for di erent camera views can be
computed by warping the uv texture map to the im-
age plane. The warping operation is de ned by the

EpvivolV®T = Epyiv [T VOT= Ty Ep(Vth)[V(O)];gD mesh, camera pose and intrinsics.

obtained from the linearity of the expectation and
warping operation respectively. Thus, we can rewrite
Equation 2 as:

h i

k
Eovyg DMV Tk Epvjvy VO (3

k

which is minimized whenD @ (V) = Epvivy VO

for the rst frame and D(k)(Vt) =T, DO (V) for
all subsequent frames. O

The theorem formally shows that the common de-
noising loss with warped noise trains VDMs to gen-
erate temporally consistent video frames that follow
the motion patterns of the input noise. This suggests
a simple recipe for training EquiVDM. We use the
standard denoising loss in Equation 1 where noise is
constructed by warping the noise from the rst frame
using motion vectors obtained from a driving video.

4.2. Video generation with 3D consistent noise

Theorem 4.1 can be used for 3D consistent video gen-
eration from 3D consistent noise. To this end, we
attach a Gaussian noise texture to the 3D mesh sur-
face. We rst render the Gaussian noise image given
the 3D mesh, camera pose and intrinsics. The warp-
ing transformation from the UV texture map to the
image planes can be determined by the rasterization
process. Then we use the Noise Transport Equation
to warp the Gaussian noise from the texture map
to the image planes to get 3D consistent noise maps
N = (TO;uv uv;Tl;uv uv ;TK;uv uv)r where
w IS the Gaussian noise texture map, andly.,, is
the warping transformation from the UV texture map
to the image plane for thek-th camera view, as shown
in Figure 2.

With VDMs trained with temporally consistent
noise, we can generate 3D consistent video frames
from the 3D consistent noise maps. Given that the
uv-to-image warping transformation is bijective and
intertible, we de ne the corresponding image-to-uv
warping asT,..1 . For a pair of close-by camera views,

k;uv *
their 3D consistent noise maps can be related by:
) = Ty w = Tkuy Tj;uvl 0) = T 0
where Tyj = Tgw Ty is the e ective warping

operation from the j-th image to the k-th image.
Here we assume that for close-by camera views, most
regions in one view are visible in the other. This as-
sumption is reasonable for video sequences with FPS
that is high enough compared to the camera motion.
Then based on Theorem 4.1, we can generate the
corresponding video frames related byFy = Ty; Fj,
which demonstrates the same 3D consistency as the
input noise maps. Note that although the pattern of
the uv-to-image warping Ty.,v IS quite di erent from
the frame-to-frame warping patterns in the training
video, the 3D consistency of the generated video can
still be preserved without ne-tuning, since the e ec-
tive image-to-image warping operationTy; is similar
to the ones in the training videos.

4.3. Independent noise addition

Although the theory suggests that training VDMs
with temporally consistent noise encourages them to
be equivariant to the spatial warping in the input, our
experiments show that they can struggle with gener-
ating high-quality videos in practice. We hypothesize
that several factors break the assumptions in warped
noise: (1) The errors in optical ow can result in
errors in warping transformation estimation. (2) Suc-
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Figure 3 j The values of three tracked points in the
video frames in the pixel, latent and noise videos.
The variantion in the latent video is much larger
than the one in the pixel and noise videos due to the
compression in the latent space.

cessive frames in natural videos do not have perfect
1-to-1 mappings as the camera movement can make
some pixels visible and some hidden. (3) The optical
ow is estimated in the pixel space while virtually all
VDMs are de ned in a latent space.

In Figure 3, we study the e ect of applying warp
noise to a latent encoding of a video. Here we show
the values of three tracked pixels in the video frames
in the RGB, latent, and corresponding noise spaces.
Although the values of the tracked pixels in the RGB
and noise space are by construction consistent across
frames, we observe a large variation in the latent space
(middle gure). This indicates that latent embeddings
of the tracked pixels have additional high-frequency
variations in the temporal direction that are not ac-
counted for when adding the constant warped noise.
However, di usion models require a forward process
that destroys all information in all frequencies such
that the generative model can learn to generate them
in the reverse process [40, 41].

In order to tackle this issue, we propose to add inde-
pendent noise to each frame along with the temporal
consistent ones during training. More speci cally, the
added noise becomes

p

+

1 2 (4)
where 2 [0; 1] is a hyperparameter controlling the
strength of the temporal consistent noise, jnq is the
independent noise. Another perspective on the added
independent noise is that it expands the manifold of
the noise, such that the expanded manifold can better
cover and destroy the latent encoding compared to the
one in the warped noise, which spans a much smaller
manifold space due to the temporal correlation. We
set to 0:9 in all the experiments unless speci ed
otherwise. This corresponds to a small amount of
added independent noise.

= warp ind »

5. Experiments

We evaluate our method on video generation task
with static scenes with only camera motion, as well

as more general in-the-wild scenes with both camera
motion and dynamic scenes. Then we validate the
performance of our method with 3D meshes attached
with Gaussian noise as textures. Finally, we provide

ablation studies to show the e ectiveness of each
component in our method.

5.1. Experiment Setup

Datasets and Metrics We curate our dataset for
training from the training set of RealEstate-10k [42],
OpenVideo-1M [43] and VidGen-1M [44] datasets.
The RealEstate10K dataset contains about80k videos
of static real estate scenes, while OpenVideo-1M and
VidGen-1M each contains around 1M in-the-wild
videos including both static and dynamic scenes. For
evaluation, we use the test set of RealEstate10K for
egomotion-only video generation, and Youtube-VIS
2021 p5] for in-the-wild video generation. We use
LLaVA-NeXT [ 4€] for video captioning for datasets
without captions. For e ciency, we extract the video
captions for every 10 frames assuming that the videos
are temporally consistent and the contents do not
change too much.We train and evaluate two models
separately for static and in-the-wild scenes in order to
test if the VDM can learn the equivariance to warping
transformations of di erent types and complexities.

In order to validate the performance of our method
on 3D consistent video generation given meshes with
Gaussian noise texture, we render the noise inputs for
the evaluation set of ScanNet++ [47] dataset using
the dense 3D mesh and the camera trajectory for
the IPhone modality for which both the dense cam-
era trajectory and the corresponding RGB images are
available, such that we can directly compare the gener-
ated videos with the ground truth. We perform mesh
pre-processing such that the texture mapping and the
noise rendering are more well-conditioned and robust
to the holes and sharp edges in the given meshes. We
use the model trained with in-the-wild videos for this
task and the following ablation experiments.

We use FID [48], FVD [49] to measure the quality
of the generated videos, and CLIP $0] score to mea-
sure the similarity between the generated videos and
the ground truth videos. To measure the temporal
consistency and the alignment of the motions between
the generate and ground truth videos, we rst extract
the dense optical ow from the frames in the ground
truth video, then use it to warp the generated videos
accordingly, and compute the PSNR and SSIM scores
between the warped and the target frames in the gen-




	Introduction
	Related works
	Preliminary
	Method
	Video generation with temporally consistency noise
	Video generation with 3D consistent noise
	Independent noise addition

	Experiments
	Experiment Setup
	Video Generation
	3D Consistent Video Generation
	Ablation Studies

	Conclusion
	Impact Statement

