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ABSTRACT

Video editing and generation methods often rely on pre-trained image-based dif-
fusion models. During the diffusion process, however, the reliance on rudimen-
tary noise sampling techniques that do not preserve correlations present in sub-
sequent frames of a video is detrimental to the quality of the results. This ei-
ther produces high-frequency flickering, or texture-sticking artifacts that are not
amenable to post-processing. With this in mind, we propose a novel method for
preserving temporal correlations in a sequence of noise samples. This approach
is materialized by a novel noise representation, dubbed

∫
-noise (integral noise),

that reinterprets individual noise samples as a continuously integrated noise field:
pixel values do not represent discrete values, but are rather the integral of an
underlying infinite-resolution noise over the pixel area. Additionally, we pro-
pose a carefully tailored transport method that uses

∫
-noise to accurately ad-

vect noise samples over a sequence of frames, maximizing the correlation be-
tween different frames while also preserving the noise properties. Our results
demonstrate that the proposed

∫
-noise can be used for a variety of tasks, such

as video restoration, surrogate rendering, and conditional video generation. See
https://warpyournoise.github.io for video results.

1 INTRODUCTION

Despite their notable ability to generate high-quality images (Rombach et al., 2022; Nichol et al.,
2022) from simple text inputs, diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020) have
been applied with limited success when it comes to video processing and generation. While it is
a common practice to build diffusion-based video pipelines upon pretrained text-to-image models
(Ceylan et al., 2023; Geyer et al., 2023; Yang et al., 2023; Khachatryan et al., 2023), these approaches
do not have a systematic way to preserve the natural correlations between subsequent frames from
a video. One contributing factor to this problem is the indiscriminate use of noise to corrupt data
during inference: all relevant motion information present in a video is lost in the diffusion process.
Employing a different set of noises for each frame within video sequences yields results that manifest
high-frequency hallucinations that are challenging to eliminate, and some approaches resort to fine-
tuning neural networks with temporal attention layers (Liew et al., 2023; Liu et al., 2023b; Shin
et al., 2023; Zhao et al., 2023; Wu et al., 2022).

Other than using random sets of noise at inference, it is also common to employ fixed noise as
a content-agnostic solution for artificially enforcing correlations. However, the problem of fixed
noise signals manifests as texture-sticking artifacts that are oblivious to post-process techniques.
Alternatively, one can also invert the set of noises that reconstruct a given image sequence under
a conditional prompt (Ceylan et al., 2023; Geyer et al., 2023). The limitation of such an approach
is that the set of inverted noises closely entangles the temporal information with the content of the
frames, making such methods not suitable for injecting the learned temporal correlation into arbi-
trary noise samples. Lastly, techniques such as feature warping (Ni et al., 2023; Yang et al., 2023),
or cross-frame attention (Ceylan et al., 2023; Geyer et al., 2023; Yang et al., 2023; Khachatryan
et al., 2023) can also alleviate temporal coherency issues to a certain extent. However, these ap-
proaches are limited because the features are not able to represent high frequencies patterns of the
fine resolution image. Given the importance of the role of the noise in inferring diffusion models,
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(a) Realistic render w/ SDEdit (b) Pose-to-person videos w/ PIDM

Figure 1: Our noise warping method lifts diffusion-based image editing methods like SDEdit (Meng
et al., 2022) and Person Image Diffusion Model (PIDM) (Bhunia et al., 2022) to the temporal do-
main. It avoids unnatural flickering and texture sticking artifacts (see colored squares) that com-
monly appears with standard noise priors.

it’s surprising how little research was devoted to exploring the impact of noise priors on temporal
coherency. Thus, we were motivated by the simple question: how can we create a noise prior that
preserves correlations present in an image sequence?

Our answer is to warp a noise signal, such that it generates a new noise sample that preserves the
correlations induced by motion vectors or optical flow. However, implementing such approach is
not so simple. The commonly employed Gaussian noise has special properties that are lost when
warped/transported with standard methods. Transport relies on the sub-sampling of a noise sig-
nal in an undeformed space. These sampling operations create important cross-correlations that
are detrimental to the preservation of the noise power spectral density and to the independence be-
tween pixels within a single sample. Our paper addresses the outlined limitations in transporting
noise fields with three novel contributions. The first one is to reinterpret individual noise samples
used in diffusion models as a continuously integrated noise field: pixel values do not represent
discrete values, but are rather the integral of an underlying infinite noise. We dub this new in-
terpretation of a discrete noise sample as

∫
-noise (integral noise). The second contribution is the

derivation of the noise transport equation, which allows accurate, distribution-preserving transport
of a continuously defined noise signal. Lastly, we design a carefully tailored transport algorithm
that discretizes the noise transport equation, maximizing the temporal correlation between samples
while also preserving its original properties. Our results demonstrate that our noise warping method
creates temporally-correlated noise fields, which can be used for a variety of tasks such as video
restoration and editing, surrogate rendering, and conditional video generation.
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2 METHOD

2.1 THE
∫

-NOISE REPRESENTATION

2

1

0

∞

A discrete 2D Gaussian noise of dimensionD�D is represented by the func-
tion G : (i; j) 2 f1; : : : ; Dg2 ! Xi;j that maps a pixel coordinate (i; j) to
a random variable Xi;j . Diffusion models employ this discrete formulation,
and random variables are assumed to be independently and identically dis-
tributed (i.i.d.) Gaussian samples Xi;j � N (0; 1). At the core of our work
is the reinterpretation of this discrete 2D Gaussian noise as the integral of an
underlying infinite noise field.

An infinite-resolution noise field is represented by a 2D white Gaussian noise
signal. To construct that, we start by endowing the domainE = [0; D]�[0; D]
with the usual Borel �-algebra E = B(E) and the standard Lebesgue measure
�. Then, the white Gaussian noise on the �-finite measure space (E; E ; �) is
defined as a function W : A 2 E ! W (A) � N (0; �(A)) that maps A —
a subset of the domain E — to a Gaussian-distributed variable, with variance
�(A) (Walsh, 2006). There are many valid ways to subdivide the domain
representing the continuous noise. The standard discrete setting partitions the domain E into D�D
regularly spaced non-overlapping square subsets. We denote this partition as A0 � E (level 0 in the
inset image). Another way of partitioning the domain is to further refine E into a higher resolution
set Ak � E (levels k = 1; 2; :::;1 in the inset image, where each k-th level below subdivides each
pixel in level 0 into Nk = 2k � 2k sub-pixels.) Due to the properties of white Gaussian noise,
integrating sub-pixels of the noise defined on Ak maintains the properties of noise defined on A0. If
we assume there is only one single pixel sample in the domain (D = 1) A0 = [0; 1] � [0; 1], with
Ak = fAk

1 ; : : : ; A
k
Nk
g representing the Nk sub-pixels at a finer resolution k, the following holds:

Nk∑
i=1

W (Ak
i ) = W (

Nk⋃
i=1

Ak
i ) = W (A0): (1)

The proposed
∫

-noise refers to the idea that instead of representing a noise value in a discrete point
of domain, we rather represent the white noise integral over a pre-specified area. This property is
represented in Equation (1) and a more thorough explanation is presented in Appendix B.1. Since
we assume that each pixel on the coarsest level A0 has unit area, the noise variance �k = �(Ak

i )
at each level is implicitly scaled by the sub-pixel area as �k = 1=Nk. While it is impossible to
sample the noise A1 in the infinite setting, we show in Section 2.2 that approximating it with a
higher-resolution grid is sufficient for a temporally coherent noise transport.

Conditional white noise sampling. In practice, after obtaining an a priori noise, e.g. from noise
inversion techniques in diffusion models, one important aspect is how to construct the

∫
-noise at

Ak from samples defined at A0. This is fundamentally a conditional probability question: given
the value of an entire pixel, what is the distribution of its sub-pixels values? Let W (Ak) =(
W (Ak

1); : : : ;W (Ak
Nk

)
)> � N (0; �kI) be the Nk-dimensional Gaussian random variable rep-

resenting sub-pixels of a single pixel. Then, the conditional distribution
(
W (Ak)jW (A0) = x

)
is

(
W (Ak)jW (A0) = x

)
� N

(
��; ��

)
; with �� =

x

Nk
u; �� =

1

Nk

(
INk
� 1

Nk
uu>

)
; (2)

where u = (1; : : : ; 1)>. By settingU =
p
Nk

��, the reparameterization trick gives us a simple way
to sample W (Ak) as

(W (Ak)jW (A0) = x) = ��+UZ =
x

Nk
u +

1p
Nk

(Z � hZiu); with Z � (0; I); (3)

where hZi is the mean of Z. Intuitively, in order to conditionally sample the white noise under a
pixel of value x at level k, one can 1) unconditionally sample a discrete Nk = 2k � 2k Gaussian
sample, 2) remove its mean from it, and 3) add the pixel value x (up to a scaling factor). The full
derivation of Equations (2) and (3) and the corresponding python code are included in Appendix B.
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(a) Discrete noise transport pipeline. (b)
R

-noise intuition in 1-D.

Figure 2: (a)The discrete noise transport equation pipeline.A subdivided pixel contour (top
right) is triangulated and traced backwards from frameT to frame0 (top left). Then the warped
triangulated shape is rasterized into a higher resolution approximation of the white noise (bottom).
The sub-pixel values are added together, and properly scaled by Equation (5). (b)1-D toy example.
A pixel slides between two existing pixels whose valuesx0, x1 are sampled from a Gaussian dis-
tribution. Bilinear interpolation creates a sample of lower variance (straight line), whereas

R
-noise

would create samples that follow a Brownian bridge betweenx0 andx1, maintaining a unit variance.

2.2 TEMPORALLY-CORRELATED DISTRIBUTION-PRESERVING NOISE TRANSPORT

In this section, we �rst introduce our proposednoise transport equation, which offers a theoretical
way of warping a continuously de�ned white noise while preserving its characteristics. Then, we
present our practical implementation and show that it still retains many theoretical guarantees from
the in�nite setting. Lastly, we provide a simple 1-D example to support the analysis of how the
proposed

R
-noise balances between satisfying seemingly opposite objectives such as preserving the

correlation imposed by interpolation and maintaining the original noise distribution.

White noise transport. We �rst assume that the noise is transported with a diffeomorphic defor-
mation �eld T : E ! E . This mapping could be represented by an optical �ow �eld between two
frames, or a deformation �eld for image editing. Our goal is to transport a continuous white noise
W with T in a distribution-preserving manner. The resulting noiseT (W ) can be expressed as an
Itô integral through ournoise transport equationfor any subsetA � E as

T (W )(A) =
Z

x 2 A

1

jrT (T � 1(x)) j
1
2

W (T � 1(x)) dx; (4)

wherejrT j is the determinant of the Jacobian ofT . Intuitively, Equation (4) warps a non-empty
set of the domain with the deformation �eldT � 1, fetching values from the original white noise at
the warped domain coordinates. The determinant of the Jacobian is necessary to rescale the samples
according to the amount of local stretching that the deformation induces, while also accounting for
the variance change required by the white noise de�nition. A detailed derivation of Equation (4)
can be found in the Appendix C.2. In practice, optical �ow maps can be non-diffeomorphic due to
discontinuities and disocclusions. Appendix C.4 explains our treatment of these cases.

Discrete Warping. The noise transport equation (Equation (4)) cannot be solved in practice due
the in�nite nature of the white noise. Thus, we �rst compute the higher-resolution discrete

R
-noise

W (Ak ), possibly from ana priori sample (Equation (3)). Since the pixel area can undergo a non-
linear warping deformation, we subdivide its contour intos smaller segments which are mapped
backwards via the reverse deformation �eld. The warped segments de�ne a polygonal shape that
is then triangulated and rasterized over the high-resolution domainAk . Lastly, the sub-pixels cov-
ered by the warped polygon are summed together and normalized, which yields the discrete noise
transport for the noise pixel at positionp

G(p) =
1

p
j
 p j

X

A k
i 2 
 p

Wk (Ak
i ) ; (5)
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Figure 3: We visualize the correlation between two4 � 4 noise samples with the warping being a
horizontal shift by� x = 3 :6 pixels. Our

R
-noise prior preserves the correlation between the two

noise samples as well as bilinear interpolation (left), while avoiding self-correlation between pixels
in the warped noise (right).

whereWk =
p

Nk � W is the white noise scaled to unit variance at levelk, and
 p � Ak contains
all subpixels at levelk that are covered by the warped pixel polygon, withj
 p j representing the
cardinality of the set. A detailed algorithm is outlined in Appendix C.4, and illustrated in Figure 2a.
Note that the discrete implementation will still preserve independence between neighboring pixels
in the warped result. This is because the warped polygons still form a partition of the space, so each
sub-pixel inAk will only belong to a single warped polygon. More details on the discretization of
Equation (4) into Equation (5) can be found in Appendix C.3.

Toy example in 1-D.We will demonstrate the properties of our
R

-noise sampling in a simpler one
dimensional setting. Consider a 1-D set ofi.i.d. random variables indexed byI = f 0; : : : ; ng
with values represented byf x0; x1; : : : ; xn g � N (0; 1), and a mapping function that translates the
discrete locations by a constantT � 1

1D (i ) = i � � , wherei 2 I and� 2 [0; 1]. Using a simple linear
interpolation to compute the transported valueszi yields

zi = �x i � 1 + (1 � � )x i ; zi � N (0; � 2
z ); with � 2

z = � 2 + (1 � � )2:
The equation above means that the variance ofzi is a quadratic function of� such that� 2

z = 1 for
� 2 f 0; 1g and� 2

z < 1 for � 2 (0; 1). This shows that the linear interpolation does not preserve the
original distribution of the input variables.

However, if we obtainx i � 1 andx i from the integral over an underlying high-resolution white noise,
the original distribution can be preserved. By employing the

R
-noise, the pixel's value that is sam-

pled betweenx i � 1 andx i is no longer deterministic. Figure 2b shows the value ofz for differ-
ent higher-resolution samples. Mathematically, the value ofz is now aBrownian bridgebetween
neighboringx values. In Appendix C.5, we show that the value ofz is a conditional probability
distribution given by

zi jx i ; x i � 1 � N (� 1 ; � 2
1 ); with

�
� 1 = �x i � 1 + (1 � � )x i

� 2
1 = 1 � (� 2 + (1 � � )2) = 1 � � 2

z
(6)

Thus, our continuous noise warping can be interpreted as performing a stochastic process centered
around the result of a linear interpolation. This stochastic component precisely compensates the
diminished variance induced by the linear interpolation, resulting in a unit variance for any� . This
is the intuition behind why our

R
-noise warping method is able to preserve the distribution of the

noise sample after warping.

Long-term temporal coherency. The method outlined by previous sections only explains how
to consistently warp a noise sample with a single deformation �eld. To apply this idea to a full
sequence of frames, there are two possible solutions. The �rst one is to warp the noise frame by
frame, such that the noiseGn of then-th frame is computed asGn = T(n � 1) ! n (Gn � 1). However,
the higher-resolution noises computed at each frame are no longer coherent with each other in this
case. A better solution is to use the accumulated deformation �eld to warp back to the �rst sample,
where the high resolution representation is always the same, i.e.,Gn = T0! n (G0). This produces
noises that are more coherent over long periods of time.

3 EXPERIMENTS AND RESULTS

3.1 VALIDATING
R

-NOISE PRIOR

Our proposed noise prior simultaneously achieves two seemingly competing objectives: maximizing
the correct correlation between the warped and the original sample, and maintaining the indepen-
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